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Abstract 
Cancer is a diverse set of diseases characterized by genetic and epigenetic 

alterations that permit growth across diverse environmental contexts. The last decade 

has led to an explosion of sequencing efforts to define the molecular drivers of 

proliferation across cancers. This effort has led to the development of small-molecule 

inhibitors that can block oncogenic drivers and the signaling pathways driving growth. 

These so called “targeted therapies” have led to better progression-free survival in 

patients. Despite this early success, it has become clear that with few exceptions, all 

patients treated with targeted therapies will ultimately relapse. Thus, there is an 

imminent need to define combination strategies that can be employed to suppress 

intrinsic or acquired resistance in cancer. Here, we combine functional screening 

approaches, both pharmacological and genetic, to define apoptosis-inducing precision 

cancer therapies. Specifically, we utilize a pharmacological screening approach to 

uncover that breast cancers rely on Mcl-1 and Bcl-XL for survival, and that we can 

leverage mTOR’s translational control over Mcl-1 to induce apoptosis in PIK3CA mutant 

breast cancers. Additionally, we utilize CRISPR-Cas9 loss-of-function screening to define 

the landscape of therapeutic cooperativity in KRAS -driven cancers across diverse tissue 

types. Further, we leverage this landscape to define principles to rationally design 

combination therapies to suppress resistance. Lastly, in an effort to define targeted 
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therapeutic strategies for cancers that lack traditional oncogenic drivers, we utilized a 

pharmacological screening approach to define vulnerabilities associated with 

dysregulated mitochondrial dynamics proteins in cancer. Collectively, our work has 

demonstrated the power of functional screening approaches to define apoptosis-

inducing anti-cancer precision therapies that combat intrinsic and acquired resistance.  
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1. Introduction  
1.1 Pharmacological targeting of cancers 

 Since the earliest days of medicine, clinicians have noted that cancer is a disease 

of uncontrolled cell growth (1). Unlike other ailments such as those of infectious disease, 

cancer paints a unique problem of being a disease that emerges from one’s own cells. 

This creates the challenge of identifying ways of targeting “non-self” rather than “self”. 

This fundamental question launched an entire field of scientific endeavor to try to 

understand why it is that cancers arise, how cancer cells differ from normal cellular 

physiology, and what are the best strategies for treating cancer. 

Currently, through the advent of genomics technologies, we now understand 

that cancer is a collection of complex diseases characterized by genetic and epigenetic 

alterations that cause disruption of normally balanced growth and survival processes (1–

5).  To date, there are four common and broad strategies for treating cancer: radiation, 

surgery, immunotherapy, and chemotherapy (6, 7). These strategies are employed as a 

multi-pronged approach with the ultimate goal of eliminating the cancerous cells 

without causing excessive harm to the normal tissues of the patient. The work described 

herein seeks to build on our understanding of pharmacological approaches to targeting 

diverse cancers. Through the use of functional screening approaches – both genetic and 

chemical – we seek to define apoptosis-inducing precision cancer therapies with the 

ultimate goal of rationally designing durable anti-cancer therapies. 
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1.1.1 General cytotoxic strategies 

Chemotherapy, the treatment of disease (especially cancer) with chemical 

(typically cytotoxic) agents, was a term first coined by Paul Ehrlich (6, 8). Prior to the 

1960s, hematological malignancies were the predominant cancers being treated with 

chemotherapy. This included the early use of nitrogen mustard as a treatment for 

lymphomas by Albert Gilman and Louis Goodman in 1943 (9). Following this were 

many advancements in the treatment of hematological malignancies with 

chemotherapy. Sidney Faber began experimenting with folic acid analogs that could 

block folic acid as a treatment for leukemias (10). This was a pivotal step in the treatment 

of cancer because it represented one of the first examples of a rationally designed 

therapeutic strategy. These anti-folate compounds went on to be the first compounds to 

ever cure a solid tumor, choriocarcinoma (11).  

Although short-lived due to drug resistance, the very idea that chemicals could 

cause remissions in cancer patients seemed at the time to be almost miraculous. It was 

later determined that these compounds were able to target tumors through their ability 

to disrupt DNA integrity (8). This led to a decade of exploration to design compounds 

that were DNA reactive. Soon after, alkylating agents, anti-metabolites, and 

corticosteroids became standard components of chemotherapy regiments – and patient 

outcomes consistently improved (6). By the late 1960s, clinicians began to experiment 

with chemotherapy as a treatment for solid tumors given the fact that it was clear that 

surgical intervention was not sufficient to rid the patient of micro-metastases (12). 
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Despite the early success of these agents in hematologic malignancies, the success was 

short-lived in solid tumors. It was becoming increasingly clear that solid tumors were 

more complex, heterogenous, and as such, would require more research on the 

molecular mechanisms governing tumorigenesis in order to rationally design 

therapeutic regimens (7).  

1.1.2 Targeted therapies 

 The advent of sequencing technologies paired with the desire to understand the 

molecular mechanisms governing neoplastic growth allowed scientists to set out on a 

decades long quest to sequence and credential tumors by their mutational drivers. 

Efforts such as The Cancer Genome Atlas (TCGA) resulted in the discovery of 

commonly mutated genes in cancer (13). For example, KRAS mutations were found to 

occur in nearly every pancreatic tumor sequenced, and PIK3CA mutations were found to 

occur in approximately 35% of all breast cancer patients (14, 15). The knowledge of 

molecular underpinnings that drive tumor cell growth offered for the first time an entry 

point for the design of highly specific small-molecule inhibitors against these targets. 

These so-called “targeted therapies” were the next wave of chemical strategies to target 

solid tumors and offered the promise of less toxicity because of increased specificity (16, 

17).  

 One of the first and most notable examples of a molecularly targeted therapy was 

the design of a small-molecule inhibitor, imatinib, which blocked the oncogenic protein 

Bcr-Abl in chronic myeloid leukemia (18, 19). In 2001, this compound became first line 
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therapy for this disease, and given its success, it launched an entire field of drug 

discovery. To date, there are now over 35 targeted therapies approved for clinical use in 

humans across cancers and these have led to better progression-free survival of patients 

(16).   

1.1.3 Emergence of resistance to anti-cancer therapies: intrinsic and 
acquired  

 Although the early success of imatinib in Bcr-Abl driven chronic myeloid 

leukemia was revolutionary, it is now well appreciated in the field that with few 

exceptions, resistance to targeted therapies is inevitable (20–22). In general, there are two 

types of resistance: intrinsic and acquired. Each can be driven by mechanisms that are 

either hard-wired (mutations, other genomic alterations) or reversible. Further, each can 

be either pre-existing or can arise in response to drug treatment (adaptive). In most 

cases, there are three major mechanisms by which cancers become resistant to 

molecularly targeted therapies: 1) mutation of the target, 2) pathway reactivation, and 3) 

by-pass mechanisms (23–25). 

 One of the classic examples for how cancers become resistant to targeted 

therapies is the emergence of a “gate-keeper” mutation, typically in the kinase domain 

of the target, which results in decreased ability of the small-molecule to bind and 

prevent signaling through the target (22). For example, it is known that in patients with 

CML treated with imatinib, one mechanism of resistance is a mutation in the T315 

residue of the kinase domain in Abl (19, 26). Another well-known example is the 

presence of a T790M mutation in EGFR-mutant non-small cell lung cancer (27, 28).  
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 Another way that cancers can emerge resistant to targeted therapies is through 

re-activation of the oncogenic signaling pathway. In BRAF mutant colorectal cancer it 

was shown that resistance to a B-raf inhibitor occurred through feedback activation of 

EGFR upstream of B-raf. This led to the rational design of a combination therapy 

blocking EGFR and B-raf simultaneously (29). Another classic example of pathway 

reactivation in downstream signaling is activation of KRAS in EGFR-mutant colorectal 

cancer treated with monoclonal antibodies against EGFR (30, 31).  

 Finally, bypass mechanisms represent a third category of resistance mechanisms. 

It has been shown that activation of the PI3K-Akt pathway is a primary resistance 

mechanism to B-raf inhibition (20). It has also been shown that MET amplification is a 

common resistance mechanism to EGFR-blockade in non-small cell lung cancers (32). 

Given that resistance is a pervasive problem, there is an imperative in the field to define 

durable anti-cancer therapies that can suppress the emergence of resistance or target 

resistant states once they emerge. 

1.1.4 Cancers that lack traditional oncogenic drivers 

 The sequencing efforts of the last decade led to many insights about driver 

oncogenes and tumor suppressor genes that are important for the development of 

cancer. However, this was not the only information that was gleaned from these efforts. 

It became clear that there exist cancers and subsets of cancers that do not appear to have 

any mutated oncogenic drivers (13). For example, high-grade serous ovarian carcinoma 

is one such disease that lacks traditional oncogenic drivers (33). Additionally, many 
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pediatric solid tumors are genetically barren, affording little in the way of clear 

molecular targets for rational drug design (34). Further, some tumor subtypes do not 

seem to harbor any traditional oncogenic drivers. For example, breast cancers are 

comprised of several major subtypes, one of which is the triple negative subtype (35, 36). 

This subtype of breast cancer is defined as breast cancers that lack hormone receptor 

positivity as well as lack HER2. In the case of triple negative breast cancers, there is no 

clear molecular event to target with a small-molecule or antibody-based therapy (15, 37).  

 Given that these cancers lack traditional oncogenic drivers, there is a need to 

define ways of targeting them with some level of specificity. Such an approach would 

need to define biological features of these tumors that differ from normal tissues and yet 

are not genetically encoded in an oncogene. This presents a challenge because this type 

of exploration cannot be solved with routine sequencing efforts. Herein we describe a 

pharmacological screening approach that we use to define therapeutic opportunities that 

result as a function of dysregulated mitochondrial dynamics in cancer.  

1.2 Functional screening approaches to define durable anti-
cancer therapies 

 Given that resistance to molecular targeted therapies is virtually inevitable, 

paired with the fact that resistance is complex and can emerge through a variety of 

mechanisms, it is clear that the path forward needs to include functional credentialing of 

resistance mechanisms. Recent years have led to an increase in functional genomics 

approaches to define resistance mechanisms and ultimately overcome them. However, 



7 

in many settings, the key resistance mechanisms remain unknown (20). Further, 

therapeutic interventions to overcome known resistance mechanisms are still lacking. 

Herein we describe work that utilizes two primary methods of functional screening: 

pharmacological and genetic.  

1.2.1 Pharmacological screening 

Traditionally, high-throughput pharmacological screening has been employed to 

define chemical leads that serve as starting points for therapeutic development (38–40). 

Although important, the work described herein does not use pharmacological screening 

approaches for drug development. Instead, we use pharmacological screening to define 

compounds that produce a cell-based phenotype of interest-i.e. apoptosis (cell death). 

The primary reason for this type of screening is that by assaying cells for compounds 

that induce cell death, we can be reasonably confident that our phenotype will translate 

to animal and preclinical models on an accelerated pace (38, 40). Further, we are 

primarily interested in defining therapeutic strategies that prevent resistance or target 

the resistant state, rather than focusing our efforts on small molecule development.  

There have been several large-scale efforts to phenotypically profile cancer cell 

lines against many compounds including the Cancer Cell Line Encyclopedia (CCLE), the 

NCI-60, and the Genomics of Drug Sensitivity (GDS) (41–43). These efforts have proved 

incredibly fruitful, defining many contexts where single agent activity is robust—HDAC 

inhibitors in T-cell lymphoma, proteasome inhibitors in multiple myeloma, and 

docetaxel in numerous cancers such as breast and head and neck cancers. However, in 
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many cases, single agent strategies will not be enough to target the complex resistance 

mechanisms that exist in cancer (20, 24, 44, 45). Thus, focused efforts to use 

pharmacological screening to define combination therapies is likely the best strategy 

moving forward. Herein, we describe two contexts wherein use of phenotypic 

pharmacological screening led to the design and implementation of rational 

combination therapies.  

1.2.2 Genetic screening 

The development of pooled screening approaches has massively aided our 

ability to functionally perturb the genome and transcriptome of cancer cells, allowing us 

to credential targets important for growth and survival (46, 47). The earliest pooled 

screening approaches were made possible through RNA interference (RNAi) and were 

revolutionary with respect to biological discovery. However, there are two key 

limitations to this approach to genetic screening: 1) RNAi often results in incomplete 

knockdown of the target protein, lending these screening approaches susceptible to 

false-negatives, and 2) RNAi is well-known to have many off-target effects, lending 

these screens susceptible to false-positives (48, 49). These limitations can be mitigated by 

validation of knock-down constructs, increasing the number of constructs per gene, or 

through computational methods. However, these approaches increase the time and cost 

of conducting such screens (50, 51).  

The emergence of an alternative CRISPR (clustered regularly interspaced 

palindromic repeat) based pooled screening methodology offers promise of performing 
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pooled screening while avoiding the pitfalls of RNAi screening (3, 52). For example, 

CRISPR technology has been shown to produce complete knock-out of protein 

expression with fewer off-target effects than RNAi (48, 53). Loss-of-function CRISPR 

knockout screens have identified genes driving cancer cell growth in leukemia cell lines 

with pooled libraries of up to 73,000 unique sgRNAs (54). In addition, other groups have 

conducted genome-wide CRISPR screens to look for drivers of metastasis in vivo (55). 

The other advantage of CRISPR based screening is that these screening methods are 

incredibly versatile. For example, screens can be conducted with wild-type Cas9 to 

produce protein knock-out (26, 54, 56). In addition, Cas9 can be fused to transcriptional 

activators or repressors allowing for changes to endogenous protein expression (57–59).  

Herein, we describe a scalable wild-type CRISPR library targeting druggable 

nodes of cellular survival pathways which can be screened rapidly across many cell 

lines and tissue types in the presence or absence of small-molecules. This screening 

approach allows us to reliably and quickly define potential combination strategies for 

targeting cancer.  

1.3 Apoptosis regulation in cancer 

Apoptosis, or programmed cell death, is a cellular process that results in the 

clearance of cells that are damaged, aged, mutated, or otherwise lacking integrity in 

such a way as to pose a threat to the organism if not removed (60, 61). It is governed by a 

complex set of signaling cascades and is tightly regulated in normal physiology. 

However, this process is often dysregulated in cancer, as many cancers have found ways 
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to alter their cellular physiology while avoiding apoptosis (60, 62). In fact, this is a key 

hallmark of cancer described by Hanahan and Weinberg (1). The tendency of cancers to 

avoid apoptosis paired with the fact that many therapeutic strategies aim to induce 

apoptosis resulted in the development of drugs that perturb this process for therapeutic 

gain. For example, BH3 mimetics, which inhibit anti-apoptotic BCL-2 proteins; TRAIL 

agonists; and SMAC mimetics, which inhibit inhibitor of apoptosis proteins (IAPs) have 

been employed in combination strategies with traditional molecular targeted therapies 

(63–65). However, there exists an imperative to define the best and most durable 

combination therapies that include these apoptosis targeting agents.  

1.3.1 Extrinsic apoptosis 

Apoptosis consists of two major arms that are molecularly linked, extrinsic and 

intrinsic apoptosis. Extrinsic, or cytoplasmic, apoptosis is triggered through engagement 

of a TNF receptor superfamily member, Fas (66, 67). After engagement, there is 

activation of the initiator caspases -8 and -10. This will ultimately result in the activation 

of downstream executioner caspases. This pathway of apoptosis is important for 

immune surveillance, thus many cancer downregulate this process to avoid clearance by 

the immune system (60). This pathway is molecularly linked to intrinsic apoptosis 

through cleavage of Bid. Activation of caspase-8 can lead to Bid cleavage, which can 

then lead to release of cytochrome c (66). Although an important arm of apoptosis, many 

recently developed and promising drugs have focused on targeting intrinsic apoptosis. 

Thus, herein we describe approaches to target mitochondrial apoptosis in cancer.  
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1.3.2 Intrinsic apoptosis 

The second apoptosis pathway is intrinsic, or mitochondrial, apoptosis. When 

engaged, this pathway leads to the release of cytochrome c from the mitochondrial inner 

membrane space into the cytosol (60, 62). Both extrinsic and intrinsic apoptosis converge 

on activation of a cleaved caspase cascade that ultimately results in cell death. One 

important regulator of intrinsic apoptosis is the Bcl-2 family of apoptosis proteins (67, 

68). This family includes pro-apoptotic members such as Bax, Bak, Bim, Bid, Bad, Hrk, 

and Noxa. It also includes anti-apoptotic members such as Mcl-1, Bcl-2, Bcl-XL, Bfl-1, and 

Bcl-w. It is the balance between expression of these pro- and anti-apoptotic proteins that 

govern release of cytochrome c (69). Once released, cytochrome c interacts with Apaf-1 

and Caspase-9 to form the apoptosome. This then allows for activation of Caspase-9 and 

subsequent activation of downstream executioner caspases. IAPs play a role in 

mitochondrial apoptosis downstream of cytochrome c release (65, 70). They are 

responsible for directly counteracting the pro-apoptotic effects of cleaved caspases.  

Two major classes of drugs have been developed in recent years: 1) BH3 

mimetics which mimic the activity of BH3 proteins like Bim, Bid, Hrk, Bad, and Noxa, 

and 2) SMAC mimetics, which are able to block IAPs (64, 65, 71–73). These drugs have 

been met with diminished excitement in the clinic as single agents, thus necessitating the 

development of combination strategies that include these drugs alongside other 

compounds that can sensitize cancers to these compounds (25, 74). Herein, we describe 

pharmacological and genetic screening approaches to define combination strategies that 
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employ these agents (BH3 mimetics and SMAC mimetics) alongside molecular targeted 

therapies.  

In the remaining chapters of this dissertation, I describe the implementation of 

the concepts described above (functional screening, both genetic and chemical) to create 

combination apoptosis-inducing anticancer therapeutic strategies. Specifically, in 

Chapter 2, I describe the use of pharmacological screening to identify targetable lineage 

specific feature of breast cancers. In Chapter 3, I describe the development and 

implementation of a scalable CRISPR-based screening approach to define the druggable 

landscape of sensitizers to MAPK pathway inhibition in KRAS-driven cancers. In 

Chapter 4, I describe a chemical screening approach to define drug vulnerabilities 

associated with mitochondrial dynamics states: either fusion or fission states. Finally, in 

Chapter 5, I conclude by summarize my dissertation work leading into my thoughts on 

future considerations.  

2. Candidate-based pharmacological screening: 
Overcoming intrinsic resistance to PI3K pathway 
inhibition in PIK3CA mutant breast cancer 
Portions of the work described in this chapter are reprinted with permission from (25). 

2.1 Introduction 

2.1.1 PIK3CA mutant breast cancers and PI3K pathway inhibitors 

Breast cancer is the most common malignancy and the second leading cause of 

cancer deaths in U.S. women (75). Breast cancer can be clinically classified into three 

major subtypes: (1) Hormone (estrogen or progesterone) receptor-positive (ER+/PR+), (2) 
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human epidermal growth factor receptor 2-amplified (HER2+), and (3) triple negative 

(TNBC) which lacks expression of the receptors ER, PR, and HER2. In addition, PIK3CA 

and BRCA-mutant breast cancers are intermixed within these groups (75–77). 

Classifying breast cancer into genetically distinct groups makes molecular targeted 

therapeutic approaches an attractive option as they aim to exploit molecularly-defined 

susceptibilities in tumors. For instance, a tumor is considered ER+ if its cells express 

receptors for estrogen and are dependent on the presence of estrogen hormone (77). The 

ER is predominantly localized in the nucleus and acts as a ligand-dependent 

transcription factor, which can directly bind to estrogen response elements (ERE) or 

interact with coactivators at the promoters of target genes (78, 79). About 75% of all 

breast cancers are classified as ER+ and are sensitive to selective estrogen receptor 

modulators (SERMs) such as tamoxifen and selective estrogen receptor downregulators 

(SERDs) such as fulvestrant. Both tamoxifen and fulvestrant competitively inhibit 

binding of estrogen to the ER (80, 81). Likewise, HER2+ breast tumors respond to HER2 

inhibitors such as Lapatinib (75, 82). Overexpression of HER2 is seen in about 20-30% of 

breast cancers and is associated with a more aggressive cancer phenotype and higher 

recurrence rate. HER2, also known as ERBB2, is a transmembrane receptor protein part 

of the epidermal growth factor (EGF) receptor tyrosine kinase (RTK) family. It can 

undergo ligand independent heterodimerization with other EGF-family receptors and 

overexpression of HER2 leads to its increased activation. Lapatinib is a small molecule 

inhibitor that targets both epidermal growth factor receptor (EGFR) and HER2 by 
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binding to the intracellular domain and blocking kinase activity (83). Inhibition of HER2 

receptor phosphorylation by Lapatinib abrogates growth signaling by the MAPK-Erk1/2 

and PI3K/AKT pathways in HER2+ cell lines, xenografts, and HER2+ breast cancer 

patients (84, 85). Finally, about 25% of breast cancer patients harbor somatic mutations 

in the gene encoding for the phosphatidylinositol 3-kinase (PI3K) catalytic subunit, 

PIK3CA. The class IA PI3K is a heterodimeric lipid kinase that signals through effectors 

AKT and mTOR to regulate cellular growth, transformation, adhesion, apoptosis, 

survival, and motility (75, 86). PIK3CA-mutant cancers are variably sensitive to 

inhibitors of the PI3K signaling pathway such as BEZ-235, which inhibits both PI3K and 

its downstream node mTOR (86, 87). While molecularly-targeted therapies such as these 

have shown promising responses in patients, the effectiveness and durability of current 

cancer therapies is severely limited due to the inevitability of chemoresistance (88, 89). 

2.1.2 BH3 mimetics to target mitochondrial apoptosis 

Cell-intrinsic apoptosis is a tightly regulated process that is controlled by the 

balance of pro- and anti-apoptotic proteins in the mitochondria (90). There has been a 

focused effort in the last decade to develop small molecule inhibitors of the BCL-2 

family proteins (such as BCL-XL, BCL-2, and MCL-1) – the key anti-apoptotic proteins in 

the mitochondria – based on the observation that some cancer cells may be particularly 

“primed” for apoptosis relative to non-malignant cells (90, 91). BH3 mimetics, drugs that 

specifically bind and inhibit BCL2 anti-apoptotic proteins, are currently being explored 

as single agent therapies for the treatment of hematologic malignancies. The observation 
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that these cancers are particularly sensitive to the inhibition of specific BCL-2 family 

proteins supports this approach, and clinical trials in several indications have yielded 

substantial response rates in patients with relapsed or refractory disease (70, 72, 92–94). 

Conversely, studies in various model systems suggest that the single agent efficacy of 

BH3 mimetics in solid tumors, including breast cancers, is poor (70, 74, 90).  Thus, solid 

tumors may require combinatorial treatments that include BH3 mimetics together with 

agents that specifically sensitize cancer cells to their activity by shifting the balance of 

pro- versus anti-apoptotic signals (“priming” the cells), creating synthetic dependencies 

on specific BCL-2 family members.  

Here, we describe the development of a combinatorial small-molecule screening 

approach to identify treatments that sensitize solid tumors cells to BH3 mimetics, the 

application of which revealed a pharmacological strategy to target apoptosis in PIK3CA 

mutant breast cancers. Definition of the mechanisms underlying the efficacy of this drug 

combination revealed a tumor lineage–encoded dual dependency on BCL-XL and MCL- 

1 that can be exploited to drive selective apoptosis induction in breast cancers from 

diverse molecular subtypes and genetic backgrounds as well as sensitize tumors to 

standard-of-care chemotherapies. 

2.2 Results 

2.2.1 Targeted therapies sensitize solid tumors to BH3 mimetics in a 
context-specific manner 

We first evaluated the effectiveness of BH3 mimetics as single agents in tumor 

cells derived from a broad spectrum of tissue types. Using a dual BCL-2/BCL-XL 
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inhibitor, ABT737, we tested 43 cancer cell lines representing ten different cancer types 

(Fig. 1A). Although most cell lines derived from solid tumors were insensitive to 

ABT737 (growth inhibition 50% (GI50) > 1 µM), a reference pair of acute myeloid 

leukemia (AML) cell lines previously reported to be sensitive to BCL-2 inhibition (HL60 

and MOLM13) were sensitive to this drug (GI50 < 1 µM) (95). A sensitivity threshold of 1 

µM was defined based on evidence that complete BCL-2/BCL-XL inhibition is achieved 

at this dose (96). To assess the potential utility of BH3 mimetics as single agents more 

broadly, we compiled the data from Cancer Cell Line Encyclopedia (CCLE) and noted in 

a panel of 660 cell lines that those sensitive to ABT263, a related dual BCL-2/BCL-XL 

inhibitor, were enriched for blood cancers whereas cells derived from solid tumors were 
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typically insensitive (Fig. 1B). Thus, our studies and those of others confirmed the lack of 

efficacy of BH3 mimetics as single agents in cellular models of diverse solid tumors. 

