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Identifying combinatorial drug targets for Ras pathway-driven melanomas 

Abstract 

Cutaneous melanoma is a highly metastatic skin cancer, with ~100,000 new cases 

estimated to occur in 2020 in the US. Melanomas are defined by oncogenic “driver” mutations 

that constitutively activate the Ras/Raf/MEK/ERK signaling (henceforth called Ras/ERK) 

pathway. Clinical agents that target various components of this pathway have been developed, 

although they are not typically curative.  For BRAF-mutant melanomas, combined BRAF and 

MEK inhibitors prolong survival, although patients still relapse within ~11 months. Unfortunately, 

Ras/ERK pathway inhibitors are even less effective in NRAS-mutant tumors, with MEK inhibitors 

stimulating only partial responses in 15-20% of patients. Thus, NRAS mutations are associated 

with poor overall survival, and there is a great need for improved therapies. The goal of my 

thesis has been to identify agents that potentiate the effects of Ras/ERK pathway inhibitors as a 

means of developing more effective therapies for NRAS and other Ras pathway-driven 

melanomas.  

This dissertation describes three promising therapeutic combinations. In one approach, 

we discovered a new combinatorial therapy for NRAS-mutant melanomas by performing an 

unbiased negative selection CRISPR-Cas9 screen.  Specifically, we identified the de-

ubiquitinase USP7 as a target that when suppressed, sensitizes NRAS-mutant melanomas to 

MEK inhibitors. Further genetic and mechanistic analysis revealed USP7 interacts with two 

other hits from our screen and together form a complex that regulates H2B ubiquitination, a 

marker of transcriptional elongation. Through epigenetic and transcriptional studies, we found 

that this complex regulates the expression of CABLES1, which is required for triggering cell 

death and tumor regression. 

iii 
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Using candidate-based approaches, we also identified two additional combination 

therapies that target BRAF-, NRAS-, and NF1-mutant melanomas. Specifically, we discovered 

that histone de-acetylase (HDAC) inhibitors potentiate responses to Ras/ERK signaling pathway 

inhibitors in BRAF-, NRAS-, and NF1-mutant melanomas by suppressing DNA repair pathways 

(Maertens et al. 2019). Additionally, we demonstrated that the combination of Ras/ERK 

signaling pathway and bromodomain and extraterminal domain (BET) inhibitors represents a 

promising new therapeutic approach to reduce acquired and intrinsic resistance in BRAF-mutant 

melanomas (Katherine R. Singleton 2017). In summary, this dissertation details three promising 

combination therapies for Ras/ERK pathway-driven melanomas and describes the distinct 

mechanisms by which they function.  
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This dissertation focuses on the development of three novel and promising therapeutic 

combinations for patients with Ras/Raf/MEK/ERK (henceforth called Ras/ERK) pathway-driven 

melanomas. Melanomas, like many cancers, depend on the Ras/ERK signaling pathway for cell 

survival and growth, and this has led to the development of several pathway-specific inhibitors. 

For BRAF-mutant melanomas, the combination of MEK and BRAF-mutant-specific inhibitors 

have improved overall survival of these patients; however, relapse does occur within ~11 

months (Chapman et al. 2011; Robert, Karaszewska, et al. 2015; Dummer et al. 2017). For 

NRAS-mutant melanomas, MEK inhibitors are even less effective, stimulating only partial 

responses in patients, with a dismal progression free survival of 2-3 months. Therefore, there is 

an unmet need to develop improved therapies for these individuals. We approached this 

problem using two strategies, which I will describe in this dissertation. First, we took an 

unbiased approach to identify targets that when suppressed cause potent cell death in 

combination with MEK inhibitors in NRAS-mutant melanomas. Specifically, we performed a 

negative selection genome-scale CRISPR-Cas9 screen and focused on hits with existing 

inhibitors in preclinical or clinical studies. Using this approach, we identified the de-ubiquitinase 

USP7 as a new therapeutic target in melanoma. Second, in collaboration with members of my 

laboratory and the Wood laboratory at Duke University, we also took a candidate-based 

approach, and through these efforts we identified two additional promising therapeutic 

combinations, Ras/ERK pathway inhibitors combined with either HDAC or BET inhibitors 

(Maertens et al. 2019; Katherine R. Singleton 2017).  

Overall, this introduction sets the stage for my work by summarizing background about 

melanoma, including key signaling nodes and epigenetic dependencies that are present in 

these malignancies. I will also review how genome-scale CRISPR screens have been used to 

identify therapeutic targets in cancer, and I will specifically describe the target of interest 
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identified through our screen in Chapter 2, USP7. Lastly, I will briefly introduce two epigenetic 

regulators BET and HDAC proteins, which are the subjects of Chapters 3 and 4. 

MELANOMA 

Clinical outcomes 

Cutaneous melanoma is a highly metastatic and treatment refractory skin cancer that 

originates from the malignant transformation of pigment-producing cells called melanocytes. In the 

US, it is the fifth most common cancer, with approximately 100,350 new cases expected to appear 

in 2020, leading to 6,850 deaths (ACS 2020; Howlader N 2019; Siegel, Miller, and Jemal 2019). 

Most melanomas are detected early through skin examinations; however, if they are not diagnosed 

or removed early enough, melanomas can spread to lymph nodes and other parts of the body, 

resulting in a poor prognosis. Early stage melanomas that are localized to the epidermis can be 

surgically resected, with a five-year survival rate of ~99%. If the melanoma spreads regionally to the 

lymph nodes, the 5-year survival rate is 65%, and if it metastasizes, the 5-year survival rate is only 

25% (Figure 1-1). Despite several recent advances, most treatments for metastatic melanoma are 

still not curative. Therefore, there is a need for more effective therapies for individuals with 

advanced disease. 

The strongest risk factors for developing melanoma are family history, fair skin, multiple 

moles, immunosuppression, and a history of UV radiation exposure through outdoor or indoor 

means, such as tanning beds. About 90% of melanomas are attributed to UV sun damage and arise 

sporadically, with the majority occurring in older (>55 years) patients on sun exposed areas such as 

the head and neck (Schadendorf et al. 2015). Populations with a red-hair/ fair-skin phenotype are 

more susceptible to developing melanoma because of intrinsic carcinogenic effects from 

inactivating variants of the highly polymorphic melanocortin 1 receptor gene MC1R as well as  
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reduced UV radiation protection (Raimondi et al. 2008). Overall, the risk of melanoma is 20 times 

more common in non-Hispanic whites than in other populations, with an annual global rate as high 

as 28 cases per 100,000 people. A familial predisposition underlies ~8-12% of melanomas, and 

~40% of these patients carry mutations in cyclin-dependent kinase inhibitor 2A (CDKN2A), a gene 

that encodes the two tumor suppressive proteins p16INK4a and p14ARF (FitzGerald et al. 1996).  

Figure 1-1. Clinical stages and examples of biologic events that may occur during the progression 
of melanoma 
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Oncogenic drivers of melanoma 

Studies investigating the molecular basis of melanoma genesis and progression have 

revealed key “driver” mutations (i.e. mutations that confer a fitness advantage to a tumor cell) 

and “passenger” mutations (i.e. mutations that do not confer a fitness advantage); however the 

precise steps that underlie melanoma pathogenesis remain poorly defined. Melanomas have 

the highest mutational load of human tumors due to increased DNA damage from UV rays, with 

a large number of genes containing common UV-associated signatures such as C>T or G>T 

transitions (Schadendorf et al. 2015; Berger et al. 2012; Pleasance et al. 2010). For example, 

TP53, a prominent tumor suppressor, is mutated in ~15% of cutaneous melanoma samples and 

usually contains putative UV-related mutations ('Genomic Classification of Cutaneous 

Melanoma'  2015). However, there is evidence that not all driver mutations stem from UV 

damage. As mentioned earlier, there are patients with family history of the disease who develop 

melanoma independent of UV damage. Additionally, some melanomas develop in non-sun-

exposed skin or on internal organs. Finally, the majority of cutaneous melanomas contain 

mutations in the Ras/ERK signaling pathway, which controls fundamental cellular processes 

including cell growth, differentiation, and apoptosis; however, most of these mutations are not 

attributable to direct UV damage ('Genomic Classification of Cutaneous Melanoma'  2015; 

Hodis et al. 2012) (Figure 1-2). For example, mutations in codon V600 of the serine/threonine 

kinase BRAF are not caused directly by UV damage, and yet they occur in 50-60% of all 

cutaneous melanoma tumor cases. One hypothesis put forth to explain this observation is that 

UV rays may indirectly cause genetic aberrations by releasing free radicals. 