 

Figure 1: Inhibition of the MAPK and PI3K pathways can sensitize solid 
tumors to BH3 mimetics in certain tissues. A,B Solid tumors are insensitive to single 

agent BH3 mimetics; dashed line indicates a sensitivity threshold of 1 µM that was 
defined based on evidence that complete BCL-2/BCL-XL inhibition is achieved at this 

dose (20). A, Short-term (3 day) growth inhibition (GI50) assay testing 43 cancer cell lines 
from 10 different tissue types using a dual BCL-2/BCL-XL inhibitor, ABT737. B, Cancer 
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Cell Line Encyclopedia (CCLE) data of 660 cancer cell lines treated in a GI50 assay with a 
dual BCL-2/BCL-XL inhibitor, ABT263. Black bars represent solid tumor lines and red 
bars represent blood cancers. C, Synergy score between ABT737 and VX-11e, an ERK 

inhibitor, in the cell line panel from part A.  Synergy score is defined as the ratio of the 
ABT737 GI50 value in the absence of VX-11e to the same value in the presence of VX-
11e. Additive effects result in a synergy score of zero, whereas synergistic effects and 
antagonistic effects yield scores greater than or less than zero, respectively. The GI50 

graph to the right features the top scoring cell line (WiDR) treated with ABT737 in the 
presence or absence of VX-11e. D, Synergy score between ABT737 and BEZ235, a 

PI3K/mTOR inhibitor, in the cell line panel from part A. The GI50 graph to the right 
features the top scoring cell line (MDA-MB-453) treated with ABT737 in the presence or 

absence of BEZ235.  For experiments in all panels (except B), data are n= 3. 

Next, we sought to identify drugs that sensitize solid tumor cells to BH3 

mimetics by altering their apoptotic priming states. Specifically, we focused on 

inhibitors of the phosphoinositide 3-kinase (PI3K)/mammalian target of rapamycin 

(mTOR) and mitogen-activated protein kinase (MAPK) pathways for three reasons: 1) 

These pathways are frequently deregulated in solid tumors. 2) These pathways can be 

selectively targeted pharmacologically. 3) These pathways have the potential to directly 

regulate apoptotic priming through their inhibitory effects on the pro-apoptotic proteins 

as well as their activating effects on the BCL-2 family anti-apoptotic proteins (60).  A 

panel of cell lines derived from solid tumors were treated with ABT737 in combination 

with a dual PI3K/mTOR inhibitor, BEZ235, or an ERK inhibitor, VX-11e, to identify 

potentially useful drug combinations (Fig. 1C,D). Although most cell lines could not be 

sensitized to ABT737 through PI3K or MAPK pathway inhibition (with on-target 

inhibition confirmed via immunoblotting), four of the five lines most sensitized by ERK 

inhibition were derived from colorectal cancers (CRC) and three of the five lines most 

sensitized by PI3K/mTOR inhibition were derived from breast cancers (Fig. 1C,D). Of 
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note, the effects of ABT737 were antagonized by ERK or PI3K/mTOR inhibitors in a 

subset of cell lines, potentially owing to shared effects on downstream targets (60). 

To assess the relative importance BCL-2 and BCL-XL in the CRC cell lines, we 

treated these lines (COLO205, WiDr, CRC119, and CRC240) with a selective BCL-2 

inhibitor, ABT199, or a selective BCL-XL inhibitor, WEHI-539, in the presence of DMSO 

control or VX-11e.  ERK inhibition sensitized these lines to BCL-XL inhibition but not 

BCL-2 inhibition (Fig. 2A,B).  Each of these lines harbored a KRAS or BRAF activating 

mutation, in agreement with a recent report that used a pooled shRNA screening 

approach to identify synergy between MEK and BCL-XL inhibition in KRAS mutant 

cancers (46).  Using a similar approach, we assessed the effects of BCL-2 and BCL-XL 

inhibition in the presence of BEZ235 in the subset of sensitized breast cancer lines, 

revealing that sensitization in this context is also dependent only on the inhibition of 

BCL-XL (Fig. 2C,D). 
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Figure 2: BCL-XL is the relevant target of ABT737 in colorectal cancer (CRC) 
and breast cancer (BC). A,B The contributions of BCL-2 and BCL-XL to efficacy in CRC 

cells. A, GI50 value of a selective BCL-2 inhibitor, ABT199, in four CRC cell lines treated 
with either vehicle (DMSO) or an ERK inhibitor (VX-11e). B, GI50 value of a selective 

BCL-XL inhibitor, WEHI-539, in four CRC cell lines treated with either vehicle (DMSO) 
or an ERK inhibitor (VX-11e). GI50 graphs below A and B are representative cell lines 

(CRC119, COLO205) showing the GI50 shifts, or lack thereof, with combination 
treatment. C,D The contributions of BCL-2 and BCL-XL to efficacy in BC cells. C, GI50 
value of a selective BCL-2 inhibitor, ABT199, in three BC cell lines treated with either 

vehicle (DMSO) or a PI3K/mTOR inhibitor (BEZ235). D, GI50 value of a selective BCL-XL 
inhibitor, WEHI-539, in three BC cell lines treated with either vehicle (DMSO) or a 

PI3K/mTOR inhibitor (BEZ235). GI50 graphs below are representative cell lines (BT-20, 
MDA-MB-453, and MCF7) showing the GI50 shifts, or lack thereof, with combination 
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treatment. For all panels, error bars show data ± SEM. For experiments in all panels, data 
are n = 3. 

2.2.2 PIK3CA mutant tumors treated with inhibitors of PI3K/mTOR and 
BCL-XL undergo apoptosis 

To better define the landscape of therapeutic efficacy between PI3K/mTOR and 

BCL-XL inhibitors in breast cancer, we tested this drug combination on a panel of 19 cell 

lines that model breast cancers exhibiting diverse genetic and histological features. 

Sensitivity to the combination of WEHI-539 and BEZ235 tracked strongly with the 

presence of canonical PIK3CA activating mutations, but not with HER2, PTEN, or 

luminal/basal status, or with steady-state AKT phosphorylation status in cells cultured 

in normal growth medium (cell lines were annotated as PIK3CA mutant if they 

contained canonical activating mutations at residues E542, E545, or H1027; Fig. 3A,B, 

table 1).  

Table 1: Molecular and histological characteristics of the BC cell lines.*This cell 
line has a non-canonical and weakly oncogenic K111N mutation in PIK3CA. 

Cell Line PIK3CA PTEN Loss HER2 Histological 

BT-20 H1047R Yes - Basal 

CAL51 E542K Yes - Basal 

CAMA-1 WT Yes - Luminal 

MCF7 E545K No - Luminal 

MDA-MB-361 E545K No AMP Luminal 

MDA-MB-453 H1047R Yes AMP Luminal 
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MDA-MB-468 WT Yes - Basal 

T47D H1047R No - Luminal 

UACC-812 WT No AMP Luminal 

BT-483 E542K No - Luminal 

BT-549 WT Yes - N/A 

BT-474 WT* No AMP Luminal 

HCC1395 WT Yes - Basal 

MDA-MB-231 WT No - N/A 

MCF10A WT No - N/A 

SKBR3 WT No AMP Luminal 

AU565 WT No AMP Luminal 

HCC1143 WT No - Basal 

MDA-MB-436 WT Yes - N/A 

HCC1954 H1047R No AMP Basal 

 

The effects of combined PI3K/mTOR and BCL-XL inhibition were associated with 

submicromolar drug sensitivity in growth assays and required expression of the 

activator BCL-2 family proteins BIM and BID, but not PUMA, consistent with the 

canonical roles of these proteins in mitochondrial apoptosis regulation (90, 97). 

Sensitivity in growth assays correlated with apoptosis induction in PIK3CA mutant 

breast cancer cell lines, with little to no effect in PIK3CA wild-type cell lines (Fig 3C). To 
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assess the in vivo efficacy of combined BCL-XL and PI3K/mTOR inhibition, we used an 

orthotopic xenograft model of PIK3CA mutant triple-negative breast cancer (TNBC) (BT-

20). In this model, the combination of low dose PI3K/mTOR inhibition (BEZ235, 10 

mg/kg/day) and dual BCL-2/BCL-XL inhibition (ABT737, 25 mg/kg/day) yielded tumor 

regressions, whereas each individual agent only modestly affected tumor growth (Fig. 
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3D,E). 

 

Figure 3: Breast cancer cell lines with PIK3CA mutations respond to combined 
inhibition of PI3K/mTOR and BCL-XL. A, Synergy score between WEHI-539 (BCL-XL 
inhibitor) and BEZ235 (PI3K/mTOR inhibitor) in a panel of BC cell lines segregated by 
PIK3CA mutational status. Synergy score is defined as the ratio of the WEHI-539 GI50 
value in the absence of BEZ235 to the same value in the presence of BEZ235. Additive 
effects result in a synergy score of zero, whereas synergistic effects and antagonistic 

effects yield scores greater than or less than zero, respectively. The GI50 graphs below 
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are representative cell lines (MDA-MB-361, AU565). The images below the graphs are 
2D growth assays in two representative cell lines (MCF7, BT-474) treated with a BCL-XL 

inhibitor (WEHI-539) in combination with a PI3K/mTOR inhibitor (BEZ235). B, GI50 
value of cell lines treated with a BCL-XL inhibitor, WEHI-539, in the presence of a 

PI3K/mTOR inhibitor, BEZ235, stratified by PIK3CA mutation status. C, Apoptosis 
measurements for BCL-XL and PI3K/mTOR dual inhibition reported as the percentage of 

cells that were annexin V+ after 48 h drug treatment. BT-20 and SKBR3 are 
representative PIK3CA mutant and wild-type cell lines, respectively. D, BT-20 orthotopic 
xenografts treated with vehicle, ABT737, BEZ235, or the combination for 21 days, shown 

as tumor size versus time. n = 11 for all arms except BEZ235 where n = 10. Data were 
analyzed using 2-way ANOVA of matched values followed by Bonferroni multiple 

comparisons to establish significance (p<0.05) of the difference between groups at each 
day of treatment. E, Waterfall plot for BT-20 orthotopic xenografts calculated as 

percentage change in tumor volume as compared to tumor size at the initiation of 
treatment. For all panels, error bars show data ± SEM. For experiments in all panels 

(except D and E), data are n = 3. 

2.2.3 PI3K/mTOR inhibition cooperates with BCL-XL inhibition 
through suppression of MCL-1 

Having established the therapeutic efficacy of PI3K/mTOR plus BCL-XL 

inhibition, we sought to undercover the mechanism(s) by which the observed sensitivity 

is achieved. To gain insight into the overall apoptotic priming states as well as the 

specific BCL-2 family dependencies in PIK3CA mutant breast cancers, we performed 

BH3 profiling on PIK3CA mutant breast cancer cell lines. Briefly, BH3 profiling is an 

assay that measures depolarization in isolated mitochondria in response to the addition 

of short peptides that mimic the activity of BCL-2 family proteins. These assays revealed 

that PIK3CA mutant cell lines were highly primed to undergo apoptosis as evidenced by 

strong mitochondrial outer membrane depolarization after treatment with a low 

concentration of the BIM peptide (1 µM, where typical assay concentrations range from 

10-100 µM) (Fig. 4A) (91).  Further, these cell lines were dependent on both BCL-XL and 
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MCL-1, but not BCL-2, as indicated by the fact that NOXA (MCL-1 specific antagonist, 

normal concentration 10-100 µM) and HRK (BCL-XL specific antagonist, normal 

concentration 10-100 µM) each caused robust depolarization, whereas BAD (BCL-2/BCL-

XL specific antagonist, normal concentration 10-100 µM) resulted in depolarization equal 

to HRK (Fig. 4A). Given that PIK3CA mutant breast cancers are dually dependent on 

MCL-1 and BCL-XL, and that PI3K/mTOR inhibition sensitizes these cells to BCL-XL 

inhibition, we assessed whether PI3K/mTOR inhibition may function through regulation 

of MCL-1 expression and/or activity. Indeed, previous reports have suggested that 

PI3K/mTOR inhibition can modulate MCL-1 protein amounts in certain cellular contexts 

(87, 98–100). Immunoblotting of extracts derived from cells treated with DMSO control, 

single agent BEZ235 or WEHI-539, or the combination of both drugs revealed that 

PI3K/mTOR inhibition resulted in the loss of MCL-1 protein expression in PIK3CA 

mutant, but not PIK3CA WT cells, whereas the amounts of BCL-XL, BCL-2, BIM, BID, 

and other BCL-2 family proteins were unchanged (Fig. 4B). Further, in PIK3CA mutant 

breast cancer cell lines, knockdown of MCL-1 with three independent shRNAs 

phenocopied treatment with BEZ235 in growth and apoptosis assays (Fig. 4C,D). 

Although we were unable to stably express human or mouse MCL-1 protein in the 

presence of BEZ235 treatment, we reasoned that if MCL-1 and BCL-XL are the most 

important BCL-2 family anti-apoptotic proteins, it should be possible to shift 

dependency from MCL-1 to BCL-XL, and visa versa, using pharmacological and genetic 

approaches. Consistent with this hypothesis, treatment with BEZ235 shifted the 
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dependency of cells to BCL-XL in the BH3 profiling assay, phenocopying the effects of 

MCL-1 knockdown (Fig. 4E,F). Further, BCL-XL knockdown shifted the dependency of 

cells to MCL-1 (Fig. 4G). Finally, GI50 and apoptosis assays revealed that both treatment 

with BEZ235 and genetic inhibition of MCL-1 could be phenocopied using a selective 

small molecule inhibitor of MCL-1, A-1210477 (Fig. 4H,I) (71). When taken together, 

these data demonstrate that PI3K/mTOR inhibition cooperates with BCL-XL inhibition in 

PIK3CA mutant breast cancer cells through its suppression of MCL-1 protein expression. 
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Figure 4: PIK3CA mutant breast cancers depend on BCL-XL and MCL-1 for 
survival. A, BH3 profiling of five PIK3CA mutant breast cancer cell lines. B, Immunoblot 
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of PIK3CA mutant and wild-type cell lines treated with vehicle (DMSO), single agent 
PI3K/mTOR inhibitor (BEZ235), single agent BCL-XL inhibitor (WEHI-539), or the 

combination. CAL51, MDA-MB-453, AU565, and MDA-MB-436 are representative cell 
lines. P-AKT is at the S473 site and P-S6 is at the S235/236 site. The loading control is 

vinculin for all cell lines. Doses are indicated in the key. Images are cropped for clarity. 
C, GI50 value of a BCL-XL inhibitor, WEHI-539, in cells with or without PI3K/mTOR 

inhibitor (BEZ235) or cells with MCL-1 knockdown without the PI3K/mTOR inhibitor. 
T47D and BT-20 are representative PIK3CA mutant cell lines. D, Apoptosis 

measurements in control cells or MCL-1 knockdown cells treated with vehicle (DMSO), 
single agent inhibitor PI3K/mTOR inhibitor (BEZ235), single agent BCL-XL inhibitor 

(WEHI-539), or the combination. T47D is a representative cell line. E, BH3 profiling in a 
cell line treated with a PI3K/mTOR inhibitor (BEZ235). F, BH3 profiling in a cell line 
with MCL-1 knockdown. G, BH3 profiling in a cell line with BCL-XL knockdown. H, 

GI50 curve in a PIK3CA mutant cell line treated with a BCL-XL inhibitor (WEHI-539) and 
either vehicle (DMSO) or an MCL-1 inhibitor (A-1210477). CAL51 is a representative cell 

line. I, Apoptosis measurements in PIK3CA mutant cell lines treated with vehicle 
(DMSO), an MCL-1 inhibitor (A-1210477), a BCL-XL inhibitor (WEHI-539), or the 

combination. BT-20 and CAL51 are representative cell lines. For all panels (excluding 
immunoblots), error bars show data ± SEM.  For all experiments, data are n = 3. 

2.2.4 MCL-1 translation is controlled by the mTOR/4E-BP axis in 
PIK3CA mutant tumors 

To define the mechanism by which PI3K/mTOR inhibition suppresses MCL-1, 

we consulted the literature which indicates that MCL-1 is regulated by the PI3K/mTOR 

pathway at the level of protein translationn (101). Next, to distinguish the contributions 

of PI3K versus mTOR to MCL-1 regulation, we treated three PIK3CA mutant breast 

cancer cell lines with a panel of PI3K/mTOR pathway inhibitors (BEZ235, BKM-120, 

BYL-719, rapamycin, Torin1, AZD2014, MLN-0128), each in combination with WEHI-539 

(BCL-XL inhibitor).  Whereas the pan- and p110α-selective PI3K inhibitors BKM-120 and 

BYL-719, respectively, were unable to consistently sensitize cells to WEHI-539, the ATP-

competitive mTORC1/2 inhibitors Torin1, MLN-0128, and AZD2014 fully phenocopied 

the effects of BEZ235, and the allosteric partial mTORC1 inhibitor rapamycin exerted 
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variable effects across cell lines (Fig. 5A). These findings are reminiscent of studies 

establishing that ATP-competitive mTORC1/2 inhibitors robustly suppress cap-

dependent translation through 4E-BP protein dephosphorylation downstream of 

mTORC1, whereas rapamycin’s effects on this axis are variable (102, 103).  Given that 

MCL-1 is translated in a cap-dependent manner, as evidenced by the fact that 

pharmacological disruption of the eIF4F complex with the small molecule inhibitor 

4EGI-1 suppressed MCL-1 protein expression (Figure 5B), and that cooperation with 

WEHI-539 was associated with suppression of 4E-BP1 phosphorylation by MLN-0128 

(Figure 5C), we hypothesized that mTOR inhibition blocks MCL-1 expression through 

4E-BP-mediated suppression of cap-dependent translation. Indeed, using the m7G pull-

down assay, we observed that mTOR inhibition disrupted eIF4F complex stability and 

cap-dependent translation through 4E-BP, as evidenced by the loss of association 

between eIF4E and eIF4G1, and an increase in association between eIF4E and 4E-BP1, 

after MLN-0128 treatment in PIK3CA mutant cells (Figure 5D).  
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Figure 5: MCL-1 translation is controlled by the mTOR/4E-BP axis in PIK3CA 
mutant tumors. A, GI50 value of a selective BCL-XL inhibitor, WEHI-539, in three BC cell 
lines treated with either vehicle (DMSO), a dual PI3K/mTOR inhibitor (BEZ235), a pan-
PI3K inhibitor (BKM-120), a p110α  isoform specific PI3K inhibitor (BYL-719), a partial 

allosteric mTORC1 inhibitor (rapamycin), and three mTORC1/2 inhibitors (Torin1, 
AZD2014, MLN-0128). B, Immunoblot of MCL-1 in a PIK3CA mutant cell line treated 

with DMSO or an inhibitor of cap-dependent translation, 4EGI-1. Images are cropped for 
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clarity. C, Immunoblot of P-4E-BP1 and total 4E-BP1 in four cell lines treated with 
vehicle or an mTORC1/2 inhibitor (MLN-0128). Images are cropped for clarity. D, 

Immunoblot of 4EBP1, eIF4E, and eIF4GI in total cell lysates or m7-GTP pulldown in a 
PIK3CA mutant cell line treated with vehicle (DMSO) or an mTORC1/2 inhibitor (MLN-
0128). Images are cropped for clarity. E, Apoptosis measurements in a PIK3CA mutant 
cell line treated with vehicle (DMSO), one of two mTORC1/2 inhibitors (MLN-0128 or 

AZD2014), a BCL-XL inhibitor (WEHI-539), or the combination of WEHI-539 with either 
MLN-0128 or AZD2014. F, Immunoblot of MCL-1 in a PIK3CA mutant cell line treated 

with vehicle, two doses of an mTORC1/2 inhibitor (MLN-0128), a BCL-XL inhibitor 
(WEHI-539), or the combination of MLN-0128 and WEHI-539 (2 µM). Images are 

cropped for clarity. G,  BT-20 orthotopic xenografts treated with vehicle (n = 7), ABT737 
(n = 7), MLN-0128 (n = 9), or the combination (n = 8) for 21 days, shown as tumor size 

versus time. Data were analyzed using 2-way ANOVA of matched values followed by 
Bonferroni multiple comparisons to establish significance (p<0.05) of the difference 

between groups at each day of treatment. For all panels (except immunoblots), error bars 
show data ± SEM. For experiments in all panels, except G, data are n = 3. 

Finally, given that BEZ235’s clinical development has been halted due to poor 

pharmacokinetics and toxicity, and that its activity in PIK3CA mutant cells can be 

phenocopied using ATP-competitive mTOR inhibitors like MLN-0128 and AZD2014 that 

are currently in clinical development for the treatment of breast cancer, ovarian cancer, 

glioblastoma multiforme, and other cancers (NCT02193633, NCT02208375, 

NCT02583542, NCT0271969, NCT02575339, NCT02412722), we sought to validate the 

use of this class of agents in combination with BCL-XL inhibitors (104, 105). Like BEZ235, 

MLN-0128 was able to induce apoptosis in mutant cell lines (but not wild-type), 

suppress MCL-1 expression, and inhibit the growth of orthotopic, PIK3CA mutant TNBC 

xenografts when combined with BCL-XL inhibition (Fig. 5E,F,G). We observed mild loss 

of weight in one mouse from the MLN-0128 arm of the study (1 day of missed dosing, 

see Materials and Methods for details), as well as two mice from the combo treated arm 

of the study (3 days of missed dosing each). Together, these results indicate that 
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PI3K/mTOR inhibition cooperates with BCL-XL inhibition in PIK3CA mutant cells 

through mTOR/4E-BP-mediated suppression of cap-dependent MCL-1 translation, and 

that tumor growth suppression can be achieved using clinically viable mTORC1/2 

inhibitors in vivo. 

2.2.5 PIK3CA WT breast cancers treated with direct MCL-1 and BCL-
XL inhibitors undergo apoptosis 

Given the robustness of apoptosis induction in PIK3CA mutant cells treated with 

mTOR plus BCL-XL inhibitors, we sought to characterize the apoptosis regulation 

occurring in PIK3CA wild-type cell lines in order to understand why the combination 

was ineffective in this context. Surprisingly, BH3 profiling results from PIK3CA wild-

type cell lines were indistinguishable from those in PIK3CA mutant breast cancer cell 

lines.  Like mutant lines, wild-type lines appeared to be primed for apoptosis and dually 

dependent on MCL-1 and BCL-XL (Fig. 6A). Indeed, MCL-1 knockdown in PIK3CA wild-

type cell lines created a synthetic dependence on BCL-XL in growth and apoptosis 

assays, resulting in submicromolar potency of WEHI-539 (Fig. 6B,C). Further, BH3 

profiling in wild-type cell lines in the presence of MCL-1 knockdown detected a shift 

toward BCL-XL dependency (Fig. 6D), and reciprocally, BCL-XL knockdown shifted the 

dependency of cells to MCL-1 (Fig. 6E). Consistent with the hypothesis that PIK3CA 

wild-type breast cancers depend on both BCL-XL and MCL-1, treatment with selective 

inhibitors of both these targets, WEHI-539 and A-1210477, respectively, was highly 

effective in growth and apoptosis assays (Fig. 6F,G). In a model of PIK3CA wild-type 

TNBC (MDA-MB-436), tumor growth inhibition was achieved after combined inhibition 



34 

of MCL-1 (using CRISPR/Cas9-mediated knockout, necessitated by the current 

unavailability of a direct, bioavailable small molecule inhibitor of MCL-1) and BCL-XL 

(using ABT737), whereas each treatment alone had no effect (Fig. 6H). Collectively, these 

results reveal that, like PIK3CA mutant breast cancers, PIK3CA wild-type cancers are 

primed for apoptosis and exhibit a dual dependence on MCL-1 and BCL-XL, the 

inhibition of which induces apoptosis. 
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Figure 6: PIK3CA wild-type breast cancers respond to a BCL-XL inhibitor in 
combination with a direct MCL-1 inhibitor. A, BH3 profiling of three PIK3CA wild-

type breast cancer cell lines. B, GI50 value of a BCL-XL inhibitor, WEHI-539, in control 
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cells or cells with MCL-1 knockdown. C, Apoptosis measurements by annexin V binding 
in control cells or MCL-1 knockdown cells treated with vehicle (DMSO) or single agent 
BCL-XL inhibitor (WEHI-539). HCC1143 and HCC1395 are representative cell lines. D, 
BH3 profiling in a cell line with MCL-1 knockdown. E, BH3 profiling in a cell line with 
BCL-XL knockdown. F, GI50 curves in a PIK3CA wild-type cell line treated with a BCL-
XL inhibitor (WEHI-539) and either vehicle (DMSO) or an MCL-1 inhibitor (A-1210477). 
HCC1143 is a representative cell line. G, Apoptosis measurements in PIK3CA wild-type 

cell lines treated with vehicle (DMSO), an MCL-1 inhibitor (A-1210477), a BCL-XL 
inhibitor (WEHI-539), or the combination. HCC1143 and SKBR3 are representative cell 
lines. For panels A-G, error bars show data ± SEM. For experiments in panels A-G, data 

are n = 3. H, MDA-MB-436 orthotopic xenografts stably expressing Cas9 along with 
either sgCtrl or sgMCL-1 and treated with vehicle (sgCtrl n = 6, sgMCL-1 n = 7) or 

ABT737 (sgCtrl n = 5, sgMCL-1 n = 6) for 21 days, shown as tumor size versus time. Data 
were analyzed using 2-way ANOVA of matched values followed by Bonferroni multiple 
comparisons to establish significance (p<0.05) of the difference between groups at each 
day of treatment. To the right is an immunoblot confirming MCL-1 knockdown in the 

sgMCL-1 cells before the start of the xenograft experiment. Images are cropped for 
clarity. I, Immunoblot of P-4E-BP1 (S65) and total 4E-BP1 in two cell lines treated with 

vehicle or an mTORC1/2 inhibitor (MLN-0128). Images are cropped for clarity. J, 
Immunoblot of MCL-1 in a PIK3CA wild-type cell line treated with DMSO or an 
inhibitor of cap-dependent translation, 4EGI-1. Images are cropped for clarity. K,  

Immunoblot of 4EBP1, eIF4E, or eIF4GI in total cell lysates or m7-GTP pulldown in a 
PIK3CA wild-type cell line treated with vehicle (DMSO) or an mTORC1/2 inhibitor 

(MLN-0128). Images are cropped for clarity. 

Given these results, we hypothesized that the lack of efficacy between mTOR and 

BCL-XL inhibitors in PIK3CA wild-type cells may be based on the fact that mTOR can 

only modulate MCL-1 expression in the PIK3CA mutant context, a notion supported by 

our finding that MCL-1 expression is stable after mTOR inhibition in wild-type lines 

(Figure 4B). To understand why mTOR inhibition fails to suppress MCL-1 expression in 

this context, we began by verifying that MLN-0128 treatment indeed results in a loss of 

4E-BP1 phosphorylation in these cells, consistent with our findings in PIK3CA mutant 

cells (Fig. 6I). Given this, alongside the fact that MCL-1 is translated in a cap-dependent 

manner in wild-type cells (Fig. 6J), we reasoned that mTOR inhibition may simply fail to 
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disrupt eIF4F complex activity in these cells despite its regulation of 4E-BP 

phosphorylation. Indeed, m7G pull-down assays revealed that MLN-0128 treatment was 

unable to disrupt eIF4F complex activity as indicated by the relatively stable association 

of eIF4E and eIF4GI, and by the diminished drug-induced association of eIF4E with 4E-

BP1, in PIK3CA wild-type cell lines relative to PIK3CA mutant cell lines (Fig. 6K). 

Consistent with prior studies demonstrating multiple levels of eIF4F regulation, these 

results demonstrate that cap-dependent MCL-1 translation is rate-limited by mTOR/4E-

BP activity in PIK3CA mutant cells, but that in wild-type cells it is limited by other 

aspects of eIF4F complex regulation, suggesting that future studies to elucidate these 

mechanisms may yield indirect strategies to target MCL-1 in these tumors (106, 107).  

2.2.6 Additional considerations guide the potential clinical translation 
of combined mTORC1/2 and BCL-XL inhibition 

We sought to investigate three additional areas of relevance to the clinical 

translation of therapies targeting the BCL-XL and mTOR/MCL-1 axes: (1) the 

dependence of primary human breast tumors on BCL-XL and MCL-1; (2) the potential of 

mTORC1/2 inhibition to exacerbate on-target thrombocytopenia secondary to BCL-XL 

inhibition (93); and (3) the potential to combine mTOR/MCL-1 plus BCL-XL targeting 

with standard of care chemotherapies. In the first area, we used conditional 

reprogramming to briefly expand human patient-derived breast tumor cells obtained 

from surgical resection in order to provide sufficient numbers of cells for analysis, then 

subjected these cultures to BH3 profiling (table 2) (108). Like established breast cancer 
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cell lines, primary tumors were highly primed for apoptosis and specifically dependent 

upon MCL-1 and BCL-XL (Fig. 7A).  

Table 2: ER status, HER2 status, and PIK3CA mutation status (when available) 
of patient samples. 

Sample ID ER HER2  PIK3CA H1047 PIK3CA E542/E545 

BRPC-15-590 Negative Negative Wild-type Wild-type 

BRPC-15-674 Positive Negative Wild-type Wild-type 

BRPC-15-619 Positive Negative Wild-type Wild-type 

BRPC-15-868 Positive Positive N/A N/A 

 

By contrast, normal breast epithelial cells obtained from reduction mammoplasty 

and immortalized using the human telomerase catalytic subunit (hTERT), with (p53 

inactive) or without (p53 active) the SV40 early region (HMLE and HME, respectively), 

were substantially less primed for apoptosis and dependent upon BCL-2 instead of BCL-

XL and MCL-1, as evidenced by their sensitivity to the BAD peptide and insensitivity to 

the HRK peptide (Fig. 7B) (109). This result is consistent with a growing body of 

evidence suggesting that most normal cells in the adult lack apoptotic priming and 

suggests that normal epithelial cells should be insensitive to combined BCL-XL and 

PI3K/mTOR inhibition, a hypothesis we verified experimentally using GI50 and 

apoptosis assays (Fig. 7C,D) (90, 110). In the second area, to address the possibility that 

mTOR inhibition may potentiate thrombocytopenia resulting from BCL-XL inhibition, 

we isolated platelets from two human donors and treated them with a BCL-XL inhibitor 
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(WEHI-539) in the presence of vehicle (DMSO), BEZ235, or MLN-0128. We found that 

none of these combinations increased platelet sensitivity to BCL-XL inhibition, a result 

that is in contrast with the dramatic sensitization of PIK3CA mutant breast cancer cells 

treated with this combination (Fig. 7E). In the third area, given that combined BCL-XL 

and MCL-1 inhibition shifts the balance of pro- to anti-apoptotic signals in the 

mitochondria, we reasoned that these combinations may also sensitize breast cancer cells 

to standard of care chemotherapies that exploit apoptosis as part of their mechanisms of 

action. Indeed, direct inhibition of MCL-1 and BCL-XL was effective when combined 

with the anthracycline DNA intercalating agent doxorubicin and the topoisomerase 

inhibitor etoposide in both PIK3CA mutant and wild-type triple negative breast cancer 

(TNBC) cell lines in GI50 and apoptosis assays (Fig. 7F,G). Similarly, indirect inhibition 

of MCL-1 using BEZ235 in combination with a BCL-XL inhibitor sensitized PIK3CA 

mutant TNBC cells to doxorubicin and etoposide (Fig. 7H). MCL-1+BCL-XL inhibition 

also sensitized HER2+ breast cancer cells to lapatinib, a small molecule HER2 kinase 

inhibitor which drives BIM-dependent apoptosis (Fig. 7I). Collectively, these results 

demonstrate that apoptosis induction by standard of care chemotherapies is often 

enhanced through inhibition of the BCL-XL and mTOR/MCL-1 axes.  
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Figure 7: A therapeutic window of combined BCL-XL and MCL-1 (direct or 
indirect) inhibition suggests translational potential. A, BH3 profiling of four primary 
patient samples. B, BH3 profiling of two normal breast epithelial cell lines (HME and 
HMLE). C, GI50 value for a BCL-XL inhibitor (WEHI-539) in combination with either 

vehicle (DMSO) or a PI3K/mTOR inhibitor (BEZ235) in HME cells. D, Apoptosis 
measurements by annexin V binding in HME cells treated with vehicle (DMSO), a 

PI3K/mTOR inhibitor (BEZ235), a BCL-XL inhibitor (WEHI-539), or the combination. E, 
Log2 fold change in GI50 to WEHI-539 in platelets isolated from two independent 

donors and in two PIK3CA mutant breast cancer cell lines treated with vehicle, BEZ235, 
or MLN-0128. F, Apoptosis measurements in a PIK3CA wild-type cell line (HCC1143) 

treated with vehicle (DMSO), an MCL-1 inhibitor (A-1210477) and/or a BCL-XL inhibitor 
(WEHI-539), doxorubicin, etoposide, or the combination of A-1210477 plus WEHI-539 

and doxorubicin or etoposide. G, Apoptosis measurements in a PIK3CA mutant cell line 
(CAL51) treated with vehicle (DMSO), an MCL-1 inhibitor (A-1210477) and/or a BCL-XL 

inhibitor (WEHI-539), doxorubicin, etoposide, or the combination of A-1210477 plus 
WEHI-539 and doxorubicin or etoposide. H, Apoptosis measurements in a PIK3CA 

mutant cell line (CAL51) treated with vehicle (DMSO), a PI3K/mTOR inhibitor (BEZ235) 
and/or a BCL-XL inhibitor (WEHI-539), doxorubicin, etoposide, or the combination of the 

PI3K/mTOR plus BCL-XL inhibitors with either doxorubicin or etoposide. I, Apoptosis 
measurements in a PIK3CA wild-type cell line (SKBR3) treated with vehicle (DMSO), an 

MCL-1 inhibitor (A-1210477) and/or a BCL-XL inhibitor (WEHI-539), lapatinib, or the 
combination of the MCL-1 and BCL-XL inhibitors with lapatinib. For all panels, error 

bars show data ± SEM. For experiments in all panels, data are in n = 3. 

Finally, we investigated two observations arising from recent studies in the 

literature relevant to the findings presented here. First, a recent study described synergy 

between BEZ235 and ABT737 using elegant ovarian cancer spheroid culture models, 

then extended these findings to three breast cancer cell lines (111). The authors proposed 

that synergy between these agents in ovarian cancer cells was a result of up-regulation 

of BCL-2 after treatment with BEZ235, suggesting that the same mechanism may explain 

the observed synergy in breast cancer cells. However, our previous data did not show 

evidence of a BCL-2 dependency. When considered alongside the fact that selective 

BCL-2 inhibition does not sensitize cells to BEZ235 (Fig. 2C), it can be concluded that the 
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synergy between BEZ235 and ABT737 observed in breast cancer cells is independent of 

BCL-2. This distinction may be important because it implies that selective BCL-2 

inhibitors would be unlikely to have activity in breast cancer when combined with 

mTORC1/2 inhibitors. Second, two recent studies have demonstrated synergy between 

direct MCL-1 and BCL-XL inhibitors in breast cancer cell lines (71, 112).  

2.3 Discussion 

By demonstrating that mTOR pathway inhibitors fail to induce efficient 

apoptosis in PIK3CA mutant breast cancers because of the redundant pro-survival role 

of BCL-XL, we provide a potential explanation for the modest responses observed in 

patients treated with these drugs (88, 89). Further, we demonstrate that the efficacy of 

these agents can be dramatically improved in the PIK3CA mutant context, which 

represents around 35% of all breast cancers, through simultaneous inhibition of BCL-XL 

41. This strategy yields tumor regressions using low doses of mTOR and BCL-XL/BCL-2 

inhibitors. For the case of BCL-XL/BCL-2 inhibitors, these doses are 5- to 12-fold lower 

than the equivalent doses required to cause dose-limiting thrombocytopenia in human 

and large animal models, important considerations given the dose-limiting toxicities 

observed in human clinical trials with these and related agents (88, 113, 114). This 

evidence, coupled with the fact that various mTORC1/2 inhibitors, as well as the BCL-

XL/BCL-2 inhibitor ABT263, are already in clinical trials, suggests that the findings 

described here may be well positioned for near-term translation (88, 89). This finding 

also adds to a body of recent literature describing approaches to sensitize PIK3CA 
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mutant breast cancers to PI3K/mTOR pathway inhibitors, for example by using CDK4/6 

inhibitors or by targeting multiple nodes within the pathway (45, 115). The fact that 

these recently described combination therapies target cell cycle regulation and growth 

signaling, respectively, whereas the strategy described here targets mitochondrial 

apoptosis, suggests that future studies that directly compare or combine these distinct 

approaches are warranted.  

Our studies also demonstrate that MCL-1 is regulated by cap-dependent 

translation downstream of the mTOR/4E-BP axis in PIK3CA mutant tumors, and that by 

contrast, cap-dependent MCL-1 translation is regulated independently of this axis in 

PIK3CA wild-type breast cancers, suggesting that alternative regulators of the eIF4F 

complex may be relevant therapeutic targets in this context (60, 116, 117). Future studies 

that define these targets and associated regulatory mechanisms are therefore of high 

interest, as they may identify therapeutic strategies for targeting MCL-1 indirectly in the 

PIK3CA wild-type setting.  Indirect MCL-1 targeting strategies may be particularly 

important from a clinical-translational perspective because direct targeting of MCL-1 

gives rise to rapid therapeutic resistance in vitro. Further, there are currently no 

bioavailable inhibitors capable of directly targeting MCL-1 in vivo, and a body of 

literature suggests that such agents may be difficult to tolerate owing to MCL-1’s 

physiological essentiality, its role in hematopoietic stem cell survival, and its potential 

roles outside of mitochondrial apoptosis regulation (118, 119). 
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Finally, these results are particularly interesting in the context of TNBC, a disease 

subtype where therapeutic options are limited, because we have shown that dual 

inhibition of the mTOR/MCL-1 and BCL-XL axes promotes tumor regression in vivo 

while sensitizing these tumors to standard of care chemotherapies (120). Our findings 

may also be relevant in the setting of acquired resistance, as recent reports suggest that 

breast cancers often acquire PIK3CA mutations during the development of resistance to 

first line therapies, including endocrine therapies, suggesting that mTOR plus BCL-XL 

inhibition may be a compelling therapeutic approach in this setting 50. More broadly, by 

defining key roles for MCL-1 and BCL-XL as selective regulators of the apoptotic 

network in breast cancer, this work lays the foundation for rational strategies built 

around the direct or indirect inhibition of these targets in specific disease subtypes. 

2.4 Methods 

Study design 

This study was designed to test the hypothesis that inhibition of pathways that 

affect cellular apoptotic priming, PI3K/mTOR and MAPK, has the potential to sensitize 

solid tumors to apoptosis induction by BH3 mimetics. We demonstrated in breast 

cancer, using cellular models and in vivo orthotopic xenograft models, that the 

combination of mTORC1/2 inhibition with BCL-XL inhibition suppresses growth and 

induces apoptosis. We showed in cellular models and patient samples that this is 

effective because of a lineage encoded tumor dependency on MCL-1 (whose translation 

can be inhibited using mTORC1/2 inhibitors) and BCL-XL. Sample sizes and P values are 
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indicated in the text, figure legends, or figures. For xenograft studies, using the sample 

size and power function in JMP statistical software (SAS Institute, Inc), a group size of N 

= 7 per treatment arm was estimated to be required to reliably detect a statistically 

relevant (p<0.05), 50% change with 80% confidence, given the anticipated 30% variability 

for the tumor models utilized (α = 0.05, st. dev. = 0.3, confidence of 0.8, s/delta of 0.50). 

This estimate is based on one way ANOVA followed by the Student Newman Keul's test 

and is in accordance with current literature in the field. Mice were randomized to 

treatment groups once tumors attained volumes of 0.17-0.25 cm3. The xenograft studies 

were not blinded.  

Xenograft tumor studies  

All procedures were performed as approved by the Institutional Animal Care 

and Use Committee at Duke University. Xenograft tumors were initiated in the axial 

mammary gland of female NU/NU mice by sc injection (0.1 cc) of 3 x 106 BT-20 cells or 1 

x 107 sgCtrl or sgMCL-1 MDA-MB-436 cells in 1:1 mixture of serum-free medium and 

matrigel (BD Biosciences). Tumors were measured 3 times weekly with calipers, and 

body weight and behavior were assessed at the time of measurement. Tumor volume 

was calculated as A x B2 x 0.5, where A is the longer of perpendicular axes. When 

tumors attained 0.17-0.25 cm3 volume, mice were randomized to daily ip injections of 

vehicle (10% DMSO/90% PEG 400) or ABT737 (25 mg/kg), as well as daily gavage with 

vehicle (10% N-methyl-pyrrolidinone/90% PEG 400) or BEZ235 (10 mg/kg), or MLN-

0128 (0.3 mg/kg). For sgCtrl and sgMCL-1, mice were randomized to daily ip injection of 
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vehicle (10% DMSO/90% PEG 400) or ABT737 (50 mg/kg). After 21 days of treatment, 

animals were euthanized and tumors excised. Behavioral changes (hyperactivity) were 

noted in mice receiving ABT737 treatment. No major toxicities were observed in any of 

the treatment groups, however, if a mouse dropped 15% of its body weight, it was given 

a treatment holiday until weight returned to the normal range. Tumor growth was 

analyzed (GraphPad Prism 6) by exponential growth curve analysis and by 2-way 

ANOVA of matched values followed by Bonferroni multiple comparisons to establish 

significance (p<0.05) of the difference between groups at each day of treatment. Data for 

waterfall plots were calculated as % change in tumor volume as compared to the size at 

the initiation of treatment. 

Statistical analysis of breast cancer subtypes  

A Pearson’s Chi-Squared Test was performed on the mutation status of each 

gene from table S1 under the null hypothesis that the joint probability distribution of the 

cell counts in a 2-dimensional contingency table is the product of the row and column 

marginals.  p-values were obtained by simulation using mutation binary data (1 = WT 

and 0 = Mutant). Simulation was done by random sampling from each specific 

contingency table with given marginals, where the sampled marginals were strictly 

positive. A robust p-value was then computed using a Monte Carlo test with 10000 

iterations. The significance level of alpha = 0.05 represents the probability of obtaining 

type I error (false positives). 

Statistical analysis  
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Unless otherwise specified, student’s t tests, or for grouped analyses, one-way 

ANOVA with Tukey’s post-hoc test, were performed, and p values < 0.05 were 

considered significant. Results are presented as means ±SEM. 

Cell lines and reagents 

All cell lines were grown at 37°C in 5% CO2. All cell lines are breast cancer unless 

otherwise indicated. HCC1954, AU565, HCC1143, MDA-MB-231, Hey-A8 (ovarian), 

CAOV3 (ovarian), OVSAHO (ovarian), JHOS2 (ovarian), TKYNU (ovarian), HL60 

(AML), MOLM13 (AML), 584-A2 (HNSC), H446 (lung), H1048 (lung), 786-O (kidney), 

OVCA429 (ovarian), H596 (lung), COLO205 (colorectal), OV90 (ovarian), OVCA432 

(ovarian), LNCaP (prostate), SW1573 (lung), MSK-921 (HNSC), H460 (lung), CRC119 

(colorectal), CRC240 (colorectal), 22Rv1 (prostate), H1563 (lung), MDA-MB-436 were 

cultured in RPMI (10% FBS, 1% pen/strep). MDA-MB-361, T47D, UACC-812, BT-474, 

Detroit562 (HNSC), HN31 (HNSC), UMSCC1 (HNSC), MCF7, UMSCC8 (HNSC) were 

cultured in DMEM (10% FBS, 1% pen/strep). MDA-MB-468, BT-549, CAMA-1, MDA-

MB-453, HCC1395, C32 (melanoma), WM-115 (melanoma), BT-20, WiDR (colorectal) 

were cultured in MEM (10% FBS, 1% pen/strep, NEAA). CAL51 was cultured in MEM 

(20% FBS, 1% pen/strep). PC3 (prostate) was cultured in F-12K (10% FBS, 1% pen/strep). 

M059J (brain) was cultured in Ham’s F12/DMEM (10% FBS, 1% pen/strep, NEAA). A172 

(brain), U-118MG (brain), H4 (brain) were cultured in DMEM-HG (10% FBS, 1% 

pen/strep). DBTRG-05MG (brain) was cultured in M199 (10% FBS, 1% pen/strep, 

pyruvate, glucose, HT supplement, HEPES). SKBR3 and SK-OV-3 (ovarian) were 
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cultured in McCoy’s 5a (10% FBS, 1% pen/strep). MCF10A AND HME were cultured in 

MEBM (MEGM Kit without GA-1000) supplemented with cholera toxin (MCF10A) or 

without (HME). BT-483 was cultured in RPMI (10% FBS, 1% pen/strep, HEPES, insulin). 

CRC240 and CRC119 were generated by David Hsu (Duke University) (51). H596, H460, 

H1048, H446, SW1573, H1563, 584-A2, HN31, MSK-921, UMSCC8, UMSCC1, and Detroit 

562 were obtained from Lynn Heasley (University of Colorado Denver). OV90, CAOV3, 

Hey-A8, TYKNU, JHOS2, and OVSAHO were obtained from Andrew Berchuck (Duke 

University). All other cell lines were purchased from American Type Culture Collection 

(ATCC) or Duke University Cell Culture Facility (CCF). All cell lines were authenticated 

using Promega PowerPlex 18D kit or were purchased within 6 months from Duke CCF. 

Drugs were purchased from Selleck Chemicals, ChemieTek, MedChemExpress, Ontario 

Chemicals, Sigma-Aldrich, or APExBIO.  

Three day growth-inhibition assay (GI50)  

Cells were seeded into 96-well plates at 5,000 cells/well. To generate GI50 curves, 

cells were treated with vehicle (DMSO) or an eight-log serial dilution of drug. Each 

treatment condition was represented by at least three replicates. Three days after drug 

addition, cell viability was measured using Cell Titer Glo (Promega). Relative viability 

was then calculated by normalizing luminescence values for each treatment condition to 

control treated wells. To generate GI50 curves for drug combinations, slight 

modifications were made. Primary drug was applied and diluted as above while the 

second drug was kept at a constant concentration across all wells except the DMSO-only 
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condition. Viability for all primary drug dilutions was then calculated relative to 

luminescence values from the secondary drug-only condition. Dose-response curves 

were fit using Graph pad/ Prism 6 software. 

Western blotting and antibodies  

Immunoblotting was performed as previously described (20) and membranes 

were probed with primary antibodies (1:1,000 dilution) recognizing vinculin (CST#4650), 

H3 (CST#4499), MCL-1 (CST#5453), BCL-XL (CST#2764), BCL-2 (CST#2870), BIM 

(CST#2933), BID (CST# 2002), BAK (CST#12105), BAX (CST#5023), NOXA (SC#56169), 

PUMA (CST#12550), P-p90RSK (T359/S363) (CST#9344), T-RSK (CST#9333), p-S6 

(235/236, 240/244) (CST#4857, CST#2215), S6 (CST#2217), p-AKT (S473,T308) (CST#4058, 

CST#13038), AKT (CST#4691), P-4EBP1 (S65) (CST#9451), 4EBP1 (CST #9644), eIF4E 

(CST#2067), eIF4GI (CST #8701).  

Quantification of apoptosis by annexin-V  

Cells were seeded in six-well plates and treated the next day with the indicated 

amount of drug, vehicle (DMSO), or combination.  Cells were incubated for two or three 

days, washed twice with ice-cold PBS, and resuspended in 1X annexin V binding buffer 

(10 mM HEPES, 140 mM NaCl, 2.5 mM CaCl2; BD Biosciences).  Surface exposure of 

phosphatidylserine was measured using APC-conjugated annexin V (BD 

Biosciences).  7-AAD (BD Biosciences) was used as a viability probe.  Experiments were 

analyzed at 20,000 counts/sample using BD FACSVantage SE.  

shRNA constructs  
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TRC shRNA clones were obtained from the Duke RNAi Facility as glycerol 

stocks. Constructs were prepared in lentiviral form and used to infect target cells as 

previously described (20).  