Interestingly, mutations in the Ras/ERK pathway have been observed in benign 

melanocytic neoplasms, or skin moles, suggesting that mutations in the Ras/ERK pathway 

represent early steps that prime melanocytes to eventual transformation. Studies using BRAF-

mutant mouse models have shown that mutations in the Ras/ERK pathway are not sufficient to 
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transform melanocytes and instead lead to oncogene-induced senescence (Gray-Schopfer et al. 

2006; Michaloglou et al. 2005; Dankort et al. 2009; Dhomen et al. 2009; Pollock et al. 2003; 

Vredeveld et al. 2012). However, UV exposure or stochastic acquisition of additional genetic 

alterations, such as the mutational inactivation of TP53, leads to malignant growth (Dhomen et 

al. 2009).  

Examples of common secondary mutations are those that inactivate tumor suppressors 

such as CDK2NA, TP53, and PTEN or activate oncogenic genes such as RAC1 and TERT. 

Genetic amplification of some genes is also linked to tumorigenesis. One transcription factor 

amplified in 8-20% of sporadic melanomas is MITF, a master regulator of melanocyte 

development and a lineage survival oncogene in melanoma. MITF is also downstream of the 

Ras/ERK pathway and has been found to stimulate cell cycle progression, motility, and evasion 

of apoptosis (Levy, Khaled, and Fisher 2006). 

Because the Ras/ERK pathway is commonly affected in melanoma growth and 

progression, melanomas are often defined by mutations in genes that function in this pathway. 

Fortunately, two members of the Ras/ERK pathway, BRAF and MEK, have proven to be 

targetable, resulting in the development of several small molecule inhibitors (Chapman et al. 

Figure 1-2. Driver mutations in melanoma 

Common mutations in patients with melanoma, grouped by BRAF (blue subtype), NRAS (green 
subtype), NF1 (red subtype), and wild-type (yellow subtype). COSMIC (Catalogue of Somatic 
Mutations in Cancer); LOF (loss of function). Figure adapted from Genomic Classifications of 
Melanoma, 2015. 
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2011; Robert, Karaszewska, et al. 2015). Although generally not curative, MEK and BRAF-

mutant-specific inhibitors cause profound tumor regression in BRAF-mutant melanomas, 

highlighting the importance of the Ras/ERK pathway to melanoma survival and growth. 

Therefore, Ras/ERK pathway inhibitors have become standard of care for many advanced 

melanoma patients. 

THE RAS SIGNALING PATHWAY 

Because of the importance of the Ras/ERK pathway in melanoma biology, this section 

will focus on our current understanding of Ras signaling and how it is deregulated in cancer. 

After providing a brief overview of pathways that stem from Ras, I will then summarize current 

research investigating Ras/ERK signaling in melanoma. 

Overview of Ras and Ras effector pathways 

The initiation of Ras signaling typically begins with the activation of a receptor tyrosine 

kinase (RTK) (examples: HER2/ERBB2 or EGFR) on the cell surface through growth factors, 

cytokines, and/or extracellular mitogens (Lemmon and Schlessinger 2010). Once activated, 

RTKs auto-phosphorylate, generating binding sites for adaptor molecules which in turn recruit 

cytoplasmic Ras GTPase Exchange Factors, or RasGEFs, to the plasma membrane. Ras family 

proteins – HRAS, KRAS, and NRAS – are independently recruited to the plasma membrane. 