Construct TRC ID  Sequence 

shMCL-1 (1) TRCN0000005517 GCTAAACACTTGAAGACCATA 

shMCL-1 (2) TRCN0000197024 GAGCTGGTTTGGCATATCTAA 

shMCL-1 (3) TRCN0000196390 GCCTAGTTTATCACCAATAAT 

shMCL-1 (4) TRCN0000196914 GCAGGATTGTGACTCTCATTT 

shMCL-1 (5) TRCN0000194663 CTGATAACTATGCAGGTTTAA 

shBCL-XL (1) TRCN0000033500 GTGGAACTCTATGGGAACAAT 

shBIM (1) TRCN0000001051 ATGGTTATCTTACGACTGTTA 

shBIM (2) TRCN0000001054 AGCCGAAGACCACCCACGAAT 

shBID (1) TRCN0000062708 CCTCCAAAGCTGTTCTGACAA 

shBID (2) TRCN0000062709 CTTTCACACAACAGTGAATTT 

shPUMA (1) TRCN0000033609 CGTGAAGAGCAAATGAGCCAA 

shPUMA (2) TRCN0000033610 GTACAATCTCATCATGGGACT 

MCL-1 and control CRISPR constructs  

Oligos were obtained from IDT and were cloned into the lentiCRISPR v2 plasmid 

(Addgene ID# 52961) as previously described (56). Constructs were prepared in 

lentiviral form and used to infect target cells as previously described. Cells were single-

cell cloned to generate a pure population of cells. These populations of cells stably 
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expressing Cas9 along with either sgCtrl or sgMCL-1 were expanded, and knock-down 

of MCL-1 in sgMCL-1 context was confirmed by western blot before use in vivo for 

xenografts. 

Construct Sequence 

sgControl B5 GTCGTGAAGTGCATTCGATC 

sgMCL-1 GGAGCTGGACGGGTACGAGC 

2-D growth assay  

Cells were seeded at 500,000 cells per well. The next day cells were drugged at 

the indicated doses. Five days after drug addition, plates were rinsed with PBS and fixed 

and stained with 0.5% (wt/vol) crystal violet in 6.0% (vol/vol) gluteraldehyde solution 

(ThermoFisher Scientifics) for 30 min at room temperature. Plates were rinsed in 

distilled H2O and photographed the following day.  

BH3 profiling  

BH3 profiling was performed as previously described (97). Briefly, cells were 

resuspended in sample buffer containing JC-1 (a mitochondrial dye) and plated in a 384-

well plate containing individual peptides of the BCL-2 family of proteins. Fluorescence 

was measured over time to capture the percentage of depolarization caused by each 

peptide. Slight modifications were made for drug incubations: cells were treated with 

drugs for 16 hours before BH3 profiling.  

Platelet isolation and growth inhibition studies  
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Approximately 50 milliliters of fresh, whole blood was obtained from Texas Gulf 

Coast. Five milliliters of a sodium citrate solution (3.8% w/vol in sterile water) were 

added to the blood, and the sample was centrifuged for 10 minutes at 1,000 RPM.  The 

platelet-rich plasma (the top layer) was transferred to a new tube, centrifuged an 

additional 10 minutes at 1,000 RPM, and the resulting plasma was transferred to a new 

50 mL tube.  The sample was analyzed for red or white blood cell contamination under a 

microscope, and if pure was diluted with 3 volumes (relative to the final plasma 

volume) of RPMI 1640 medium containing 10% FBS and 1% penicillin and streptomycin. 

Platelets were then seeded in equal parts into 96-well plates. Drugs were added 30 

minutes later, and after 24 hours of drug incubation, platelet viability was measured by 

Cell Titer Glo (Promega). 

Mutational analysis of PIK3CA  

E542, E545, and H1047 sites were analyzed as previously described (121). 

In vitro TTP assay  

Cells were seeded at 3,000,000 per plate in 15 cm dishes in triplicate. The next 

day, drugs were added at indicated concentrations. One week later, plates were counted, 

and 1,000,000 cells were re-plated with drug. This process was carried out for 14 

additional weeks, re-plating between 200,000 and 1,000,000 cells each week. Virtual cell 

counts were calculated based upon the number plated, the growth rate, and the counts 

each week. 

Quantitative real-time PCR  
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RNA extraction, cDNA synthesis, and quantitative real-time PCR were 

performed as previously described. The following primers were used: human GAPDH, 

5’-CCCACTCCTCCACCTTTGAC-3’ (forward) and 5’-ACCCTGTTGCTGTAGCCAAA-

3’ (reverse); human MCL-1, 5’-GGACAAAACGGGACTGGCTA-3’ (forward) and 5’- 

CAGCAGCACATTCCTGATGC-3’ (reverse). Average cycle thresholds (Ct) were 

calculated for each gene normalized to the reference gene GAPDH.  Relative gene 

expression was determined using the ΔΔCt method. 

m7-GTP affinity purification assays  

Affinity purification assays were performed as previously described (102). 

Primary patient samples  

Primary breast cancer tumor samples were obtained from the Duke Biospecimen 

Repository and Processing Core (BRPC) under Duke University IRB protocol 

#Pro00066580.  Samples were digested and conditionally re-programmed as previously 

described to obtain enough cells for BH3 profiling. Briefly, tumors were digested and 

plated on top of irradiated fibroblasts in the presence of a ROCK inhibitor. After 7-10 

days, fibroblasts were trypsinized off, leaving a pure population of breast cancer cells 

that were then subjected to normal BH3 profiling conditions as previously described 

above. 
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3. Genetic screening: Overcoming intrinsic resistance to 
MAPK pathway inhibition in KRAS mutant cancers 

Portions of the work in this chapter are reprinted with permission from (24). In addition, 

the work described in this chapter was performed as part of a collaborative project jointly led by 

Peter Winter and Grace Anderson. Specifically, Peter Winter cloned and validated the 

miniaturized CRISPR library and performed all screens and paired analysis. Grace Anderson 

initially characterized the MAPK / SRC combination, validated it across models, and uncovered 

its mechanism of action. Peter Winter and Grace Anderson jointly conducted all remaining 

studies. 

3.1 Introduction 

Next, we were interested in developing genetic approaches that could rapidly 

define combination strategies to overcome intrinsic resistance in KRAS driven cancers. 

Thus, we turned our attention to the development and implementation of a scalable 

CRISPR-Cas9 based screening approach.  

3.1.1 KRAS mutations in cancer 

In 1982, the discovery of activating RAS mutations in human cancer cells 

launched an intensive effort to both understand this potent family of driver oncogenes 

and develop selective treatment strategies (122). Although more recent large-scale 

sequencing efforts have catalogued an extensive and growing list of driver mutations in 

human cancers, mutations in RAS family oncogenes, and in particular KRAS, remain 

among the most common oncogenic alterations in many cancers (122–124). After 
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neoplastic initiation, the continued reliance on mutant RAS signaling for tumor 

maintenance  provides a strong rationale to design therapies aimed at ablating its 

signaling activity (125, 126). 

3.1.2 Strategies to target RAS signaling 

The literature to date recognizes at least four strategies to interfere with mutant 

RAS signaling: (i) direct pharmacological inhibition of RAS, (ii) interfering with RAS 

membrane association, (iii) exploiting RAS synthetic lethal interactions, and (iv) 

inhibiting key RAS effector pathways (127). Although several groups have reported 

recent progress towards strategy (i) above, whether these can be advanced towards 

clinically active and selective inhibitors remains to be determined (128, 129). Similarly, 

while excitement surrounded the initial development of farnesyltransferase inhibitors 

that block the post-translational farnesyl lipid modification controlling RAS localization, 

the unexpected compensatory activity of a related enzyme rendered KRAS refractory to 

inhibition, explaining the disappointing clinical outcomes in KRAS mutant cancers (130). 

The strategy of selectively targeting RAS-driven cells by inhibiting mutation-induced 

synthetic lethal dependencies is a promising concept that has yielded actionable 

candidates, but one whose progress has been slowed by concerns about model system 

and reagent fidelity (131). Finally, as a result of promising early findings, the strategy of 

targeting key RAS effector pathways has emerged as the focus of most translational 

research efforts (132).    
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3.1.3 The promise and pitfalls of current combinatorial therapeutic 
strategies 

The activity of single agent therapies targeting individual RAS effector pathways 

is limited; however, combinations of inhibitors targeting multiple effector and/or 

feedback pathways have shown impressive activity in KRAS mutant model systems 

(133, 134). Specifically, the combined inhibition of MEK and the PI3K/AKT/mTOR 

pathway has been widely described, as have approaches combining MEK inhibitors 

with inhibitors of ERK feedback reactivation, including the receptor tyrosine kinases 

(RTKs) ERBB3, IGF1R, and FGFR1. More recent studies have also identified 

combinations targeting MEK alongside YAP1 and BCL-XL survival pathways as 

promising strategies for these tumors (46, 135–140). To date, however, these approaches 

have shown only limited clinical activity in patients with KRAS mutant cancers (141). 

Therapies targeting MEK alongside the PI3K/AKT/mTOR pathway have been limited by 

toxicities, making it difficult to achieve complete pathway inhibition in patients (142). 

Ongoing clinical studies involving strategies targeting MEK alongside feedback or 

alternative survival pathways have thus far revealed activity in only subsets of patients, 

a fact which is likely attributed to the intrinsic molecular, genetic, and clinical 

heterogeneity of KRAS mutant tumors (137). For example, recent integrative genomic 

analyses have revealed substantial diversity across, and even within, KRAS mutant 

tumors from distinct tissue types, a finding consistent with recent evidence that certain 

combination therapies may only have activity in defined tumor subsets (143, 144).    
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Together, these findings highlight three key unanswered questions. First, what is 

the landscape of druggable signaling pathways whose inhibition cooperates with 

inhibitors of KRAS effector signaling? Second, how do the activities of combination 

therapies targeting these pathways vary both across and within KRAS mutant tumors 

from distinct tissues? Finally, might a landscape view of drug target interactions shed 

light on strategies to build more effective combination therapies? To date, no studies 

have been powered to address these questions. Pooled RNA interference (RNAi) 

sensitizer screens are in principle suitable for the challenge, but historically they have 

only been performed with drugs targeting a single KRAS effector node in a single cell 

line (29, 46, 139, 140). Further, the deficiencies of RNAi-based methods in the areas of 

reagent fidelity and scalability make it difficult to use this approach to accurately map 

drug target interactions across a large matrix of cell lines and drug treatments (145). 

CRISPR/Cas9 screening methods have the potential to overcome these limitations by 

enabling the construction of high fidelity screening libraries that enable complete loss-

of-function with minimal off-target effects (54, 146). In this study, we sought to use a 

custom CRISPR/Cas9-based screening library to map the landscape of druggable 

pathways that cooperate with inhibitors of the key KRAS effectors MEK, ERK, and PI3K 

in KRAS mutant lung, colon, pancreas, and ovarian cancer models based on the 

hypothesis that such an effort may reveal potent and durable strategies to target these 

tumors. 
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3.2 Results 

3.2.1 Development of a CRISPR/Cas9-based method to identify drug 
sensitizers 

Recent work has demonstrated the ability of CRISPR/Cas9-based loss-of-function 

screening to efficiently identify essential genes in mammalian cells using one- and two-

plasmid lentiviral systems (54, 146–148). We chose to clone optimized short guide RNAs 

(sgRNAs) into a second generation single plasmid lentiviral system in which both an 

sgRNA and Cas9 are expressed from the same vector to create a custom screening 

library targeting 378 genes (5 guides per gene) alongside 50 non-targeting controls (148). 

These genes represent hand selected, key nodes in major oncogenic growth, survival, 

and metabolic pathways, RTKs, key druggable kinases and epigenetic modifiers, and 

frequently amplified or mutated oncogenes, genes that were judged to be both likely to 

modify drug sensitivity and are often druggable (Figure 8A). We intentionally limited 

the size of this library to ~2,000 sgRNAs to enable parallel screening across many 

adherent cell line / drug combinations, as this limited library size enables negative 

selection screening using 50-fold fewer cells than genome-wide libraries (e.g., 2x106 vs. 

1x108 cells per condition). To identify genes whose inhibition sensitized cells to drug 

treatments, cells were first transduced with the pooled library at a low multiplicity of 

infection (MOI = 0.2) and then cultured in the presence of sub-lethal drug doses for 3-4 

weeks followed by deconvolution with next generation sequencing (Figure 8A).  
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Figure 8: Construction and validation of miniaturized CRISPR/Cas9 library for 
drug sensitizer screening. A, Breakdown of the 378 genes included (top) and schematic 
depicting the construction and implementation of the 1,940 sgRNA library (bottom). B, 
Replicate comparison of gene-level essentiality phenotypes in the colorectal cancer cell 

line HCT116 pilot screen. The mean depletion metric (DM; t = 4 weeks / t = initial) for all 
5 constructs targeted to each gene in the library is plotted and fit to a linear model. 

Previously identified “core essential” genes  RPL5, SF3B1, PPP2R1A, SMC3, and U2AF1 
are noted in blue as positive controls (top). Replicate comparison of sensitizer 

phenotypes from HCT116 pilot screen. Cells were cultured in the presence of 0.1 µM 
AZD6244 or vehicle for 4 weeks. The mean depletion metric (DM; t = 4 weeks, drug / 
vehicle) for all 5 constructs targeted to each gene in the library is plotted and fit to a 

linear model. Select sensitizers identified in previous studies (BRAF, IGF1R, AKT1, and 
MAPK1) are noted in blue as positive controls. C, Log2(DM) for each gene in a 
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representative HCT116 MEKi sensitizer screen. The 50 control sgRNAs are randomly 
assigned to 10 control genes and are labeled in yellow. Hits in red are genes that scored 

reproducibly in the bottom 10% of genes in the library for both replicates (grey text, 
known sensitizer; red text, previously unknown sensitizer) Inset: Pharmacologic 

validation of sensitizers to the MEKi AZD6244 in HCT116 cells identified by the pilot 
screen (ERKi, SCH772984 0.02µM; IGFRi, GSK1838705A 1µM; PKCi LY317615 2µM; 

AKTi MK2206 10µM; RAFi LY3009120, 0.1µM, right). Data are GI50 values (mean ± SD 
of three replicates) in the presence of DMSO or the indicated sensitizer drugs. D, 

Replicate comparison of the DM (most active 3 sgRNAs per gene) for hits in the pilot 
screen (known sensitizers, blue; previously unknown sensitizers, orange). E, Replicate 
comparison of screens performed in two primary patient-derived CRC cell lines across 
the three inhibitors tested (SCH772984, ERKi; GDC-0623, MEKi; BKM-120, PI3Ki). Data 
are the DM for the 3 most active sgRNAs per gene. F, Relationship of control guides to 

hits in replicate 1 across all CRC screens (DM is the average of the 3 most active 
sgRNAs). Boxplots for the mean DM score of each hit and control in every CRC cell line 

for each drug screen (bottom right).  G, Screen results for ControlA1 (orange) and guides 
targeting CRKL (blue) are plotted and fit to a linear model (adj R2= 0.54; top). Cells 
expressing sgCRKL constructs were treated with the MEK inhibitor AZD6244 and 

normalized to cells expressing sgControl constructs. Data are fold change in GI50 values 
(mean ± SD of three replicates; bottom). *p<0.05 by Student’s t test.  

To validate drug sensitizer screening with CRISPR/Cas9, we first tested the 

approach in a well-defined model system. Specifically, we screened KRAS mutant 

HCT116 colorectal cancer (CRC) cells, a well-validated KRAS-dependent cell line, in the 

presence of the MEK inhibitor (MEKi) selumetinib (AZD6244), as several MEKi 

sensitizers have been previously identified in this cell line. Although our library lacked 

extensive representation of generally essential genes, the reproducibility of essentiality 

phenotypes in replicate screens confirmed consistent reagent behavior and identified 

several known “core essential” genes identified in a recent study (Figure 8B, top) (149).  

Drug screens were performed using a dose of 0.1 µM AZD6244, a concentration yielding 

on-target MEK inhibition and approximately 25% growth. After calculating the 

depletion metric (DM) for each sgRNA (its relative abundance in the presence of drug 
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normalized to the same quantity in the presence of vehicle), we converted sgRNA-level 

scores to gene-level scores by calculating the cumulative sum of the rank ordered scores 

derived using five common metrics: the mean and median scores for the five sgRNAs 

targeting each gene alongside the average score of the three best and two best sgRNAs 

per gene and the score of the second best sgRNA alone (for details, see Methods (57, 

150)). This multi-metric gene scoring method was used to minimize false positive hits by 

balancing the relative strengths and weaknesses of each metric. Using this approach, 

replicates were highly correlated for sensitizer phenotypes, and known sensitizers 

behaved as expected (Figure 8B, bottom). Nominally, we considered genes to be 

sensitizer hits when they scored in the bottom 10% of all genes in both replicates of a 

given screen (Figure 8C, hits indicated with red dots). All hits scoring at this threshold 

had multiply corrected p-values less than 0.05 (Benjamini-Hochberg correction), 

suggesting that they are likely to be true positives. Further, sensitizers from this screen 

could be validated in an eight-point growth inhibition-50% (GI50) assay (See Methods) 

using selective small molecule kinase inhibitors targeting sensitizer gene products 

(Figure 8C, inset). Importantly, non-targeting control sgRNAs, randomly binned into 10 

control genes, failed to score (Figure 8C, in yellow). The sensitizer phenotypes for hit 

genes were highly reproducible across replicate screens (Figure 8D), and included the 

previously identified sensitizers AKT1, RAF1 (C-RAF), BRAF, and IGF1R.  

Having validated the sensitizer screening method, we next performed screens to 

identify sensitizers to the MEKi GDC-0623, the ERKi SCH772984, and pan-PI3Ki 
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BKM120 (buparlisib). GDC-0623 and SCH772984 were chosen because of their abilities 

to selectively and potently inhibit both the kinase activities and feedback-mediated 

phosphorylation of their targets MEK and ERK, respectively.  Similarly, we chose a pan- 

rather than isoform-selective PI3K inhibitor BKM120 because isoform-selective 

inhibitors can be overcome by compensation by other isoforms (151, 152). Screens were 

performed in a panel of four KRAS mutant CRC models – two established cell lines 

(HCT116 and SW620) and two primary patient-derived xenograft (PDX)-established cell 

lines (CRC119 and CRC240) – at doses yielding on-target kinase inhibition and partial 

cell growth inhibition in each cell line (153). Correlation plots from replicate screens 

demonstrate that while screens with MEKi and ERKi identified numerous reproducible 

sensitizers, screens with PI3Ki yielded fewer and weaker sensitizers, perhaps reflecting 

the limited driver role for PI3K in KRAS-dependent effector signaling in these cancers 

(Figure 8E, where sensitizers are found in the lower left hand quadrant of each plot, and 

8F) (132). Additionally, the low passage PDX-derived cell lines behaved similarly to 

established cell lines, and both MEKi and ERKi screens produced broadly similar 

sensitizer profiles across all cell lines. Finally, as a demonstration of the reliability of the 

screening approach, we generated knockout lines for the adaptor protein CRKL. CRKL 

validation assays in all screened cell lines yielded consistent sensitizing phenotypes with 

the exception of SW620 (grey dots and bars), whose variable efficacy in validation assays 

mimicked that seen in the screen results for this cell line (Figure 8G). Taken together, 

these findings suggest that CRISPR/Cas9-based screens can reproducibly identify drug 
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sensitizers with low false positive hit rates, suggest consistency between screens 

performed in primary patient-derived and established cellular models, and underscore 

the extensive cooperation between inhibitors of the MEK/ERK pathway and other 

cellular targets in KRAS mutant CRCs.        

3.2.2 Mapping a landscape of combination therapies in KRAS mutant 
cancers 

To broaden our analysis to additional KRAS mutant tumor types, we next 

performed replicate screens in cellular models of KRAS mutant non-small cell lung 

adenocarcinoma (NSCLC) (Calu-6, A549, Calu-1), pancreatic ductal adenocarcinoma 

(PDAC) (Capan-1, Panc 02.03, Panc 03.27, and CFPAC-1), and ovarian mucinous 

carcinoma (MCAS) treated with GDC-0623, SCH772984, and BKM120 as above. By 

integrating the results of these screens with those performed in KRAS mutant CRC cell 

lines – a total of 70 screens (35 screens in duplicate) in 12 cellular models – we identified 

51 genes scoring as sensitizers to either MEKi, ERKi, or PI3Ki (top 10% in both replicate 

screens in ≥2 cell lines), with eight sensitizers scoring for PI3Ki and 47 sensitizers scoring 

for either MEKi or ERKi. When analyses were restricted by tissue type, a similar pattern 

was observed, with 3, 3, and 2 PI3Ki sensitizers observed in colon-, lung-, and pancreas-

derived models, respectively, and 24, 22, and 12 MEKi and/or ERKi sensitizers observed 

in the same models (Figure 9A).  
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Figure 9: Landscape view and validation of sensitizers to MEK/ERK inhibitors 
across KRAS mutant cancers. A, Comparison of hit frequency across tissues and drugs. 

A gene is considered a hit if it scores reproducibly in two cell lines per tissue. B, 
Hierarchical clustering of the Z-scored DM for the 3 most active sgRNAs per gene in 

each replicate for GDC-0623 (MEKi) and SCH772984 (ERKi) screens. For each condition, 
cells were grown either in vehicle or low doses of the indicated inhibitor for 3-4 weeks 

and then results were de-convoluted by deep sequencing (boxes highlight representative 
areas of heat, indicating groups of possible tissue-specific sensitizers). C, Table with 
representative processes and corresponding target genes that modulate sensitivity to 
MEK/ERK inhibition uncovered by the screens. D-F, Crystal violet staining of 7 day 

colony growth in cell lines treated with the indicated, candidate sensitizers. Cells were 
treated with the indicated inhibitors in combination with AZD6244 (MEKi) or ERKi 

(SCH772984) at the listed concentrations (ERK5i, XMD8-92; MDM2/4i, MI-773; EGFRi, 
Gefitinib; mTORC 1/2, Torin1; SRCi, dasatinib; CDK1i RO-3306). Data are a 
representative image of each experiment performed in duplicate. (G-I, top) 

Pharmacologic validation of 12 sensitizers. Mutant and wild type cells were tested in 8-
point GI50 assays with either SCH772984 (ERKi) alone or in the presence of a constant 

background concentration of the indicated drugs. Relative viability was measured at 72 
hours post-treatment using Cell Titer Glo. Dotted line indicates ERKi GI50 value for 

DMSO treated KRAS mutant cells. Data are mean ± SEM of three replicate experiments.  
(G-I, bottom) Similar to top, log2 transformed GI50 values for two KRAS mutant cell 

lines and one KRAS WT cell line per tissue. Data are normalized to DMSO treated 
samples for each cell line. (DNMT1i, Azacitadine 0.5µM; EZH2i UNC1999, 0.5µM; 

CDK2i Roscovitine, 5µM; CDK9i LDC000067, 2µM; CDK7i BS-181, 2µM; SRCi dasatinib, 
0.2µM; IGFRi, GSK1838705A 1µM; mTORC1 Rapamycin, 0.1µM; mTORC 1/2, Torin1, 

0.2µM; RAFi LY3009120, 1µM; CDK1i RO-336 5µM; CDK4/6i PD0332991, 2µM).   *p<0.05.  

To visualize the landscape of MEKi and ERKi sensitizers across tissues, we 

performed unsupervised hierarchical clustering of all sensitizers identified in at least 

two pairs of replicate MEKi or ERKi screens (n = 89 genes). This analysis revealed 

several overarching patterns. First, sensitizer profiles from replicate screens tended to 

cluster together, as did profiles from MEKi and ERKi screens in a given cell line. Second, 

sensitizer profiles generally clustered by tissue of origin, with pancreas and ovarian 

models clustering separately from colorectal and lung models, which were partially 

intermingled (Figure 9B). Our screens identified previously described MEKi sensitizers, 
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including those that function through the PI3K/AKT/mTOR pathway (AKT1, AKT2, 

RICTOR, MTOR, and IGF1R), through suppression of ERK pathway feedback 

reactivation (or incomplete pathway inhibition) (BRAF, RAF1, MAPK1, MAPK3, KRAS, 

and FGFR1), and through the YAP1 pathway (136–139, 154). Importantly, these screens 

also identified a myriad of cellular processes not previously implicated as therapeutic 

co-targets with MEKi or ERKi in KRAS mutant cancers. These druggable sensitizers 

included regulators of cell cycle and apoptosis (CDK1, CDK2, AURKA, AURKB, MCL1, 

and MDM4), glucose metabolism (SLC2A1/GLUT1, HK2, G6PD), RTK signaling (AXL, 

ERBB2, EPHA8, EPHB1, FGFR2, and PTPN11), survival signaling (SRC, MAPK14, 

MAPK7), chromatin state (EP300, KMT2A, EZH2, DNMT1, HDAC4, HDAC7, and 

HDAC8), and transcription (CDK7 and CDK9), as well as the currently undruggable 

oncogenic transcription factors MYC, NFE2L2, ZEB1, and SNAI2 (Figure 9B and C).  