There they constantly cycle between active (GTP-bound) and inactive (GDP-bound) states that 

are catalyzed by RasGEFs and Ras GTPase Activating Proteins (RasGAPs) respectively 

(Simanshu, Nissley, and McCormick 2017; Bourne, Sanders, and McCormick 1990). Because 

the GTP hydrolysis activity of Ras proteins is inherently slow, RasGAPs are essential for 

ensuring that Ras activity is turned off. The rate of activation or inactivation by RasGEFs and 

RasGAPs depends on the proximity of these proteins to Ras in the plasma membrane. 
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Active Ras (Ras-GTP) controls cell proliferation, survival, and transformation through 

several signaling cascades, including but not limited to the 1) Raf/MEK/ERK, 2) PI3K/AKT, and 

3) RAL-GDS signaling pathways (Figure 1-3). Though other Ras effector pathways have been 

identified, these three pathways in particular are important for cell growth and survival, and 

therefore are the best studied. Because melanomas commonly harbor mutations in genes that 

function within the Raf/MEK/ERK and PI3K/AKT pathways, I will briefly summarize these 

pathways. 

To activate the Raf/MEK/ERK arm of the pathway, Ras binds to and activates three 

closely related Raf proteins, RAF1, BRAF, and ARAF, which are recruited to the plasma 

membrane by adaptor proteins and RasGEFs. In turn, Raf proteins phosphorylate and activate 

mitogen-activated protein kinases (MAPKs) MEK1 and MEK2, which then activate ERK1 and 

ERK2 through activation loop phosphorylation (Leevers, Paterson, and Marshall 1994; Leevers 

and Marshall 1992; Wood et al. 1992; Marais et al. 1995). ERK proteins phosphorylate and 

Figure 1-3. Simplified schematic of Ras effector pathways 

Schematic illustrating how active Ras-GTP can regulate cell cycle progression, transcription, translation, 
and apoptosis. ELK, ETS, RSK, and MITF are a few of many effector proteins activated by ERK. Figure 
adapted from Downward, 2003. 
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activate many cytosolic and nuclear substrates, such as ETS transcription factors, which 

enhance cell proliferation and survival signals, and cyclin D1, which regulates cell-cycle 

progression. ERK proteins also ultimately negatively regulate the Ras/ERK pathway through 

negative feedback effects on RasGEFs, RasGAPs, and other proteins. 

In addition to the canonical Ras/ERK pathway, Ras activates the PI3K/AKT pathway by 

first directly interacting with type I phosphatidylinositol 3-kinase (PI3Ks). PI3Ks phosphorylate 

phosphatidylinositol, bringing AKT serine/threonine kinase to the plasma membrane and 

causing its activation. Activated AKT in turn transmits downstream signals that regulate cell 

survival, protein synthesis, and metabolism (Engelman, Luo, and Cantley 2006). PI3Ks can also 

stimulate RAC, a RHO family protein important for regulation of the actin cytoskeleton. 

The Ras pathway in cancer 

Because pathways downstream of Ras signaling are important for cell survival and 

growth, Ras and its downstream effectors are often hijacked and overactivated by cancer cells, 

leading to malignant transformation (Downward 2003). About 20-25% of all human cancers 

harbor activating missense mutations in RAS. Of these cancers, the majority possess activating 

mutations in KRAS (85%), followed by activating mutations in NRAS (~15%) and HRAS (<1%). 

About 98% of mutations are found at one of three mutational hotspots: G12, G13, and Q61. 

Mutations in G12 and G13 impair the ability of RasGAPs to bind and change active Ras (Ras-

GTP) to an inactive state (Ras-GDP), while mutations in Q61 impair the Ras catalytic site by 

decreasing intrinsic GTP hydrolysis through stabilization of the transition state, resulting in a 

protein with low hydrolysis rates and high signaling output (Bos 1989; Der, Finkel, and Cooper 

1986; Ahmadian et al. 1999). Though KRAS, NRAS, and HRAS are highly similar in their 

primary sequences, there is a striking difference in the mutational profiles of RAS gene isoforms 

in cancer, suggesting tissue-distinct roles for Ras in driving oncogenesis. For example, KRAS is 
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commonly mutated in pancreatic, lung, and colorectal carcinoma, whereas NRAS is 

predominantly mutated in cutaneous melanoma ('Genomic Classification of Cutaneous 

Melanoma'  2015). Work thus far suggests that specific cancers select for certain mutations due 

to differential tissue expression patterns and the unique functional activities of each RAS family 

member. These features may include different effectors or subcellular localizations, but more 

work is needed to fully understand these differences (Lau and Haigis 2009; Haigis et al. 2008). 

Upstream of Ras proteins, cancers can constitutively activate Ras signaling by 

inactivating RasGAPs, with the most well-studied example being through loss of neurofibromin 1 

(NF1). NF1 is mutated in a familial cancer syndrome called neurofibromatosis type I and has 

also been found to be mutated or suppressed in cancers such as cutaneous melanoma, 

glioblastoma, lung cancer, and neuroblastoma (2008; Ding et al. 2008; McGillicuddy et al. 2009; 

Parsons et al. 2008; Holzel et al. 2010). Additionally, over-expression of other upstream factors, 

such as RTKs EGFR and HER2/ERBB2, have both been found to be key drivers in many 

cancers, including breast cancer and melanoma (Lemmon and Schlessinger 2010).  

Downstream components that are often mutated or amplified in cancers include Raf and 

MEK proteins as well as PI3K and AKT within the PI3K/AKT pathway. Loss of function defects 

in PTEN, a negative regulator of the PI3K/AKT pathway, can also occur and are relatively 

common in melanoma. In conclusion, genetic alterations in many upstream and downstream 

components of the Ras pathway contribute to its activation in cancer. 

Ras signaling pathways in melanoma 

Melanomas are classified into four genomic subtypes based on the presence or absence 

of mutations in the Ras pathway: BRAF, NRAS, NF1, and triple wild-type (WT) ('Genomic 

Classification of Cutaneous Melanoma'  2015). Overall, about 50-60% of melanoma patients 

having activating mutations in BRAF, with 89% of these mutations occurring within the kinase 
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activation loop domain (V600E/K/G/R) which increase overall activity (Davies et al. 2002). 

Though there are three main isoforms of RAF (ARAF, BRAF, and RAF1), BRAF is the only RAF 

isoform that is mutated in melanoma. One potential explanation for the differential mutation 

frequency of these genes is that activating mutations of BRAF require only one genetic mutation 

compared to two genetic events that must occur to activate ARAF or RAF1 (McCubrey et al. 

2007). 

NRAS mutations occur in 15-30% of all melanomas and are found to be mutually 

exclusive with BRAF mutations (Ellerhorst et al. 2011). Though mutations in other RAS isoforms 

have been detected in melanomas, they occur at a much lesser frequency than NRAS 

mutations, with less than 2% of all melanomas harboring activating mutations in KRAS or 

HRAS. About 80% of NRAS-mutant melanomas exhibit mutations in codon 61, resulting in 

permanent activation by locking NRAS in its GTP bound state (Der, Finkel, and Cooper 1986; 

Ahmadian et al. 1999). Interestingly, mutant NRAS has been found to activate the 

Raf/MEK/ERK pathway through RAF1, mainly because activation of ERK induces persistent 

phosphorylation of BRAF, which prevents BRAF from binding to NRAS and, in turn, inhibits 

BRAF activity (Dumaz 2011; Ji, Flaherty, and Tsao 2010; Dumaz et al. 2006; Heidorn et al. 

2010). Therefore, NRAS-mutant melanomas are normally not sensitive to BRAF inhibition alone 

(Kaplan et al. 2012). 

Melanomas without recurrent mutations in either BRAF or NRAS exhibit significant 

enrichment of NF1 alterations (Hodis et al. 2012). About 10-12% of melanomas have 

inactivating mutations in the RasGAP NF1, and this is associated with elevated activation of 

H/KRAS-GTP and resistance to BRAF inhibitors through RAF1/MEK/ERK and PI3K/AKT 

signaling (Nissan et al. 2014; Maertens et al. 2013; Whittaker et al. 2013). Additionally, there is 

a so-called “triple wild-type” subset, in that they do not have any clear mutations in NRAS, 

BRAF, or NF1. However, many of these “wild-type” melanomas still contain constitutive 
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activation of the Ras/ERK pathway, further highlighting the importance of the pathway to 

melanoma malignant growth. For example, activating mutations and amplification of upstream 

RTKs KIT and EGFR are observed in this subset. 