To functionally validate the druggable sensitizers identified in primary screens, 

we began by testing a selection of hits identified in lung, pancreas, and colorectal cancer 

screens using pharmacological inhibitors of each sensitizer. Seven-day clonogenic 

growth assays confirmed greater than additive growth inhibition resulting from MEKi 

or ERKi plus sensitizer drug co-treatments in lung, pancreas, and colon cancer models 

(Figure 9D-F). To better understand the strength, spectrum of activity, and KRAS 

mutation selectivity of these combination therapies, we tested a broader panel of 

candidate sensitizers using validated small molecule inhibitors of each sensitizer. 

Inhibitors of known sensitizers mTORC1, B- and C-RAF (pan RAFi), and IGF-1R served 
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as positive controls. Specifically, we assessed sensitization to ERKi mediated by each 

candidate sensitizer in three cell line models for each tissue type (two KRAS mutant and 

one wild-type (WT)) using an eight-point GI50 growth assay. For pancreatic cancer, we 

modeled KRAS WT disease, which occurs in <5% of patients and is not well-represented 

by established cell lines, using hTERT-immortalized pancreatic ductal epithelial (DT) 

cells. We note that BxPC3 cells, which are sometimes used as models of KRAS WT 

disease, actually harbor a MAPK pathway dependency owing to a recently 

characterized, activating deletion in BRAF, and thus were not used in this setting (155, 

156). Overall, we pharmacologically validated 44/46 (96%) of the sensitizers examined in 

distinct tissues, in the process finding that while the strength of sensitization varied by 

tissue type and drug, each combination was more effective in the KRAS mutant setting 

(Figure 9G-I).  

3.2.3 SRC inhibitors cooperate with MEK/ERK inhibitors in a PIK3CA 
mutation-dependent manner 

In several instances, we observed genes whose knockout conferred differential 

sensitization across cell lines from a single tissue, suggesting the presence of secondary 

modifiers of sensitivity and leading us to hypothesize that some of these secondary 

modifiers may be mutationally encoded. For example, we observed that SRC knockout 

sensitized the CRC cell lines CRC119, CRC240, and HCT 116 to MEKi/ERKi, but not the 

SW620 cell line, differential sensitization that correlated with the presence of canonical 

activating PIK3CAH1047R mutations in the former lines, but not in the latter (Figure 10A). 

We confirmed this sensitization in eight-point GI50 assays that revealed that 
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pharmacological ERK inhibition conferred a highly synergistic, >100-fold sensitization to 

SRC inhibition in CRC240 cells (CI < 1.0 by Chou-Talalay method, Figure 10B (157).   
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Figure 10: Co-inhibition of the MEK/ERK pathway plus SRC induces 
synergistic apoptosis in KRAS/PIK3CA double mutant colorectal cancers (CRCs) 

through induction of BIM. A, At right, relative depletion of SRC across CRC screens. At 
left, rank ordered relative depletion scores (three-score) plotted for all 378 genes in a 
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KRAS/PIK3CA double mutant and a KRAS mutant/PIK3CA wild-type cell line. B, GI50 
for a SRC inhibitor (dasatinib) in the presence of either vehicle or a constant background 

dose of ERK inhibitor (VX-11e) in CRC240 cells. CI values are calculated for each dose 
on the curve. C, SRC inhibitor (dasatinib) sensitization score across a panel of CRC cell 

lines with indicated alterations in KRAS and PIK3CA. Sensitization score is calculated as 
the log10 ratio of the GI50 values for SRCi (dasatinib) relative to the same quantity in the 
presence of a constant background dose of 1 µM ERKi (VX-11e). Additive effects center 

at zero, antagonistic effects are negative, and sensitization effects are positive. D, 
Apoptosis measurements, reported as the percentage of annexin v+/7-AAD- cells in six 

CRC cell lines representing various mutational backgrounds treated with vehicle, a SRC 
inhibitor (dasatinib, 200nM), an ERK inhibitor (VX-11e, 1µM), or the combination of 

both. E, Immunoblots of P-AKT, T-AKT, P-ERK, T-ERK, and a loading control in four 
CRC cell lines representing different mutational backgrounds treated with vehicle, a 

SRC inhibitor (dasatinib, 1µM), a MEK inhibitor (AZD6244, 0.5µM), or the combination 
of both for 6 hrs. Loading control for CRC240 and LoVo is Histone H3 and control for 
CRC240 and SW480 is vinculin. Blots are cropped for clarity.  F, HCT116 xenografts 
treated with vehicle, SRCi (dasatinib 15 mg/kg, daily) or AKTi (MK2206 60 mg/kg, 

daily), MEKi (AZD6244 10 mg/kg, twice daily), or the combination of a MEKi with either 
SRCi or AKTi for 21 days, shown as tumor size at endpoint (top) or growth curve 

(bottom). G, Immunoblot of T-BIM and vinculin in four CRC cell lines representing 
different mutational backgrounds treated with vehicle, a SRC inhibitor (dasatinib, 1µM), 

a MEK inhibitor (AZD6244, 0.5µM), or the combination of both for 6 hrs. Blots are 
cropped for clarity. H, Apoptosis (annexin V+/7-AAD- percentage) following ectopic 

overexpression of BIM in the absence of drug in indicated CRC cell lines. I, 
Quantification by immunohistochemistry (IHC) for T-BIM in CRC patient samples 

stratified into WT/WT or KRAS/PIK3CA mutant groups. To the right are representative 
images of each case, also showing H&E staining. Error bars show data ± SEM. *p<0.05.  

Given the dramatic synergy and unclear mechanism(s) of action associated with 

SRC plus MEK/ERK pathway inhibition, we examined this combination in further detail. 

First, we tested the combination in a panel of 17 cellular models of CRC, 7 of which were 

PDX-derived primary cell lines. In this panel, 8 cell lines with mutations in both KRAS 

and PIK3CA (heretofore “double mutant”) exhibited pronounced sensitization in growth 

inhibition assays, while cell lines with either mutation alone, or WT for both, failed to 

respond (Figure 10C). Similarly, double mutant cell lines exhibited greater than additive 
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apoptosis induction following treatment with SRCi plus ERKi, while single mutant and 

WT/WT lines failed to respond (Figure 10D). Mechanistically, SRC inhibition blocked 

AKT phosphorylation and blunted MEKi-driven AKT feedback activation, but only in 

double mutant cells (Figure 10E). Further, combined SRCi plus MEKi therapy in mice 

bearing double mutant xenograft tumors led to greater than additive tumor growth 

inhibition, a result that could be phenocopied using the combination of a MEKi and an 

allosteric AKTi (Figure 10F). 

To better understand the mechanism of apoptosis induction following MEK/ERK 

pathway plus SRC inhibition, we reasoned that increased apoptosis implies a change in 

the stoichiometry of BH3-only proteins associated with the mitochondrial membrane, 

we probed lysates of KRAS mutant/PIK3CA mutant and KRAS mutant/PIK3CA WT cells 

for alterations in the levels of BIM (25, 158). Indeed, combination treatment at 6 hr and 

24 hr increased levels of the pro-apoptotic protein BIM only in KRAS/PIK3CA double 

mutant cells, with BIM increases being predominantly driven by ERK pathway 

inhibition (Figure 10G). This led us to hypothesize that BIM activation may be necessary 

and sufficient for the activity of the combination, a hypothesis we confirmed 

experimentally (Figure 10H). Interestingly, during the course of these experiments we 

noticed that ectopic BIM expression only induced marginal apoptosis in single mutant 

cell lines despite the established importance of this protein as a key activator of the 

intrinsic apoptotic pathway (Figure 10H) (90). Consistent with this observation, BIM 

protein was found to be expressed at significantly lower steady state levels in double 
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mutant cell lines and human patient tumors than in corresponding tumors having WT 

KRAS or PIK3CA alleles (Figure 10I). Collectively, these results demonstrate that 

KRAS/PIK3CA double mutant CRCs undergo apoptosis and tumor growth inhibition 

following treatment with inhibitors of SRC and the MEK/ERK pathway. Mechanistically, 

SRC inhibition appears to function by suppressing AKT phosphorylation only in double 

mutant tumors, an event that drives BIM activation when combined with MEK/ERK 

inhibition through both direct up-regulation of BIM protein levels and through 

suppression of BAD phosphorylation. Surprisingly, BIM induction only leads to 

apoptosis in double mutant tumors, an observation that may be explained by the fact 

that tumors lacking double mutations have evolved in the presence of high steady state 

BIM protein levels, and therefore are insensitive its death-inducing effects. Because SRC 

inhibition leads to AKT inhibition only in double mutant cells, and because these cells 

are particularly sensitive to BIM induction, this therapy may have a substantial 

therapeutic window that exceeds that of combined, direct MEK and AKT inhibition, 

which has failed clinically because of the toxicity associated with systemic inhibition of 

these pathways (141). 

3.2.4 Leveraging the landscape of sensitivity modifiers to suppress 
resistance 

As demonstrated above, large scale CRISPR/Cas9 screening can uncover potent 

combination therapies; however, it is clear from clinical experience that resistance can 

emerge even in the context of combination therapies to which patients initially respond 

(159). To better understand the potential for acquired resistance to combination 



73 

therapies in KRAS mutant cancers, and to credential the kinetics of resistance 

acquisition, we used time-to-progression (TTP) modeling (29). In this assay, 

KRAS/PIK3CA double mutation CRC cells developed resistance to single agent ERKi (as 

measured by the acquisition of exponential growth kinetics) on the time scale of three to 

four weeks, while the combination of SRCi plus ERKi delayed resistance by an 

additional two weeks (Figure 11A). To extend these studies, we performed TTP assays 

on a panel of additional, combination therapies arising from our screens. These assays 

focused specifically on inhibitor combinations targeting growth signaling pathways, as 

these agents may have near-term clinical potential. Interestingly, as in the case of the 

SRCi + ERKi combination, we observed delayed resistance emergence for each assayed 

combination therapy (Figure 11B). This observation implies that resistance to two drug 

combination therapies, while delayed relative to monotherapies, is likely to eventually 

arise, thereby placing an emphasis on defining strategies to more durably block 

resistance.  
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Figure 11: Leveraging the landscape of sensitizers to suppress resistance. A, 
Time to progression (TTP) assay in CRC240 cells treated with the ERKi (VX-11e, 1µM) + 
SRCi (dasatinib, 1µM) combination. Data are mean ± SEM of three replicates. B, TTP for 

several candidate CRC combinations tested in CRC119 cells. MEKi, AZD6244 1µM; 
IGFRi, GSK1838705A 1µM; SRCi, dasatinib 0.5µM; ERKi, SCH772984 0.1µM; AKTi, 

MK2206 5µM. C, Immunoblots of indicated targets in CRC119 cells treated with DMSO, 
MEKi  (AZD6244, 1µM), SRCi (dasatinib, 0.5µM), or the combination for 14 days and 

probed at the indicated times. Blots are cropped for clarity. D, Pairwise combinations of 
sensitizers in CRC119 cells to identify triple combinations (left). Triple combinations 

(red) were tested for their ability to shift the GI50 curves to a greater extent than either of 
the two body combinations (grey; center). Log2 fold shifts from baseline are shown for 
all combinations tested, where negative values indicate leftward shift of the curve as in 

the center plot. Data are mean ± SD of three replicate experiments. Drug identities as 
above except: RAFi, LY3009120 0.05µM; ERKi 0.05µM; SRCi 1µM.  E, CRC119 annexin 
V+ cells after 48 hours of treatment with the indicated combinations (MEKi, SRCi, and 
AKTi identity same as above). F, TTP assay for a candidate triple combination (MEKi 
AZD6244, 0.2µM; SRCi dasatinib, 1µM; AKT MK2206, 10µM). G, HCT116 xenograft 

treated with vehicle, MK-2206 (15 mg/kg, daily), dasatinib (15 mg/kg, daily) and 
AZD6244 (15 mg/kg, daily), or the triple combination. For average tumor volumes, each 
arm only plots the data up to the point at which the first mouse in the group reached the 

humane endpoint. To the right, a survival curve showing percent of mice with tumors 
less than 4X the starting volume at a given time. To the right of survival curve are the 

mouse weights for the triple combination group over the course of the study.   Data are 
mean ± SEM. *p>0.05.  
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Feedback and bypass signaling mechanisms have been well documented to limit 

the activity of MEK/ERK pathway targeted monotherapies in KRAS mutant cancers, and 

it is reasonable to hypothesize that similar mechanisms may also limit the activity of 

combination therapies, as has been demonstrated when combined BRAFi and MEKi 

therapies are used in BRAF mutant melanomas (160, 161). Indeed, in KRAS/PIK3CA 

double mutant CRC cells treated for two weeks with SRCi plus MEKi, we observed 

rebound of both ERK and AKT phosphorylation (Figure 11C). Reasoning that multiple 

mechanisms of feedback and bypass signaling may exist, and that these mechanisms are 

likely to be driven by the sensitizer hits identified in our primary screens, we 

hypothesized that these hits may be enriched for drug targets that can be combined to 

yield triple drug therapies that cause greater than additive cell death at low doses and 

delay TTP in vitro. Indeed, effective triple drug therapies have been previously 

described, but efficiently navigating the space of potential three drug combinations to 

identify those capable of suppressing resistance is technically challenging (44). To test 

this concept, we assembled panels of drugs targeting sensitizers that cooperate with 

MEKi in KRAS mutant colorectal and lung cancers (AKT, IGFR, RAF, ERK, SRC, 

MAPK7, and ERK5). First, we performed GI50 assays to quantify the degree to which 

each individual sensitizer, and all combinations of two sensitizers, potentiated the 

activity of MEKi. In most cases, combinations of two sensitizers potentiated the activity 

of MEKi more than either drug alone (Figure 11D), a result that translated to greater 

than additive apoptosis induction using low dose triple combinations (Figure 11E). 
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Importantly, low dose triple drug combinations also suppressed the emergence of 

resistance over time in multiple TTP models (Figure 11F). Additionally, low, tolerable 

doses of this triple combination could suppress resistance in vivo for a short period, 

however, the tumors ultimately rebounded on treatment (Figure 11G). Collectively, 

these data suggest that the landscape of MEKi and ERKi sensitizers identified by 

CRISPR/Cas9 screening identifies multiple, parallel mechanisms of resistance, and that 

by targeting these mechanisms in combination, it is possible to derive higher order drug 

combinations that suppress resistance in vitro. However, the eventual outgrowth of 

resistance to these triple combinations in vivo suggests that alternative approaches to 

delay resistance will be needed.  

3.2.5 Suppressing resistance by exploiting drug-induced apoptotic 
priming 

Although targeting signaling feedback-based resistance is a potentially viable 

approach to suppress resistance, an alternative approach is to take advantage of 

underlying properties shared by drug combinations. In agreement with our SRCi plus 

MEKi/ERKi findings, recent work has demonstrated that targeted therapies can tilt the 

balance of pro- versus anti-apoptotic signals in the mitochondria, “priming” cells for 

death (158). Indeed, BH3 profiling revealed that each pair of a selection of the most 

potent combination therapies targeting growth signaling pathways also forced KRAS 

mutant cells into a more primed state (Figure 12A) likely through the induction of BIM 

at the protein level, as only modest changes were observed in other candidate BCL-2 

family proteins (Figure 12B). Given recent evidence that cancer cells in a primed state 
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are more sensitive to treatment with cytotoxic chemotherapies, we reasoned that 

combination therapies may sensitize tumors to standard of care chemotherapy (110). 

Indeed, treatment of KRAS/PIK3CA double mutant colorectal cancer cells with ERKi 

plus SRCi sensitized these cells to 5-fluorouracil (5-FU), irinotecan, and oxaliplatin, the 

cytotoxic agents used in the standard-of-care regimens FOLFOX, FOLFIRI, and 

FOLFIRINOX, by over tenfold in GI50 assays (162). Further, treatment with low doses of 

ERKi, SRCi, and cytotoxics caused greater than additive apoptosis induction, delayed 

TTP in vitro, and suppressed the growth of a xenograft tumor model in vivo (Figures 

12D-F).    
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Figure 12: Leveraging the priming ability of two-body combinations to design 
triple combination therapies involving cytotoxic chemotherapies. A, BH3 profiling in 
the KRAS mutant CRC cell line HCT116 treated with the indicated combinations (MEKi 

AZD6244, 1µM; RAFi LY3009120, 0.5µM; IGFRi GSK1838705A, 3µM; SRCi dasatinib, 
0.5µM; ERKi SCH772984, 0.25µM; AKTi MK2206, 5µM). B, Immunoblot of indicated 

proteins in CRC119 CRC cell line treated with the indicated combinations (Drug 
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identities same as above with following doses: MEKi 1µM; RAFi 0.2µM; IGFRi 1µM; 
SRCi 0.5µM; ERKi 0.1; AKTi 5µM). Blots are cropped for clarity. C, Log2 transformed 
GI50 values for three separate cytotoxic chemotherapeutic drugs treated with either 

vehicle or a constant background dose of an ERKi (VX-11e), a SRCi (dasatinib), or the 
combination of both. D, Apoptosis measurements reported as percent annexin V+ cells 

treated with the indicated drugs for 48hrs in CRC240 cells. SRCi (dasatinib 100nM), 
ERKi (VX-11e 500nM), 5-FU (5µM), irinotecan (5µM), oxaliplatin (5µM). E, TTP in 

CRC119 cells treated with the indicated drugs. SRCi (dasatinib), MEKi (AZD6244). F, 
HCT116 xenograft treated with vehicle, Oxaliplatin (7.5 mg/kg once every 4 days), 

dasatinib (15 mg/kg, daily) and AZD6244 (10 mg/kg, twice daily), or the triple 
combination. To the right, a survival curve showing percent of mice with tumors less 

than 4X the starting volume at a given time. To the right of survival curves, mouse 
weights for the triple combination group over the course of the study. Error bars show 

data ± SEM. *p<0.05.  

Along with increasing overall apoptotic priming, BH3 profiling of cells treated 

with various combinations also revealed that drug treatment induced a newfound 

dependence on the anti-apoptotic protein BCL-XL, as indicated by an increased 

sensitivity to the BCL-XL-neutralizing HRK peptide (Figure 13A). Indeed, across 

combination therapies spanning KRAS mutant colorectal, lung, pancreas, and ovarian 

models, inhibition of BCL-XL (but not the related anti-apoptotic protein BCL-2) conferred 

greater than additive growth inhibition and apoptosis induction, suggesting that BCL-XL 

inhibitors may be a common method to increase the therapeutic window for drug 

combinations targeting KRAS effector and feedback pathways (Figure 13B-C). 

Interestingly, we note that the combination of BCL-XL and MEK inhibitors was 

previously proposed as a strategy to treat KRAS driven cancers (46). However, we found 

that this combination yielded more modest apoptosis induction than corresponding 

triple therapies, and further, that cells were able to rapidly develop resistance to this 

treatment, even when administered at high doses (Figures 13C-D), a feature which may 
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partially explain the heterogeneous clinical responses observed in patients treated with 

this combination (141). In contrast, when administered as part of a triple combination 

that maximally induces BIM expression, this approach blocked acquired resistance in the 

TTP assay performed using multiple cellular models (Figure 13D). The candidate MEKi, 

SRCi, BCL-XLi triple combination was also well tolerated and efficacious in a 

KRAS/PIK3CA mutant CRC xenograft model in vivo (Figure 13E).   
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Figure 13: Targeting the unmasked BCL-XL dependency to design triple 
combination therapies. A, BH3 profiling in KRAS mutant CRC (HCT116) and lung 

cancer (Calu6) cell lines treated with indicated combinations (Drug doses and identities 
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are the same as previously defined with the addition of ERK5i XMD8-92, 5µM). B, Log2 
transformed GI50 values for MEKi (AZD6244) in the presence of background treatment 

containing one of the sensitizers indicated (RAFi LY3009120 0.1µM; AKTi MK2206, 5µM; 
ERKi SCH772984, 0.05µM; SRCi dasatinib, 0.5µM; or IGFRi GSK1838705A, 1µM) and 

either a BCL-XL inhibitor (WEHI-539, 1µM) or a BCL2 inhibitor (ABT-199, 1µM) in two 
CRC cell lines. C, Apoptosis measurements reported as percent annexin V+ in CRC119 

cells treated with the indicated combinations. Each graph represents a different 
sensitizer in combination with a BCL-XL inhibitor and a MEK inhibitor (Drug identities 

same as in B). D, TTP assay in CRC240 cells treated with the indicated combinations 
(BCL-XLi WEHI-539, 1µM; SRCi dasatinib, 1µM; ERKi VX-11e, 1µM). E, HCT116 

xenograft treated with the indicated drugs. ABT-737 (BCL-2/BCL-XLi, 25 mg/kg, daily), 
Dasatinib (SRCi, 15 mg/kg, daily), AZD6244 (MEKi, 10 mg/kg, twice daily). To the right, 
a survival curve showing percent of mice with tumors less than 4X the starting volume 

at a given time. To the right of survival curves, mouse weights for the triple combination 
group over the course of the study.  F, Immunoblot of total BIM in CRC240 cells treated 

with an ERKi (VX-11e, 1µM) and a SRCi (dasatinib, 1µM) for 24hrs. Drugs were 
removed, then lysates were probed at the indicated time points. Blots are cropped for 
clarity. G, GI60 value for a BCL-XL inhibitor (WEHI-539) in CRC240 cells. Each of the 
bars on the graph represents the time at which the BCL-XL inhibitor was added to the 
cells after background dose of ERKi+SRCi (drug identities as above) was removed. The 
DMSO bar is the average of the DMSO values for each of the time points (0h, 6h, 12h, 

24h, 48h, 72h). H, Apoptosis measurements are reported as percent annexin V+ cells in 
CRC240 cells treated with each of the indicated drugs for each of the indicated times. 

BCL-XLi (WEHI-539, 1µM), ERKi (VX-11e, 500nM), SRCi (dasatinib, 100nM). Error bars 
show data ± SEM. *p<0.05.  

Finally, a potential clinical limitation of BCL-XLi is the fact that these inhibitors 

can cause on-target, reversible thrombocytopenia (163). To determine whether drug 

combinations that potentiate the activity of BCL-XLi in KRAS mutant tumors also 

exacerbate thrombocytopenia, we isolated platelets from fresh blood obtained from two 

healthy human donors, then treated them with BCL-XLi in the presence or absence of 

MEKi-based combination therapies. Further, the reversible nature of toxicities associated 

with these agents also suggests that serial or intermittent dosing regimens may be 

advantageous. Given the fact that BIM induction sensitizes cells to BCL-XLi, we 
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measured BIM protein levels over time following treatment with MEKi/ERKi-based 

combinations. After ERKi+SRCi removal, BIM levels in KRAS mutant cells remain 

elevated for at least 48 h (Figure 13F), suggesting that there could be an opportunity to 

temporally separate BIM-inducing combination treatment from BCL-XL inhibition. 

Consistent with this hypothesis, cells remained highly sensitive to BCL-XLi treatment for 

up to 48 h after the removal of ERKi+SRCi (Figure 13G-H). Collectively, the findings 

described in Figures 5-6 demonstrate that MEKi/ERKi-based combination therapies 

sensitize cells to apoptosis, unmasking a dependency on the pro-survival BCL-2 family 

protein BCL-XL. Because of these properties, combination therapies sensitize KRAS 

mutant tumors to both cytotoxic chemotherapies and BCL-XLi. Finally, owing to the 

temporal nature of BIM induction following treatment with combination therapies, it 

may be possible to schedule triple therapies by first administering a combination that 

drives BIM induction, then sequentially administering an agent such as a BCL-XLi that 

exploits that induction to drive apoptosis, an approach that may reduce systemic 

toxicities while retaining anti-tumor efficacy.  

3.3 Discussion 

CRISPR/Cas9-based loss-of-function screening has recently been shown to be a 

powerful approach in functional genomics owing to its ability to generate complete 

genetic loss-of-function mutations with minimal off-target effects relative to RNAi (164). 

Here, we applied this technology to design a strategy for drug sensitizer screening with 

low false positive hit rates, as evidenced by the fact that nearly all of the hits identified 
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in our screens could be validated using small molecule inhibitors of their encoded 

proteins. Coupling CRISPR’s high reagent fidelity with careful selection of a 

miniaturized, sub-genomic library, our pan-cell line analysis revealed the first working 

landscape of drug targets and pathways that sensitize KRAS mutant tumors to MEK, 

ERK, or PI3K inhibition. This analysis revealed both universal and tissue specific 

sensitizers that corroborate the known sensitizer literature while also uncovering 

numerous previously unknown sensitizer interactions targeting diverse cellular 

processes. Indeed, the literature to date has implicated combinations that largely target 

MAPK pathway feedback re-activation and RTK-induced PI3K pathway activation. Our 

screens revealed the unanticipated finding that diverse cellular processes can alter the 

sensitivity of KRAS mutant tumors to MEK/ERK pathway inhibition (Figure 2C), often 

in a manner that appears to be KRAS mutation-specific (Figure 2G-I). These findings 

warrant future studies to more deeply credential the mechanistic basis for, and 

translational potential of, these combination therapies, as well as to characterize the 

degree to which these combinations exhibit selectivity for KRAS mutant tumors relative 

to tissues with wild-type KRAS. Additionally, the breadth of these screens allowed for 

the identification of sensitizers with activity only in tissue- or mutationally-defined 

subsets of KRAS mutant tumors. Thus, this strategy may be well suited for mapping 

similar sensitivity landscapes in other tumor types.      

We identified PIK3CA mutations as secondary modifiers of sensitivity to 

combined SRCi plus MEKi/ERKi therapy in KRAS mutant CRC (165). Interestingly, this 
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combination’s selectivity for KRAS/PIK3CA double mutant tumors, which represent ~10-

11% of all CRCs (166), owes to two features: (1) SRC inhibits AKT phosphorylation, 

leading to BIM induction, only in double mutant tumors; and (2) double mutant tumors 

have significantly lower levels of BIM at steady state, and are therefore highly sensitive 

to BIM-induced apoptosis, a finding that is corroborated in cellular models, animal 

models, and primary human tumors. Previous studies have shown that high levels of 

pretreatment BIM can predict the apoptotic response of oncogene-addicted cancers to 

their cognate kinase inhibitors (135). Our data provide a contrasting case wherein 

double mutant CRC tumors maintain low levels of BIM and are therefore highly 

sensitive to its induction, whereas WT cells, which have presumably adapted to the 

presence of higher steady-state BIM levels, are insensitive to further increases. 

Importantly, these distinctions provide a therapeutic window, as combined SRC plus 

MEK/ERK inhibition leads to tumor growth inhibition in vivo. Several open questions 

remain, including the mechanisms by which SRC regulates AKT phosphorylation in 

PIK3CA mutant, but not WT, tumors, and how SRC/AKT inhibition cooperates with 

ERK pathway inhibition to induce BIM in this setting (142). Nevertheless, this strategy 

may be particularly promising clinically, as dual MEK/AKT inhibition, while promising 

in model systems, has failed clinically owing to toxicities caused by direct pathway 

inhibition in patients. Our data suggests that selective SRC inhibitors may make it 

possible to inhibit the AKT arm of this pathway selectively in tumors, thereby reducing 

systemic toxicity. However, one limitation of this work is that dasatinib, the compound 
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used to inhibit SRC in most of our assays, is a notoriously promiscuous compound with 

many potential targets (167). Although SRC was validated as a target in our assays using 

multiple genetic and pharmacological methods, we cannot rule out the possibility that 

some of the effects of dasatinib inhibition may owe to the inhibition of other 

complementary targets. Nonetheless, because drugs targeting SRC and MEK/ERK are 

clinically approved, the potential utility of SRC plus MEK/ERK inhibition is 

straightforward to test clinically.  

Finally, and surprisingly, we found that it was possible to rapidly acquire 

resistance to a selection of the most potent combination therapies uncovered in our 

screens, in particular those combinations targeting growth signaling pathways. By 

taking advantage of common features of the sensitizer landscape, we identified several 

strategies to potentially combat resistance. Specifically, by targeting feedback 

reactivation or drug-induced apoptotic priming – shared features of many of the 

combination therapies identified here - it is possible to derive triple drug therapies that 

suppress resistance evolution, using drug doses at which we observed no evidence of 

substantial toxicities in in vivo mouse models. To further address potential toxicity issues 

associated with these strategies, we suggest that it may be possible to schedule apoptosis 

targeting treatments in series by taking advantage of a treatment-induced therapeutic 

window, a finding that is the focus of ongoing studies. Additionally, it will be critical to 

determine through future studies whether the emergence of resistance can be more 

effectively delayed using combination therapies targeting alternative cellular processes 
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such as metabolism, chromatin state, and transcription. Together, the findings described 

here reveal a rich and biologically diverse landscape of cooperating drug therapies with 

activity in KRAS mutant cancers, providing a starting point for the design of next-

generation treatment strategies.      

3.4 Methods 

Cell lines and reagents 

All cell lines were grown at 37°C in 5% CO2. Colon cell lines were grown in RPMI 

10% FBS 1% penicillin / streptomycin, pancreas lines were grown in DMEM / F12 10% 

FBS 1% penicillin / streptomycin, Lung lines were grown in RPMI 10% FBS 1% penicillin 

/ streptomycin, Ovarian were grown in MEM 10% FBS 1% penicillin / streptomycin. 

CRC240 and CRC119 were generated by David Hsu (Duke University). All other cell 

lines were purchased from American Type Culture Collection (ATCC) or Duke 

University Cell Culture Facility (CCF). All cell lines were authenticated using Promega 

PowerPlex 18D kit or were purchased within 6 months from Duke CCF. Drugs were 

purchased from Selleck Chemicals, ChemieTek, MedChemExpress, Ontario Chemicals, 

Sigma-Aldrich, or APExBIO.  

Cloning CRISPR drug-sensitivity library 

Our sub-genomic CRISPR library was cloned following previous methods (146, 

148) using previously characterized sgRNAs (54). Five unique sgRNA inserts along with 

50 non-targeting controls were synthesized by Custom Array of the form: 
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GGAAAGGACGAAACACCGXXXXXXXXXXXXXXXXXXXXGTTTTAGAGCTA

GAAATAGCAAGTTAAAATAAGGC  

 ”X” denotes unique 20mer sgRNA sequence   

The oligo pool was diluted 1:10 in water and amplified using NEB Phusion 

Hotstart Flex enzyme master mix and the following primers: 

 

ArrayF: 

TAACTTGAAAGTATTTCGATTTCTTGGCTTTATATATCTTGTGGAAAGGACGAAA

CACCG 

ArrayR: 

ACTTTTTCAAGTTGATAACGGACTAGCCTTATTTTAACTTGCTATTTCTAGCTCTA

AAAC 

 

PCR Protocol: 98°C/30s, 18x[98°C/10s, 63°C/10s, 72°C/15s], 72°C/3min 

 

Inserts were cleaned with Axygen PCR clean-up beads (1.8x; Fisher Scientific) 

and resuspended in molecular biology grade water. lentiCRISPRv2 (Addgene ID# 52961) 

was digested with BsmBI (Thermo Fisher) for 2 hours at 37°C. The large ~ 13kB band 

was gel extracted after size-selection on a 1% agarose gel. Using 100ng of cut 

lentiCRISPRv2 and 40ng of sgRNA library inserts, a 20µL Gibson assembly reaction was 

performed (30min, 50°C). After Gibson assembly, 1µL of the reaction was transformed 
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into electrocompetent Lucigen cells and spread on LB-ampicillin plates and incubated 

overnight. After counting dilution plates to ensure library coverage, colonies were 

scraped and combined for plasmid extraction using a Plasmid Maxiprep kit (Qiagen). 

Lentivirus production, viral tittering and transduction  

Lentiviral production was performed as previously described with slight 

modification (20). HEK 293T cells were grown in 15cm to ~50% confluence. For each 

plate, transfection was performed using Fugene6 (Promega), 5.6ug of psPAX2, 0.625ug 

pVSVg, 6.25ug of library plasmid. After 30min of incubation at room temperature, the 

mixture was added to the cells and incubated overnight. The next day harvest media 

was added (DMEM 30% FBS). After 48 hours harvested virus was passed through a 0.45 

µm filter. Viral titers and transductions were performed as previously described (20).   

Pooled screening using CRISPR drug sensitizer library 

The desired cell line was seeded at 500,000 cells per well in 6-well plates and the 

next day transduced at an MOI of 0.2. After puromycin selection, a day two sample is 

taken to check library representation. Transduced cells were then maintained at 1000x 

coverage of the library in puro for 10 days to allow for the generation of knockout cells. 

After 10 days in puromycin, cells were split into vehicle and drug treatment conditions 

and maintained at 1000x library coverage, in a low dose of drug (~25% growth 

inhibition). After 3-4 weeks, DNA was extracted (DNeasy Blood & Tissue Kit, Qiagen) 

and prepared for sequencing as previously described (146). To determine essentiality 

phenotypes, the fractional representation (FR) for a given guide in the t=final condition 
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is compared to its FR in the t=initial condition giving the depletion metric (DM) for each 

guide. The 5 construct DMs per gene are then collapsed to gene level scores 

corresponding to their means and medians for all 5 guides, three score (best performing 

3 guides), GARP score (best two performing guides), and second best performing guide 

(150). The genes are then rank ordered by each metric and the sum of the ranks by each 

metric gives the cumulative score and determines the overall rank ordered list. The same 

analysis is carried out for the sensitizer phenotypes except the final time point is 

compared for both conditions, FR in the drug treated sample normalized to its FR in the 

vehicle treated sample. Thus, for a gene to score as a hit, it must be depleted specifically 

in the drug-treated condition.    

Short-term growth-inhibition assay (GI50) 

Cells were seeded into 96-well plates at 5,000 cells/well. To generate GI50 curves, 

cells were treated with vehicle (DMSO) or an eight-log serial dilution of drug. Each 

treatment condition was represented by at least three replicates. Three days after drug 

addition, cell viability was measured using Cell Titer Glo® (Promega). Relative viability 

was then calculated by normalizing luminescence values for each treatment condition to 

control treated wells. To generate GI50 curves for drug combinations, slight 

modifications are made. Primary drug was applied and diluted as above while the 

second drug was kept at a constant concentration across all wells except the DMSO-only 

condition. Viability for all primary drug dilutions was then calculated relative to 

luminescence values from the secondary drug-only condition. We plot the viability 
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versus concentration curve for drug A (normalized appropriately to the viability of cells 

treated with DMSO in media control). Next, we plot the viability versus concentration 

curve for drug A in the presence of a fixed dose of drug B (this time normalizing to the 

viability of cells treated with drug B alone). Sensitization of cells to drug A by drug B is 

evidenced by a leftward shift in the curve. Dose-response curves were fit using Graph 

pad/ Prism 6 software.       

Western blotting and antibodies 

Immunoblotting was performed as previously described (168)  and membranes 

were probed with primary antibodies (1:1,000 dilution) recognizing vinculin (CST#4650), 

H3 (CST#4499), BIM (CST#2933), p-AKT (S473,T308) (CST#4058, CST#13038), AKT 

(CST#4691), p-ERK (CST#9101), T-ERK (CST#4695), p-SRC (Tyr416) (CST#6943), T-SRC 

(CST#2123), Na, K-ATPase (CST#3010), T-BID (CST#2002), T-BAX (CST#5023), T-BCL-XL 

(CST#2764), T-MCL-1 (5453), B-Actin (CST#4970), T-p38 (CST#9212), p-p38 (CST#9211), 

T-p38α (CST#9218), p-HSP27 (Ser82) (CST#2401), T-HSP27 (CST#95357). 

Quantification of apoptosis by annexin-V 

Cells were seeded in six-well plates and treated the next day with either the 

indicated amount of drug, vehicle (DMSO), or combination.  Cells were incubated for 

two days, washed twice with ice-cold PBS, and resuspended in 1X annexin V binding 

buffer (10mM HEPES, 140mM NaCl, 2.5mM CaCl2; BD Biosciences).  Surface exposure 

of phosphatidylserine was measured using APC-conjugated annexin V (BD 

Biosciences).  7-AAD (BD Biosciences) was used as a viability probe.  Experiments were 
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analyzed at 20,000 counts/sample using BD FACSVantage SE.  Gatings were defined 

using untreated/unstained cells as appropriate.  

shRNA and ORF constructs 

TRC shRNA clones were obtained from the Duke RNAi Facility as glycerol 

stocks. Constructs were prepared in lentiviral form and used to infect target cells as 

previously described. X2 (HcRed) and myr-AKT1 sequence information can be found in 

Martz et al. (2014). BCL2L11 (Bim) ORF was obtained from transomic technologies 

(clone ID# TOLH-1508630).  

shSRC (1) TRCN0000038150 GACAGACCTGTCCTTCAAGAA 

shSRC (2) TRCN0000195339 CATCCTCAGGAACCAACAATT 

shBIM (1) TRCN0000001051 ATGGTTATCTTACGACTGTTA 

shBIM (2) TRCN0000001052 GTCTCGATCCTCCAGTGGGTA 

Clonogenic growth assay 

Cells were seeded at 2,000 cells per well. The next day cells were drugged at the 

indicated doses. Seven to ten days following drug addition, plates were rinsed with PBS 

and fixed and stained with 0.5% (wt/vol) crystal violet in 6.0% (vol/vol) gluteraldehyde 

solution (ThermoFisher Scientifics) for 30 min at room temperature. Plates were rinsed 

in distilled H2O and photographed the following day.    

BH3 profiling 

BH3 profiling was performed as previously described (97). Briefly, cells are 

resuspended in sample buffer containing JC-1 (a mitochondrial dye) and plated into a 
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384-well plate containing individual peptides of the BCL-2 family of proteins. 

Fluorescence is measured over time in order to capture the percentage of depolarization 

caused by each peptide. Slight modifications are made for drug incubations; cells are 

treated with drug for 16 hours prior to BH3 profiling as previously described (25, 158).   

Platelet isolation and growth inhibition studies 

Approximately 50 milliliters of fresh, whole blood was obtained from Texas Gulf 

Coast Medical. Five milliliters of a sodium citrate solution (3.8% w/vol in sterile water) 

was added to the blood and the sample was centrifuged for 10 minutes at 1,000 

RPM.  The platelet rich plasma (the top layer) was transferred to a new tube, centrifuged 

an additional 10 minutes at 1,000 RPM and the resulting plasma was transferred to a 

new 50 mL tube.  The sample was analyzed for red or white blood cell contamination 

under a microscope, and if pure was diluted with 3 volumes (relative to the final plasma 

volume) of RPMI 1640 media containing 10% FBS and 1% Pen. Strep. Platelets were then 

seeded in equal parts into 96-well plates. Drug was added 30 minutes later and after 24 

hours of drug incubation, platelet viability was measure by Cell Titer Glo® (Promega).   

Xenograft tumor studies 

Animal studies were approved by the Duke University Medical Center 

Institutional Animal Care and Use Committee. HCT116 cells (approximately 1x107 in 

PBS) were injected subcutaneously into 6-8 week old female athymic NOD/SCID gamma 

mice or nude mice (AKT triple). Once tumors reached ~100 mm3, mice were randomly 

assigned to treatment groups with 1) ABT737 Triple: dasatinib (15 mg/kg/day by oral 
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gavage); AZD6244 (10 mg/kg twice daily by oral gavage); ABT737 (25 mg/kg/day by IP 

injection); the dual combination of dasatinib + AZD6244; or the triple combination of 

drugs. 2) MK2206 Triple: MK-2206 (15 mg/kg/day by oral gavage); the dual combination 

of AZD6244 (15 mg/kg/day by oral gavage) + dasatinib (15 mg/kg/day by oral gavage); 

or the triple combination of drugs. 3) Oxaliplatin Triple: Oxaliplatin (7.5 mg/kg every 4 

days by IP injection); or the triple combination of AZD6244, dasatinib, and Oxaliplatin. 

Tumors were measured every other day with calipers and tumor volume was calculated 

using the formula length/2xwidth^2. Mice were housed under standard conditions and 

monitored daily for symptoms of morbidity, including weight loss, hunched posture 

and other humane endpoints.  

Mutational analysis of PIK3CA 

E542, E545, and H1047 sites were analyzed as previously described (121). 

Mutational analysis of KRAS 

G12, G13, Q61 sites were analyzed as previously described (169).  

In vitro TTP assay 

Cells were seeded at 300,000 per plate in 10cm dishes in duplicate or triplicate. 

The next day, drugs were added at indicated concentrations. One week later, plates were 

counted and 200,000 cells were re-plated with drug. This process was carried out until 

exponential growth rates were observed. Virtual cell counts were calculated based upon 

the number plated, the growth rate, and the counts each week. 

Patient Samples 
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Colorectal patient samples (paraffin embedded slices) were obtained from UNC-

CH (Autumn McRee) and were then sent to the Duke Pathology Research 

Immunohistology Lab for T-BIM staining. Samples were then sent to a pathologist 

(Shannon McCall) to be scored for T-BIM staining. Scoring was performed blinded to the 

mutational status of the samples.  

Statistical analysis 

Unless otherwise specified, student’s t tests, or for grouped analyses, one-way 

ANOVA with Tukey’s post-hoc test, were performed and p values < 0.05 were 

considered significant. Results are presented as means ±SEM.    

4.1 Introduction 

Portions of the work in this chapter are reprinted with permission from (170). 

 After focusing our efforts on defining apoptosis-inducing precision cancer 

therapies for oncogene-driven cancers, we turned our attention to developing 

combination strategies for targeting cancers that lack obvious oncogenic drivers. Below, 

I describe our efforts to define effective therapies for cancers with altered mitochondrial 

dynamics states.  

4.1.1 Mitochondrial dynamics in cancer 

Mitochondria exist along a dynamic continuum between fragmented and fused 

states. Fission/fusion dynamics regulate mitochondrial metabolism and apoptosis, and 

emerging data suggest that tumors alter mitochondrial dynamics homeostasis to 

promote their growth and survival (171–176). Previous studies have demonstrated that 
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mitochondrial dynamics regulate critical cellular, physiological, and pathophysiological 

processes that include apoptosis, cellular metabolic programs, and mitochondrial health 

(177–180). For example, sumoylation of a critical fission protein, dynamin-related 

protein 1 (Drp1), is required to maintain the endoplasmic reticulum (ER)-mitochondrial 

signaling network necessary for apoptosis (181). Further, recent work has established 

that mitochondrial fission is important for the normal physiological clearance of 

apoptotic cells by macrophages (182). Alterations in mitochondrial dynamics are also 

implicated in various disease states, including diabetic stress (i.e. high glucose-induced 

ROS) and neurodegeneration, the latter of which is associated with disruption of 

fission/fusion cycles (183, 184). Lastly, dysregulation of mitochondrial dynamics is a key 

feature of aging; for example, loss of optic atrophy 1 (OPA1), a key mitochondrial fusion 

protein, contributes to skeletal muscle loss in aging mice (177, 185). 

Because mitochondrial dynamics broadly impact cellular apoptosis and 

metabolism, it is perhaps unsurprising that emerging studies have begun to demonstrate 

that tumors alter their mitochondrial dynamics homeostasis to promote their growth 

and survival (186). Notably, signaling downstream of mutant KRAS in pancreatic 

cancers leads to mitochondrial fragmentation and increased activation of Drp1, 

processes that are required for KRAS-driven tumor growth in vivo (173, 174). In addition, 

recent studies also suggest that mitochondrial dynamics are important for regulating 

metastatic phenotypes such as invasion and migration in breast and thyroid cancers 

(187, 188). 
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4.1.2 Cancer contexts that might benefit from targeting mitochondrial 
dynamics 

In light of the observation that mitochondrial dynamics are frequently altered in 

human cancers and the likelihood that these alterations broadly impact cell physiology, 

there exists an imperative to define therapeutic vulnerabilities driven by changes in 

mitochondrial dynamics networks. If identified, such vulnerabilities could have a 

substantial impact in cancers for which the primary oncogenic driver is either unknown 

or undruggable (e.g. pancreatic ductal adenocarcinoma (PDAC), high-grade serous 

ovarian cancer (HGSOC), and triple-negative breast cancer (TNBC)). Further, even in 

settings like BRAF mutant melanoma and EGFR mutant non-small cell lung cancer 

(NSCLC), where effective precision therapies have been established, targeted therapies 

often yield incomplete and transient responses (22, 33, 36, 189). Thus, the discovery of 

vulnerabilities associated with altered mitochondrial dynamics could lead to both new 

targeted therapies for tumors that have been historically refractory to such approaches 

as well as strategies to augment the activity of existing drugs. In this study, we use 

genomic and pharmacological approaches to establish that perturbations to 

mitochondrial dynamics regulating proteins lead to targetable vulnerabilities. 

4.2 Results 

4.2.1 Computational proof-of-principle for altered drug sensitivity 

To explore the hypothesis that dysregulated mitochondrial dynamics may 

impact drug sensitivity, we began by examining the alteration status of six canonical 

dynamics-regulating genes - OPA1, MFN1, MFN2, FIS1, MFF, and DNM1L (which 
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encodes Drp1) - in human cancers. Using publicly available datasets from The Cancer 

Genome Atlas (TCGA), we found that four of these genes – OPA1, MFN1, FIS1, and 

DNM1L - are recurrently amplified in certain cancers at frequencies exceeding 5%: 

HGSOC, breast cancer, head and neck squamous cell carcinoma (HNSSC), pancreatic 

cancer, and lung cancer (using a pan-analysis of lung adenocarcinomas and lung 

squamous cell carcinomas) (Figure 14a) (14, 33, 36, 190–192). By contrast, we observed 

no evidence of a recurrent copy number loss or mutations in these genes. To examine 

whether tumors with amplifications in mitochondrial dynamics-regulating genes harbor 

unique drug sensitivities, we queried publicly available drug sensitivity data from over 

1,000 genomically annotated cancer cell lines treated with a panel of 265 anti-cancer 

drugs (39). Specifically, we classified cell lines from each of the tissues above as either 

amplified or non-amplified for each of these genes, controlling for amplifications in 

neighboring oncogenes KRAS (DNM1L), BRAF (FIS1), mTOR (MFN2), and PIK3CA 

(MFN1 and OPA1). Next, we searched for drugs with differential potency in amplified 

versus non-amplified cell lines using a Benjamini-Hochberg corrected p-value threshold 

of p < 0.05 by Welch’s t-test. In many cases, differences in sensitivity to distinct classes of 

drugs were evident when cell lines were stratified based on the amplification status of 

dynamics-regulating genes (Figure 14b). For example, breast cancer cell lines harboring 

DNM1L amplifications exhibited hypersensitivity to the ER stress-inducing drug 

thapsigargin and the XIAP inhibitor embelin as well as resistance to chemically distinct 

inhibitors of the phosphoinositide 3-kinase (PI3K) pathway (Figure 14c,d). Collectively, 
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these data demonstrate that canonical mitochondrial dynamics-regulating genes are 

recurrently amplified in human cancers and suggest that cancers with amplifications in 

dynamics regulating genes may harbor unique and actionable drug sensitivities.  
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Figure 14: Computational proof-of-principle that cancers with altered 
mitochondrial dynamics exhibit differential drug sensitivity. a, Top, pie charts in five 

major cancer types summarizing the percentage of tumors with amplifications in 
DNM1L, OPA1, MFF, MFN1, MFN2, or FIS1, using publicly available data from the 
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TCGA. Bottom, bar graphs summarizing the percentage of amplifications in each of the 
six genes from above. b, The number of drugs from a dataset of 265 drugs with 

statistically significant differences in sensitivity when cell lines of a given cancer type are 
stratified based upon amplification status of each of the six genes listed above making 
sure to control for amplifications in neighboring oncogenes. c, Examples of the drug 

sensitivity differences from b) in DNM1L amplified breast cancer. d, Four drugs from c) 
are shown to illustrate the differences in drug sensitivity between DNM1L amplified 
breast cancer versus wild-type breast cancer. *p < 0.05 by Welch’s t-test. AUC = area 

under the curve for the drug sensitivity assay. 

4.2.2 Isogenic screening identifies drugs with differential sensitivity 

To broadly define the impact of altered mitochondrial dynamics proteins on 

drug sensitivity, we next used high-throughput drug screening in isogenic cell lines. 

Specifically, we first generated isogenic models of dysregulated dynamics in a HGSOC 

cell line (TYKNU) using CRISPR-Cas9 mediated knockout of OPA1 or DNM1L and 

confirmed that these manipulations increased mitochondrial fragmentation or 

connectivity, respectively (Figure 15a). Isogenic derivatives were then screened in 

duplicate with a ~2,100 compound drug library at two different drug doses (2µM and 

10µM) (Figure 2b). After 72 hours, cell viability was determined, then normalized to 

vehicle treatment to account for differences in growth rates. Hits were determined by 

calculating the ratio of normalized viabilities for each drug in knockout derivatives 

compared to cells expressing a non-targeted control sgRNA. Drugs with increased 

potency in knockout cells were identified as those scoring ~2.5 standard deviations away 

from the mean (Log2(knockout/control) < -0.5), whereas drugs with decreased potency in 

knockout cells were identified as those scoring ~3.5 standard deviations from the mean 

(Log2(knockout/control) > 0.7), where in both cases stringent scoring thresholds were 
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chosen to exceed the full range of scores observed in 816 empty control wells. (Figure 

15b).  

 

Figure 15: 2,100 compound small-molecule screening in isogenic models of 
dysregulated dynamics uncovers differential drug sensitivities. a, Immunoblot of 

OPA1, Drp1, or a loading control in TYKNU cells transduced with a control CRISPR or 
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three independent sgRNAs targeting either OPA1 or DNM1L. Immunoblots are cropped 
for clarity. Immunoblot is representative of three independent experiments. b, Schematic 

of the small-molecule screening method. c, Left, snake plot depicting the 
Log2(sgOPA1/sgCTRLA1) cellular viability ratio across 2,100 compounds at two doses 

per compound. Right, snake plot depicting the Log2(sgDNM1L/sgCTRLA1) cellular 
viability ratio across 2,100 compounds at two doses per compound. Blue indicates a 
sensitivity, red indicates a resistance. d, A count of the number of hits in each of the 

conditions listed. e, A plot showing the Log2(sgOPA1/sgCTRLA1) versus the 
Log2(sgDNM1L/sgCTRLA1) cellular viability ratios across three classes of drugs 

involving autophagy, transmembrane transporters, and apoptosis. Red indicates a 
compound that passes the hit-calling threshold for at least one knockout derivative. f, A 

plot showing the Log2(sgOPA1/sgCTRLA1) versus the Log2(sgDNM1L/sgCTRLA1) 
cellular viability ratios for drugs targeting nucleotide metabolism. Red indicates drugs 

that target purine metabolism and blue indicates drugs that target pyrimidine 
metabolism. g, A boxplot showing the Log2(knockout/control) cellular viability ratio for 
drugs that target guanine versus those that target adenine. Data are mean ± SEM. *p < 

0.05 by one-way ANOVA. h, The Log2(mDivi-1 25 µM/vehicle) GI50 for purine targeting 
drugs guanosine, penciclovir, adefovir dipivoxil, or pyrimidine targeting drugs, 

gemcitabine or 5-FU. Data are mean ± SEM. *p < 0.05 by one-way ANOVA. i, GI50 curves 
for guanosine, adefovir dipivoxil, and gemcitabine in TYKNU cells transduced with a 

control targeting sgRNA or three independent sgRNAs targeting either OPA1 or 
DNM1L (n=3). Data are mean ± SEM. *p < 0.05 by one-way ANOVA. 

Dysregulated mitochondrial dynamics (through OPA1 or DNM1L loss), both in 

the direction of increased fragmentation and increased connectivity, altered drug 

sensitivities, conferring resistance to some drugs and sensitivity to others (Figure 15c). 

Specifically, increasing mitochondrial fragmentation via OPA1 loss tended to cause 

increased resistance to drug treatments - consistent with published studies which, when 

taken together, indicate that a fragmented mitochondrial network is associated with 

general chemo-resistance (193–195) – while increasing connectivity via DNM1L loss 

tended to cause increased drug sensitivity (Figure 15d). We observed classes of drugs 

with increased potency in cells with increased fragmentation, increased connectivity, or 

both. For example, while sensitivity to drugs targeting autophagic processes were 
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unaffected by alterations in mitochondrial dynamics, drugs targeting transmembrane 

transporters often exhibited increased potency in cells with increased connectivity (but 

not increased fragmentation), and a subset of drugs targeting apoptotic processes 

exhibited increased potency in cells exhibiting increased fragmentation or increased 

connectivity (Figure 15e). A particularly interesting example of the latter phenomenon 

were drugs targeting nucleotide metabolism (Figure 15f). Within this class, drugs 

targeting purine metabolism showed enhanced potency in cells with increased 

fragmentation or connectivity, while drugs targeting pyrimidine metabolism did not. 

Further, sub-stratification of purine targeting drugs based on the nucleotide targeted by 

each drug (adenine or guanine) revealed that guanine targeting drugs exhibited 

increased potency in both isogenic derivatives, while adenine targeting drugs exhibited 

no change in potency (Figure 15g). The increased potency of agents targeting guanine 

metabolism in cells with altered dynamics was validated in secondary GI50 assays using 

drugs targeting guanine (guanosine, penciclovir) versus adenine (adefovir, dipivoxil) or 

pyrimidine metabolism (Gemcitabine and 5-FU), using both genetic approaches and 

pharmacological Drp1 inhibition with the compound mDivi-1 (Figure 15h,i). 

Collectively, these data suggest that loss of OPA1 or DNM1L can impact drug 

sensitivity, and that certain classes of drugs exhibit increased potency in cells with 

increased fragmentation or increased connectivity. 
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4.2.3 Small molecule screens nominate SMAC mimetics as a 
vulnerability 

As a class, drugs targeting apoptosis contained the highest fraction of agents 

with increased potency in cells with both increased fragmentation and increased 

connectivity. Within this category, we noted a particularly striking enrichment for 

SMAC mimetics – inhibitors of the pro-survival inhibitor of apoptosis (IAP) family of 

proteins that exhibit low potency as single agents in most solid tumors. Specifically, all 

five SMAC mimetics within the library of ~2,100 screened compounds scored with 

increased potency in cells with altered dynamics, often in both OPA1 and DNM1L 

knockout derivatives, implying that cells with altered levels of dynamics regulating 

proteins exhibit an increased dependence on IAP proteins (Figure 16a). We validated 

these findings using genetic knockouts of OPA1 and DNM1L in eight-point GI50 assays 

(Figure 16b). Further, the relationship between altered dynamics protein levels and 

sensitivity to SMAC mimetics was not a unique feature of TYKNU cells or HGSOCs, as 

knockout of OPA1 or DNM1L similarly potentiated the toxicity of SMAC mimetics in 

cell lines derived from non-high grade ovarian carcinoma (MCAS and TOV-112), lung 

adenocarcinoma (PC9), melanoma (A375), breast cancer (T47D), and pancreatic cancer 

(Panc03.27) (Figure 16c-f).  
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Figure 16: Dysregulated mitochondrial dynamics confer sensitivity to SMAC 
mimetics in many cancer types. a, Log2(knockout/control) cellular viability ratios for 

compounds that score as sensitive hits in the apoptosis category. Arrows point to 
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compounds that are IAP inhibitors. b, GI50 values for three SMAC mimetics (LCL161, 
BV6, Birinipant) in TYKNU cells transduced with a control targeting sgRNA or three 

independent sgRNAs targeting either OPA1 or DNM1L (n=3). Data are mean ± SEM. * p 
< 0.05 by one-way ANOVA. c, Same as b) but using MCAS cells. Right, immunoblot of 

OPA1 or Drp1 in MCAS cells transduced with a control targeting sgRNA, or three 
independent sgRNAs targeting either OPA1 or DNM1L. Immunoblots are representative 

of three independent experiments. d, Same as c) but using PC9 cells. e, Same as c) but 
using A375 cells. f, Same as c) but using T47D cells. g, GI50 value for BV6 in breast cancer 
cell lines stratified as either amplified in one of six genes (DNM1L, OPA1, MFF, MFN1, 
MFN2, FIS1) (BT20, MDAMB453, BT474, and MCF10A) or wild-type for all six genes 

(HCC1395, T47D, MDAMB436, CAL51) (n=3) Data are mean ± SEM. * p < 0.05 by 
student’s t-test. h, GI50 value to BV6 in lung cancer cell lines stratified as either amplified 
in one of six genes (DNM1L, OPA1, MFF, MFN1, MFN2, FIS1) (CALU-6, H1703, CALU-
1, H2228) or wild-type for all six genes (H1048, NCIH596, A549, HCC827) (n=3) Data are 

mean ± SEM. * p < 0.05 by student’s t-test. i, GI50 values for three SMAC mimetics 
(LCL161, BV6, Birinipant) in an advanced model of endocrine resistant breast cancer, 

MCF7T (n=3), treated with either vehicle or mDivi-1 (3 µM). Data are mean ± SEM. * p < 
0.05 by student’s t-test. Orthotopic xenograft model showing tumor volume over time in 

cohorts treated with either vehicle, mDivi-1 (Drp1 inhibitor), MLN-0128 (mTORC1/2 
inhibitor), or the combination of both (see methods for dosing, n in each group, and 

statistics). 

Translationally, these findings could have important implications. First, they 

suggest that tumors with genomic amplification of canonical mitochondrial dynamics-

regulating genes (OPA1, DNM1L, MFN1, MFN2, FIS1, and MFF) may have increased 

sensitivity to SMAC mimetics in the event that such amplifications engender structural 

changes to the mitochondrial network—a relationship that has not been fully elucidated. 

Nonetheless, in panels of breast and lung cancer cell lines, we observed increased, often 

submicromolar sensitivity to SMAC mimetics in cell lines with copy number 

amplifications, while cell lines lacking amplifications were insensitive (Figure 16g,h). 

Second, these findings suggest that direct pharmacological dysregulation of 

mitochondrial dynamics in tumors lacking genomic amplifications in dynamics-
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regulating genes may potentiate the toxicity of SMAC mimetics. Consistent with this 

hypothesis, these results were validated in an orthotopic, in vivo model of advanced 

endocrine therapy resistant breast cancer, where co-treatment with mDivi-1 and the 

SMAC mimetic BV6 reduced tumor growth and extended survival relative to single 

agent treatments, without evidence of toxicity (Figure 16i). Together, these data 

demonstrate that diverse tumors with genetically- or pharmacologically-induced 

perturbations to mitochondrial dynamics regulating proteins are vulnerable to treatment 

with SMAC mimetics and other targeted apoptosis-inducing compounds. 

4.2.4 Drp1 loss leads to apoptosis through leakiness of cytochrome c 

Having established that tumors with dysregulated mitochondrial dynamics are 

hypersensitive to SMAC mimetics, we turned our attention to understanding the 

mechanisms that regulate drug sensitivity in cells with increased connectivity. First, 

using several structurally distinct SMAC mimetics we observed, in multiple cell lines, 

that sensitivity was associated with increased apoptosis, as combined genetic or 

pharmacological inhibition of IAPs and Drp1 led to increases in annexin V+ staining 

(Figure 17a). IAP proteins inhibit apoptosis downstream of cytochrome c release from 

depolarized mitochondria, and a recent report demonstrated in colorectal cancer cells 

that long-term suppression of Drp1 led to leakiness of cytochrome c (196). Consistent 

with this concept, subcellular fractionation experiments in MCAS and A375 cells 

transduced with Cas9 and either a non-targeting sgRNA or a DNM1L targeting sgRNA 
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revealed increased cytosolic levels of cytochrome c in cells with increased mitochondrial 

connectivity (Figure 17b).  

 

Figure 17: DNM1L loss leads to release of cytochrome c into the cytosol 
resulting in low level caspase cleavage. a, Percentage of annexin V+ MCAS cells 

transduced with a control targeting sgRNA or a sgRNAs targeting DNM1L (n=3). Data 
are mean ± SEM. * p < 0.05 by sudent’s t-test. b, Immunoblot of cytochrome c or AIF in 
whole cell lysate, membrane fraction, cytosolic fraction, and nuclear fraction of MCAS 
cells transduced with a control sgRNA or a representative sgRNA targeting DNM1L. 
Immunoblots are representative of three independent experiments. AIF is used as a 

control for contamination of the cytosolic fraction. c, Left, immunoblot of vinculin, Drp1, 
and c-caspase 9 in MCAS cells transduced with control sgRNA or two independent 

sgRNAs for DNM1L. Immunoblots are representative of two independent experiments.  
Right, raw luminescence units of caspase 9 activity in MCAS cells transduced with 

control sgRNA or two independent sgRNAs for DNM1L (n=3). Data are mean ± SEM. *p 
< 0.05 by one-way ANOVA. d, Ratio of JC-1 fluorescence (595 nm/535 nm) in MCAS cells 

transduced with control sgRNA or three independent sgRNAs for DNM1L (n=3). Data 
are mean ± SEM. *p < 0.05 by one-way ANOVA. e, Left, DCFDA raw fluorescence units 

minus no stain fluorescence units in MCAS cells transduced with control sgRNA or 
three independent sgRNAs for DNM1L (n=3). Data are mean ± SEM. *p < 0.05 by one-
way ANOVA. Middle, DAF-FM raw fluorescence units minus no stain fluorescence 

units in MCAS cells transduced with control sgRNA or three independent sgRNAs for 
DNM1L (n=3). Data are mean ± SEM. *p < 0.05 by one-way ANOVA. Right, mitosox raw 
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fluorescence units minus no stain fluorescence units in MCAS cells transduced with 
control sgRNA or three independent sgRNAs for DNM1L (n=3). Data are mean ± SEM. 
*p < 0.05 by one-way ANOVA. f, Log2(sgDNM1L/sgCTRLA1) BV6 GI50 value in MCAS 
cells treated with either vehicle or one of the following: NaC (10 mM), Tiron (1 mM), 
Carboxy-PTIO (100 µM) (n=3). Data are mean ± SEM. *p < 0.05 by one-way ANOVA. 

After confirming cytochrome c leakage into the cytosol in cells lacking DNM1L, 

we reasoned that this should result in low levels of caspase 9 cleavage, since this is the 

initiator caspase that interacts with apaf-1 to form the apoptosome downstream of 

mitochondrial cytochrome c release. By contrast, cytochrome c leakage should not cause 

caspase 8 cleavage, as this is the initiator caspase primarily involved in extrinsic 

apoptosis (61). Indeed, immunoblotting of c-caspase 9 in MCAS cells lacking DNM1L 

revealed low levels of steady state caspase 9 cleavage, a result that was independently 

validated in a secondary luminescence assay (Figure 17c). Finally, to understand the 

nature of the changes occurring in the function and integrity of the mitochondria that 

facilitate passive release of cytochrome c, we assessed changes in mitochondrial 

membrane potential and steady state levels of ROS. Consistent with recent evidence, we 

found that DNM1L loss led to decreased mitochondrial membrane potential and 

increased levels of ROS (mitochondrial superoxide and nitric oxide) (Figure 17d,e)(193). 

These changes were functionally important for SMAC mimetic sensitivity, as treatment 

with the non-specific ROS scavenger N-acetyl-cysteine (NaC) and the superoxide 

specific scavenger, Tiron, rescued the sensitivity of DNM1L knockout cells to BV6, while 

the nitric oxide specific scavenger exhibited weaker effects, suggesting that ROS 

induction is important for SMAC mimetic mediated cell death and likely occurs 
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upstream of cytochrome c release (Figure 17f). Together, these results suggest that 

increasing mitochondrial connectivity via genetic loss of DNM1L or pharmacological 

Drp1 inhibition leads to increased ROS levels and decreased membrane potential, 

resulting in the leakage of cytochrome c, low level, steady-state caspase 9 cleavage, and 

potentiation of apoptosis induction by SMAC mimetics.  

4.2.5 OPA1 loss leads to apoptosis through induction of eIF2a-ATF4-
CHOP 

After establishing the mechanism(s) underlying sensitivity to SMAC mimetics in 

cells with increased mitochondrial connectivity, we hypothesized that similar changes 

may be occurring in mitochondrial function and integrity in cells with increased 

fragmentation. Indeed, we observed increases in annexin V+ cells, decreased membrane 

potential, and increased steady-state ROS levels (mitochondrial superoxide and nitric 

oxide) in cells lacking OPA1 relative to controls (Figure 18a-c).  
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Figure 18: OPA1 loss leads to induction of ER stress markers and changes in 
the levels of cleaved caspases. a, Percentage of annexin V+ MCAS cells transduced with 
a control targeting sgRNA or a sgRNAs targeting OPA1 (n=3). Data are mean ± SEM. * p 

< 0.05 by student’s t-test. b, Ratio of JC-1 fluorescence (595 nm/535 nm) in MCAS cells 
transduced with control sgRNA or three independent sgRNAs for OPA1 (n=3). Data are 

mean ± SEM. *p < 0.05 by one-way ANOVA. c, Left, DCFDA raw fluorescence units 
minus no stain fluorescence units in MCAS cells transduced with control sgRNA or 

three independent sgRNAs for OPA1 (n=3). Data are mean ± SEM. *p < 0.05 by one-way 
ANOVA. Middle, DAF-FM raw fluorescence units minus no stain fluorescence units in 
MCAS cells transduced with control sgRNA or three independent sgRNAs for OPA1 

(n=3). Data are mean ± SEM. *p < 0.05 by one-way ANOVA. Right, mitosox raw 
fluorescence units minus no stain fluorescence units in MCAS cells transduced with 

control sgRNA or three independent sgRNAs for OPA1 (n=3). Data are mean ± SEM. *p 
< 0.05 by one-way ANOVA. d, Immunoblot of indicated proteins from the UPR and 

apoptosis pathways in MCAS cells transduced with control sgRNA or three 
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independent sgRNAs for OPA1. Immunoblots are representative of three independent 
experiments. e, Log2(sgOPA1/sgCTRLA1) BV6 GI50 value in MCAS cells treated with 

either vehicle or one of the following: NaC (10 mM), Tiron (1 mM), Carboxy-PTIO (100 
µM) (n=3). Data are mean ± SEM. *p < 0.05 by one-way ANOVA. f, 

Log2(sgOPA1/sgCTRLA1) BV6 GI50 value in MCAS cells treated with either vehicle or Q-
VD-OPh (20 mM) (n=3). Data are mean ± SEM. *p < 0.05 by one-way ANOVA. g, 

Log2(sgOPA1/sgCTRLA1) BV6 GI50 value in MCAS cells treated with either vehicle or 
one of the following: Tudca (500 µM) or GSK2606414 (1 µM) (n=3). Data are mean ± 

SEM. *p < 0.05 by one-way ANOVA. h, Immunoblot of indicated proteins in MCAS cells 
transduced with control sgRNA or two independent sgRNAs for OPA1 treated with 

vehicle, QVD, Tudca, or NaC at indicated doses. Immunoblots are representative of two 
independent experiments.  i, Model of SMAC mimetic sensitivity in OPA1 or DNM1L 

loss cells. 

To understand the molecular events that govern sensitivity to SMAC mimetics in 

cells with increased mitochondrial fragmentation, we considered recent reports 

demonstrating that loss of OPA1 in various cellular contexts can induce the unfolded 

protein response (UPR) and influence apoptosis regulation (177, 197–199). 

Immunoblotting of key proteins involved in the UPR and apoptosis signaling revealed 

increased activation of the eIF2a-ATF4-CHOP axis, along with elevated baseline levels 

of cleaved caspases and PARP, in cells lacking OPA1 (Figure 18d). Importantly, ROS 

induction, UPR activation, and caspase cleavage were functionally consequential, as 

NaC (general ROS scavenger), Tiron (superoxide scavenger), Carboxy-PTIO (nitric oxide 

scavenger), tauroursodeoxycholic acid (Tudca, a chemical chaperone), GSK2606414 (a 

PERK inhibitor), and Q-VD-OPh treatment each reversed the sensitivity of OPA1 

knockout cells to BV6 (Figure 18e-g). To define the epistatic nature of these events, we 

analyzed ATF4 induction and cleaved effector caspase-7 levels in OPA1 knockout cells 

following treatment with the above compounds (Figure 18h). As expected, Q-VD-OPh 
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rescued caspase cleavage but not ATF4 induction, placing caspase cleavage as a terminal 

event. Tudca rescued ATF4 induction – consistent with interference with UPR activation 

– but also rescued caspase cleavage, indicating that induction of the UPR lies upstream 

of caspase cleavage. Lastly, NaC rescued both ATF4 and caspase cleavage, indicating 

that ROS induction is upstream of both UPR induction and caspase cleavage (Figure 

18h). Together, our data suggest a model wherein increased mitochondrial 

fragmentation and connectivity lead to increased steady-state levels of ROS and 

mitochondrial membrane depolarization. In cells with increased fragmentation, these 

events lead to induction of the UPR, while in cells with increased connectivity, these 

events lead to cytosolic leakage of cytochrome c and consequent increases in cleavage of 

initiator caspase 9.  These mechanisms converge downstream to drive increased steady-

state levels of effector caspases, rendering cells reliant on IAP proteins. Thus, cells with 

perturbed mitochondrial dynamics are vulnerable to pharmacological inhibition of IAPs. 

This model is summarized in Figure 18i. 

4.2.6 Targeted therapies sensitize to SMAC mimetics by altering 
dynamics 

Interestingly, recent work has demonstrated that oncogenes exert dominant 

control over mitochondrial dynamics homeostasis, and that their ability to regulate 

mitochondrial dynamics is essential for their transforming activities (173, 174, 200, 201). 

Based on these data, we reasoned that oncogene targeted therapies should disrupt 

fission/fusion dynamics in oncogene-driven cancers, sensitizing these cells to treatment 

with SMAC mimetics. To test this hypothesis, we first confirmed that treatment of three 
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oncogene-driven cancer models (EGFR mutant NSCLC, BRAF mutant melanoma, and 

KRAS mutant PDAC) with their cognate inhibitors (the EGFR inhibitor gefitinib, the 

BRAF inhibitor PLX4720, and the ERK inhibitor VX-11e, respectively) resulted in 

changes to the mitochondrial network morphology (Figure 19a,b). Treatment of 

oncogene-driven cancer models with their cognate targeted therapies also sensitized 

these models to SMAC mimetics, phenocopying the effects observed following direct 

perturbation of mitochondrial dynamics (Figure 19c). Importantly, oncogene targeted 

therapies sensitized cancer cells to SMAC mimetics via their effects on mitochondrial 

dynamics, as genetic inhibition of targeted therapy-induced changes to the 

mitochondrial network reversed sensitivity to SMAC mimetics (Figure 19d). Finally, the 

ability of targeted therapies to potentiate the toxicity of SMAC mimetics can be 

leveraged to block tumor growth in vivo. Specifically, in an orthoptopic model of 

advanced endocrine therapy resistant, PIK3CA mutant breast cancer, we observed that 

combined, low-dose treatment with the mTORC1/2 inhibitor MLN-0128 and the SMAC 

mimetic BV6 blocked tumor growth and extended survival without evidence of 

substantial toxicity (Figure 19e).  
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Figure 19: Oncogenic control over mitochondrial dynamics can be exploited 
therapeutically using targeted therapies to create a vulnerability to SMAC mimetics. 
a, Mitotracker and DAPI in three cell lines PC9 (scale bars 10 µm), A375 (scale bars 7.5 
µm), ASPC-1 (scale bars 10 µm) treated with vehicle or one of three inhibitors (gefitinib, 
PLX4720, VX-11e). Immunofluorescence images are representative of two independent 

experiments.  b, Quantification of images from Figure 19a. Mitochondrial length x width 
is plotted for thousands of mitochondria from >10 cells across at least two independent 
experiments. *p < 0.05 by student’s t-test. c, Log2((BV6 GI50 (+targeted therapy))/(BV6 
GI50 (+vehicle))) in five cell lines driven by diverse oncogenes (n=3). Data are mean ± 
SEM. d, Log2((BV6 GI50 (+targeted therapy))/(BV6 GI50 (+vehicle))) in five cell lines 

driven by diverse oncogenes transduced with a control sgRNA, three sgRNAs targeting 
DNM1L, or three sgRNAs targeting OPA1 (n=3). Data are mean ± SEM. *p < 0.05 by one-

way ANOVA. e, Left, tumor volumes over time in an orthotopic model of advanced 
endocrine resistant breast cancer treated with vehicle, BV6, MLN-0128, or the 

combination (see methods for n in each group and statistics). Right, survival plot of in 
vivo data from Figure 19d as the number of mice with tumors less than 2X the original 
size (see methods for n in each group and statistics).  Vehicle and BV6 treated arms of 

the xenograft model presented here are the same data presented in Figure 16i. 

4.3 Discussion 

In this study, by integrating data from hundreds of cancer cell lines and 

thousands of human tumors, we discovered that genes involved in the canonical 

regulation of mitochondrial dynamics are frequently amplified in human cancers, and 
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that these alterations engender in cells drug vulnerabilities. Specifically, a large-scale 

chemical screen performed in isogenic cell lines revealed that alterations in 

mitochondrial dynamics regulating proteins directly modulate sensitivity to diverse 

classes of drugs. Included among these are SMAC mimetics, activators of the 

mitochondrial apoptosis pathway that have been the subject of substantial translational 

interest but to date have failed as single agents in unselected patients, in part because 

they have yet to be associated with robust sensitivity biomarkers (65). The finding that 

tumors with genomic amplifications in dynamics-regulating genes, or those in which 

dynamics have been altered through pharmacological Drp1 inhibition, are 

hypersensitive to treatment with SMAC mimetics is particularly notable given the field’s 

increasing appreciation of the importance of apoptosis induction in therapeutic response 

(24, 25, 60, 202). Surprisingly, this sensitization to SMAC mimetics occurs through 

distinct molecular mechanisms in cells with increased fragmentation versus increased 

connectivity: In the former, increased levels of UPR induction lead to sensitization via 

increased steady state activation of effector caspases, while the latter, passive 

cytochrome c release from the mitochondria potentiates the toxicity of SMAC mimetics 

by increasing steady-state activation of initiator caspases. Finally, because oncogenes 

exert dominant control over mitochondrial dynamics homeostasis, oncogene targeted 

therapies sensitize tumors to SMAC mimetics via their effects on dynamics. Collectively, 

this work establishes altered mitochondrial dynamics as a targetable feature of human 

tumors.  
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This work motivates several avenues of future investigation. First, mechanistic 

studies to more precisely define the mechanisms by which alterations in dynamics-

regulating genes lead to increased ROS and outer membrane depolarization are 

warranted, as are studies to understand how these properties lead to UPR induction in 

cells with increased fragmentation but cytochrome c release in cells with increased 

connectivity. Indeed, the literature points to additional mechanisms related to how 

structural changes in the mitochondria can affect apoptosis regulation in cells—

mechanisms that could be working alongside those presented above (203). Second, from 

a translational perspective, these studies motivate the testing of SMAC mimetics as anti-

cancer therapies in patients, including both those patients with diseases like high-grade 

serous ovarian cancer which lack targetable driver oncogenes but frequently harbor 

amplifications in dynamics-regulating genes, and also in combination with approved 

targeted therapies. They also motivate efforts to create direct small molecule inhibitors 

of mitochondrial fission/fusion proteins with improved pharmacological properties 

relative to the probe compound mDivi-1 for administration in human patients. Finally, 

these results suggest that a broad effort to further characterize the unique dependencies 

of tumors with dysregulated mitochondrial dynamics is likely to yield additional, 

selective therapeutic strategies. 

Finally, and most broadly, this study demonstrates that selective tumor 

therapeutic targeting can be achieved by exploiting a dysregulated, macroscopic 

organelle property instead of a conventional oncogenic signaling or metabolic pathway. 
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The structure, activity, and trafficking of many cellular organelles are altered in human 

tumors, and as such, this work may represent a starting point for many analogous 

studies. 

4.4 Methods 

Xenograft tumor study 

84 animals were estimated to be required to account for the take rate (anticipated 

70% based upon prior experience), in order to provide at least 54 animals with tumors to 

be randomized for n = 9 or more per treatment. 6-week-old, female, athymic nu/nu mice 

were randomized by enrollment with animals being placed on treatment when tumor 

volume reached 0.10-0.15 cm3 volume. On each enrollment date, animals were allocated 

to treatment such that initial average tumor volumes for each group were equivalent. All 

procedures were approved by the Duke University Institutional Animal Care and Use 

Committee (IACUC) prior to initiating the experiment. 84 female nu/nu mice (~6 weeks 

of age) were ovariectomized under anesthesia (isoflurane) and in the same procedure 

implanted sc (scapular region) with tamoxifen (Tam) treatment pellets (5 mg/60 days, 

~3.3 mg/kg/d continuous release, Innovative Research of America) 24 hours prior to 

having an ~8mm3 section of tamoxifen-resistant (MCF7T) tumor tissue engrafted 

orthotopically (right axial mammary fat pad) under anesthesia. Tumors were measured 

3X weekly, concurrent with weight and behavior monitoring, until tumors reached ~0.1-

0.15 cm3 volume (l x w2 x 0.5). Mice were then randomized (n = 19) to treatment with 

Vehicle (both oral and ip injection daily), mDivi-1 (15 mg/kg ip daily), or MLN-0128 
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(0.15 mg/kg oral gavage daily). mDivi-1 was formulated in 5% DMSO/95% PEG 400. 

MLN-0128 was formulated in 16% PVP/2.5% NMP. These three groups were further 

subdivided to receive ip injection of 2.5% DMSO/97.5% saline (n = 9) or BV6 (10 mg/kg 

dissolved DMSO and diluted in saline). Treatments were administered for 4 weeks with 

continued tumor measurement and behavioral monitoring. Personnel collecting primary 

data (tumor measurements and anima weights) and administering treatments were 

blinded to the study hypothesis. Safety precautions required for the treatments 

administered prevented blinding of personnel to treatment identities. Animals were 

then euthanized and blood and tissues retained for analyses. No animals were excluded 

from the analysis. Statistical analyses of animal studies were as follows: tumor growth 

data were subjected to exponential growth curve analysis constrained to share an initial 

value, and to two-way ANOVA analysis followed by Bonferroni multiple comparison 

test. Significant difference as compared to the vehicle treated control (p<0.05) was 

detected for multiple groups at several time points (indicated on graphs). Groups 

showed equivalent variance (10-15% with normal distribution) throughout all time 

points, justifying the statistical analyses that were selected. 

Cell lines and reagents 

All cell lines were grown at 37°C in 5% CO2. TYKNU, SKBR3 NCIH596, A375, 

PC9, MDAMB436, A549, HCC827, H1703, H2228, and H1048 were grown in RPMI 1640 

supplemented with 10% FBS and 1% pen/strep. HCC1395, BT20, and MDAMB453 were 

grown in MEM supplemented with 5% NEAA, 5% pyruvate, 10% FBS, and 1% 
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pen/strep. MCAS and CAL51 were grown in MEM supplemented with 20% FBS and 1% 

pen/strep. MCF7T was grown in DMEM/F12 supplemented with 5% glutamate, 5% 

NEAA, 10% FBS, and 1% pen/strep. TOV-112D, BT474, and T47D were grown in DMEM 

supplemented with 10% FBS and 1% pen/strep. Panc03.27, CALU-1, CALU-6, and 

APSC-1 were grown in DMEM/F12 supplemented with 10% FBS and 1% pen/strep. 

MCF10A was grown in MEBM (MEGM Kit without GA-1000) supplemented with 

cholera toxin. All cell lines were purchased from Duke University Cell Culture Facility 

(CCF) or given to us by Donald McDonnell (MCF7T). All cell lines were authenticated 

using Promega PowerPlex 18D kit or were purchased within 6 months from Duke CCF. 

All cell lines were tested for mycoplasma by Duke CCF. Drugs were purchased from 

Selleck Chemicals, ChemieTek, MedChemExpress, Sigma-Aldrich, or APExBIO.  

Cloning CRISPR constructs 

CRISPR constructs were cloned following previous methods using previously 

characterized sgRNAs. sgRNA inserts were synthesized by IDT of the form: 

GGAAAGGACGAAACACCGXXXXXXXXXXXXXXXXXXXXGTTTTAGAGCTA

GAAATAGCAAGTTAAAATAAGGC   

”X” denotes unique 20mer sgRNA sequence   

The oligo pool was diluted 1:100 in water and amplified using NEB Phusion 

Hotstart Flex enzyme master mix and the following primers: 

ArrayF: 
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TAACTTGAAAGTATTTCGATTTCTTGGCTTTATATATCTTGTGGAAAGGAC

GAAACACCG 

ArrayR: 

ACTTTTTCAAGTTGATAACGGACTAGCCTTATTTTAACTTGCTATTTCTAG

CTCTAAAAC 

PCR Protocol: 98°C/30s, 18x[98°C/10s, 63°C/10s, 72°C/15s], 72°C/3min 

Inserts were cleaned with Axygen PCR clean-up beads (1.8x; Fisher Scientific) 

and resuspended in molecular biology grade water. lentiCRISPRv2 (hygro) was digested 

with BsmBI (Thermo Fisher) for 2 hours at 37°C. The large ~13kB band was gel extracted 

after size-selection on a 1% agarose gel. Using 100ng of cut lentiCRISPRv2 and 40ng of 

sgRNA oligos, a 20µL Gibson assembly reaction was performed (30min, 50°C). After 

Gibson assembly, 1µL of the reaction was transformed into electrocompetent Lucigen 

cells and spread on LB-ampicillin plates and incubated overnight. Single colonies were 

picked and underwent plasmid extraction using a Plasmid miniprep kit (Qiagen). 

23-mer Sequences:  

sgCTRLA1: GTAGCGAACGTGTCCGGCGT 

sgOPA1 #1: CAAGTGGAATGACTTTGCGG 

sgOPA1 #2: ATACGCAAGATCATCTGCCA 

sgOPA1 #3: AGGAACTTTTAACACCACAG 

sgDNM1L #1: GAACCAGTTCCACACAGCGG 

sgDNM1L #2: GGGAGGGACCTGCTTCCCAG 
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sgDNM1L #3: GGATTTGCCAGGAATGACCA 

Lentivirus production and transduction 

HEK 293T cells were grown in 15cm to ~50% confluence. For each plate, 

transfection was performed using Fugene6 (Promega), 6.2 µg of psPAX2, 0.620 µg 

pVSVg, 6.25 µg of CRISPR plasmid. After 30 min of incubation at room temperature, the 

mixture was added to the cells and incubated overnight. The next day harvest media 

was added (DMEM 30% FBS). After two collections at 24 hours each, the harvested virus 

was passed through a 0.45 µm filter. Transductions were performed by seeding cells at 

~40% confluence into 6-well dishes, then the following day adding 0.5 mL of virus, 0.5 

mL of media, and 2 µL polybrene to the cells. The cells were then centrifuged to the 

following specifications: 1hr, 4 degrees C, 2,500 RPM. Following the spin, fresh media 

without virus or polybrene was placed onto the cells. The following day, cells were 

selected with appropriate selection antibiotic. 

shRNA DNA prep and constructs 

shRNA glycerol stocks were obtained from the Duke Functional Genomics Core 

Facility. Glycerol stocks were streaked out on LB/Amp plates overnight. The following 

day colonies were picked and grown overnight in liquid culture. The next day, the DNA 

was prepped using a Qiagen Miniprep kit. DNA was subsequently used to make 

lentivirus. Scramble shRNA was a gift from David Sabatini (Addgene plasmid # 1864). 

The identity, TRC number, and sequences of the hairpins are listed below: 
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shXIAP #1    TRCN0000003785    

GAGCTGTAGATAGATGGCAATACTCGAGTATTGCCATCTATCTACA 

shXIAP #2    TRCN0000003786    

GGCACTCCAACTTCTAATCAAACTCGAGTTTGATTAGAAGTTGGAGT 

shCIAP1 #1    TRCN0000003780    

GGCCGAATTGTCTTTGGTGCTTCTCGAGAAGCACCAAAGACAATTCG 

shCIAP1 #2    TRCN0000003782    

GGCTGCGGCCAACATCTTCAAACTCGAGTTTGAAGATGTTGGCCGCA 

shCIAP2 #1    TRCN0000003776    

GGCACTACAAACACAATATTCACTCGAGTGAATATTGTGTTTGTAGT 

shCIAP2 #2    TRCN0000003779    

GGCTCTTATTCAAACTCTCCATCTCGAGATGGAGAGTTTGAATAAGA 

shScramble       N/A             

CCTAAGGTTAAGTCGCCCTCGCTCGAGCGAGGGCGACTTAACCTTAGG  

Short-term growth-inhibition assay 

Cells were seeded into 96-well plates at 2,000 cells/well. To generate GI50 curves, 

cells were treated with vehicle (DMSO) or an eight-log serial dilution of drug. Each 

treatment condition was represented by at least three replicates. Three days after drug 

addition, cell viability was measured using Cell Titer Glo® (Promega). Relative viability 

was then calculated by normalizing luminescence values for each treatment condition to 

control treated wells. To generate GI50 curves for drug combinations, slight 

modifications are made. Primary drug was applied and diluted as above while the 
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second drug was kept at a constant concentration across all wells except the DMSO-only 

condition. Viability for all primary drug dilutions was then calculated relative to 

luminescence values from the secondary drug-only condition. We plot the viability 

versus concentration curve for drug A (normalized appropriately to the viability of cells 

treated with DMSO in media control). Next, we plot the viability versus concentration 

curve for drug A in the presence of a fixed dose of drug B (this time normalizing to the 

viability of cells treated with drug B alone). Sensitization of cells to drug A by drug B is 

evidenced by a leftward shift in the curve. Dose-response curves were fit using Graph 

pad/ Prism 6 software. 

Western blotting and antibodies 

Immunoblotting was performed as previously described (168) and membranes 

were probed with primary antibodies (1:1,000 dilution) recognizing vinculin (CST#4650), 

H3 (CST#4499), Bim (CST#2933), Bid (CST#2002), BCL-XL (CST#2764), b-Actin 

(CST#4970), Opa1 (CST #80471), Drp1 (CST #5391), cytochrome c (CST #11940), p-IRE1 

and T-IRE1 (Abcam #124945, Abcam #37073), Bax (CST#5023), XBP-1s (CST #12782), 

ATF6 (CST #65880), ATF3 (Abcam #207434), BCL2 (CST #2870), BCL-w (CST #2724), 

ATF4 (CST #11815), AIF (CST #5318), CHOP (CST #5554), c-caspase 3 (CST #9664), c-

caspase 7 (CST #9491), c-caspase 9 (CST #9501), c-caspase 8 and caspase 8 (CST #9748 

and CST #4790), p-eIF2a and T- eIF2a (CST #3398 and CST #5324), c-parp (CST #9546), 

Puma (CST #12450), and X-IAP (CST #2045). Briefly, cells were resupspened in lysis 

buffer, incubated on ice for 15 minutes, then clarified at 13,000 RPM, 4 degrees C, for 10 
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min. Protein was quantified using the Bradford method and lysates were made with 

NuPage Sample Buffer (4X). For cell fractionation studies, the Cell Fractionation Kit 

(CST #9038) was used following manufacturer instructions. For all representative 

immunoblots in the manuscript, experiments were conducted at least twice, and had no 

repeatability issues. For IF studies, the following primary and secondary antibodies 

were used: Cytochrome c (CST #12963), Tom20, (CST #42406), Anti-rabbit Alexa 488 

(CST #4412), Anti-mouse Alexa 594 (CST #8890). For all representative images in the 

manuscript, experiments were conducted at least twice, and had no repeatability issues.  

Chemical library screening 

The ~2100 compound library was screened in duplicate at 2 and 10 µM. TYKNU 

control cells or each of the two genetic derivatives (OPA1 or DNM1L) were seeded into 

drug-stamped 384-well plates at 500 cells per well. After 72 hours of drug-treatment the 

assay was read using Cell Titer Glo. Duplicate treatment wells were averaged and 

normalized to duplicate control wells from the same plate position. Normalized values 

were then processed by calculating the log2 (genetic derivative/genetic control) for each 

compound at both doses. Then we impose a threshold of ~2.5 standard deviations away 

from the mean value for sensitive hits (Log2 < -0.5) and a threshold of ~3.5 standard 

deviations away from the mean value for resistant hits (Log2 > 0.7) using the distribution 

of the control well values. 

Quantification of apoptosis by annexin-V 
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Cells were seeded in six-well plates and treated the next day with either the 

indicated amount of drug, vehicle (DMSO), or combination.  Cells were incubated for 

two days, washed twice with ice-cold PBS, and resuspended in 1X annexin V binding 

buffer (10mM HEPES, 140mM NaCl, 2.5mM CaCl2; BD Biosciences).  Surface exposure 

of phosphatidylserine was measured using APC-conjugated annexin V (BD 

Biosciences).  7-AAD (BD Biosciences) or PI (Thermo) was used as a viability 

probe.  Experiments were analyzed at 20,000 counts/sample using BD FACSVantage SE.  

Gatings were defined using untreated/unstained cells as appropriate.  

Fluorescence microscopy 

Cell lines were plated on glass coverslips and the following day were treated 

with 100 nM MitoTracker Red CMXRos (Life Technologies) for 30 min, fixed 

(formaldehyde), permeabilized (Triton-X), and mounted using Prolong Gold anti-fade 

reagent with DAPI (Life Technologies). For IHC fluorescence microscopy, protocol was 

slightly altered the day after plating. Cells were washed in PBS then put in blocking 

buffer (PBS, 0.4% Triton-X-100, 2% normal goat serum, 2% BSA) at room temperature for 

30 minutes. Cells were washed in PBS, and primary antibody (diluted in blocking 

buffer) was added to the cells overnight at 4 degrees C. The next day, cells were washed 

three times with PBS. Secondary antibody (diluted in blocking buffer) was added to cells 

for 90 minutes at room temp. Finally, the cells were washed three times with PBS and 

mounted as listed above. The slides were then imaged using a Leica SP5 inverted 

confocal microscope with 40× oil objective. For all representative images in the 
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manuscript, experiments were conducted at least twice, and had no repeatability issues. 

Mitochondrial morphology was determined using the tubeness and vesselness 

algorithms in Fiji. The analysis methodology was optimized on an unrelated and 

independent set of images and applied across all images obtained for this study. 

Mitochondrial fragmentation versus connectivity was determined by plotting length x 

width of several thousand mitochondrial from at least 10 cells across at least two 

independent experiments. For co-localization analysis, Fiji Coloc2 analysis software was 

used to determine the Pearson correlation of two different image channels in at least 25 

cells across at least two independent experiments.  Higher correlation values indicate a 

greater extent of co-localization.  

 

Caspase-9 activity 

Caspase-9 activity was determined using Caspase-Glo® 9 Assay (Promega) 

according to manufacturer recommendations. 

Caspase-8 activity 

Caspase-8 activity was determined using Caspase-Glo® 8 Assay (Promega) 

according to manufacturer recommendations. 

Membrane potential assay 

Membrane potential was determined in 96-well format using JC-1 Mitochondrial 

Membrane Potential Assay Kit (Cayman Chemical) according to manufacturer 

recommendations.  
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ROS detection 

ROS was detected using MitoSOX™ Red (Thermo Fisher), DAF-FM diacetate, or 

DCF-DA. Cells were collected and incubated with 5 µM MitoSOX, DAF-FM, or DCF-DA 

for 30 min then washed with PBS. After washing, cells were incubated in PBS for an 

additional 20 min, then analyzed using microplate fluorescent detection on a Tecan 

Infinite M1000 reader.   

Statistical analysis 

Unless otherwise specified, student’s t tests, or for grouped analyses, one-way 

ANOVA with Tukey’s post-hoc test, were performed and p values < 0.05 were 

considered significant. Results are presented as means ±SEM.   

5. Conclusions 
5.1 Summary 

My thesis work to date has broadly focused on using functional genomics 

approaches to pursue two distinct avenues for targeting cancer associated 

vulnerabilities: 1) Dissecting novel biology related to intrinsic resistance in cancer and 2) 

Uncovering targetable dependencies that arise as a consequence of dysregulated cell 

biological processes in cancer.  

It is well appreciated in the field of cancer biology that with few exceptions, most 

cancers will either be intrinsically resistant to therapies that target putative cancer 

drivers, or they will develop acquired resistance to such therapies over time (22). I have 

been involved in studies in several cancer types in which we have used unbiased 
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functional approaches to identify key resistance mechanisms that, when inhibited, 

render cells exquisitely sensitive to targeted therapies. I demonstrated that in breast 

cancer, intrinsic resistance to mTORC1/2 inhibitors in PIK3CA mutant disease could be 

overcome by inhibition of an anti-apoptotic protein, BCL-XL.  Hypothesis-driven 

mechanistic follow-up revealed that mTORC1/2 inhibition worked in PIK3CA mutant 

cell lines by blocking cap-dependent translation of MCL-1. This work was published in 

Science Translational Medicine and at the time of this writing we are working with 

clinicians to translate these findings to the clinic (25).   

Further, using CRISPR-Cas9 loss-of-function screening technology, we defined 

the druggable landscape of cooperating signaling pathways in KRAS mutant cancers. 

Through these studies, we have identified a clinically promising combination therapy 

for colorectal cancer cells that are mutant for both PIK3CA and KRAS. Importantly, we 

have developed principles for rationally designing higher order combination therapies 

to combat rapidly acquired resistance to two-body combination therapies, work that was 

published at Cell Reports (24).  

In addition to the work listed above, we have also taken a focused approach to 

identify cell biological processes that are both dysregulated and targetable, in cancer. 

Motivated by the broad impact of altered mitochondrial dynamics on tumor cell 

physiology, we sought to determine whether alterations in mitochondrial dynamics 

regulating proteins could create novel drug liabilities. Using genetic and 

pharmacological profiling of cancer cell lines and human tumors, we established that 
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perturbations to the mitochondrial dynamics network result in specific therapeutic 

vulnerabilities. Broadly, we suggest that the altered structures, activities, and trafficking 

of cellular organelles may facilitate additional cancer therapeutic opportunities. This 

work is published in Nature Communications. 

5.2 Future considerations 

The genetic alterations underlying cancer growth across diverse environmental 

states (i.e. exposure to high amounts of DNA damage, anchorage-independent growth, 

depleted or altered nutrient states, altered redox states, high proteotoxic stress, and 

forms of drug resistance) have been studied for decades (1, 20, 24, 25, 32, 204). While this 

has identified many key mutational drivers of growth across diverse environments, it is 

becoming increasingly clear that fixed mutational drivers are insufficient to explain the 

totality of aberrant gene expression patterns that result in growth and proliferation of 

cancer across diverse environmental and chemical contexts (205). In particular, the 

ability of cancers to precisely engineer the micro-architecture of their genome (i.e. 

differential transcription factor binding, coordinated or antagonistic regulation of gene 

expression by regulatory elements, transcript structure) to promote growth in the 

presence of an environmental or chemical perturbation, is currently not well explained 

by mutational mechanisms alone. For example, it was established that in the presence of 

a pharmacological insult (EGFR inhibition), EGFR mutant lung cancers exhibit a “drug-

tolerant persister” phenotype that is independent of cells that develop resistance 

through a pre-existing mutational mechanism (28, 205).  
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Clearly, molecular dissection of the gene regulatory networks that govern 

growth and survival across diverse environmental and drug-induced states will be of 

importance for guiding the treatment of cancer, especially given that many drug-

induced states of cancer are refractory to further therapeutic modalities and mechanisms 

underlying this drug resistance are incompletely understood (22, 205, 206). Collectively, 

a systems-level approach to understand the molecular mechanisms underlying how 

cancer cells integrate signals from the environment into changes to the micro-

architecture of the genome and gene expression, is needed. Fortunately, the tools and 

technologies necessary to study the micro-architecture of the genome and functionally 

perturb it are rapidly developing (207–212). These tools will enable the credentialing of 

regulatory elements that are functionally important for cancer cell growth across diverse 

cancer-relevant environmental contexts.  

Further, through the work described herein, I’ve gained expertise in cancer cell 

signaling and functional genomics approaches related to cancer cell intrinsic and 

acquired resistance. However, this work has also led me to realize that anti-cancer drug 

therapies can have important limitations, including those related to resistance, toxicity, 

bioavailability, and drug delivery. Traditionally, the field of targeted therapies has relied 

on small molecules or antibodies to inhibit a single target in a cancer cell (16). One of the 

limitations of these approaches share is that they offer no adaptability once 

administered, yet clinical experience dictates that a successful targeted therapy must be 

able to adapt as the target does (17). Interestingly, tools that are now being developed in 
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the emerging field of synthetic biology have the potential to overcome many of these 

limitations, for example by programming cells or synthetic materials to deliver drugs 

only to precisely defined disease sites, or by creating cell-based therapies that can adapt 

to changes occurring in an evolving tumor (213–215). Synthetic biology provides tools to 

overcome many limitations of targeted therapies, for example through the construction 

of adaptable cell-based therapeutics (20, 21). However, there is a need in the field of 

synthetic biology to determine which targets in the tumor cell or tumor 

microenvironment are optimal, and what therapeutic response is most effective in a 

given context (22).  

Targeted therapies are unequivocally an important tool in the battle against 

cancer cell growth. However, a more effective and comprehensive strategy to target 

cancer would include detailed molecular knowledge of the micro-architecture of the 

genome which permits adaptability in diverse contexts paired with development of a 

synthetically engineered cell-based therapeutic that could receive inputs from the cancer 

cell and microenvironment and intelligently alter or adapt its therapeutic strategy in 

response, ultimately resulting in more durable and effective precision cancer therapies.  
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