The incidence of NRAS and BRAF mutations vary between patients, and the reasons for 

this variability is currently under investigation (Curtin et al. 2005; Lee, Choi, and Kim 2011). 

NRAS-mutant melanomas occur in all sites of cutaneous melanoma, including sun-exposed and 

sun-unexposed skin, and typical NRAS-mutant melanoma patients tend to be older (>55 years) 

and contain a pattern of UV exposure and lesions. Additionally, NRAS mutations are rarely 

present in benign melanocytic nevi. In contrast, BRAF mutations are more common in 

intermittently sun-exposed skin, in younger patients without a pattern of UV exposure, and in 

benign melanocytic nevi. Histologically, mutant NRAS tumors have thicker lesions and are more 

aggressive than other subtypes, with elevated mitotic activity and higher rates of lymph node 

metastasis (Devitt et al. 2011). Because NRAS mutations are associated with a more 

aggressive disease, NRAS mutation status is a predictor of poorer outcomes in patients, with a 

lower median overall survival (OS) compared to non-NRAS-mutant melanomas (Muñoz-

Couselo et al. 2017). This is compounded by the limited activity of current therapies in these 

tumors, which will be discussed below. Therefore, there is an urgent need for new therapies for 

these patients. 

TARGETING RAS-DRIVEN MELANOMAS 

In this section, I will highlight the standard of care for individuals with advanced stage 

melanoma. I will also summarize treatments that are in clinical trials and identify areas of unmet 

need for these patients. 

Targeting the Ras pathway 

The discovery of the dependence of melanomas on the Ras/ERK pathway led to the 
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development of several pathway-specific inhibitors and revolutionized the standard of care for 

many advanced stage melanoma patients (Davies et al. 2002; Chapman et al. 2011). Before 

2011, patients were treated with either the chemotherapy dacarbazine or the immunomodulating 

drug cytokine IL-2, with a median overall survival of ~9 months. (Luke and Schwartz 2013). The 

first small molecule Ras/ERK pathway inhibitor to enter the clinic was the selective V600-mutant 

BRAF inhibitor vemurafenib. Excitingly, clinical trials found that vemurafenib increased the 

overall response rate (ORR) in BRAF-mutant patients to 48% compared to just 5% for 

dacarbazine (Chapman et al. 2011). However, resistance to BRAF inhibition eventually 

occurred, and subsequent studies identified that resistance was mainly through enhanced 

activation of the Ras/ERK signaling pathway (Solit and Rosen 2011). To combat this, the 

selective BRAF inhibitor dabrafenib was combined with the MEK inhibitor trametinib, and this 

combination therapy increased the overall response rate of patients to 64% compared to 

vemurafenib, with a median progression free survival (PFS) of 11.4 months versus 7.4 months 

and a median overall survival (OS) of 25.1 months compared to 18.7 months (Robert, 

Karaszewska, et al. 2015).  Similar results were observed with the combination of BRAF 

inhibitor vemurafenib and MEK inhibitor cobimetinib (Ribas et al. 2014). Therefore, the 

combination of BRAF and MEK inhibitors were approved for BRAF-mutant melanoma patients 

and have since become the standard of care. Immunotherapies in the context of the standard of 

care will also be discussed below. 

Unfortunately, Ras/ERK pathway targeted therapies have not been as successful in non-

BRAF-mutant melanomas. With the exception of one specific mutant KRAS allele, Ras proteins 

have been difficult to target, and while in vitro MEK inhibitor data appeared promising for NRAS-

mutant tumors, Phase II and III trials of the MEK inhibitor binimetinib in NRAS-mutant 

melanoma patients had an ORR of 15-20%, median PFS of only 2.8 months, and OS of 11 

months (Dummer et al. 2017; Singh, Longo, and Chabner 2015; Solit et al. 2006). The potential 

efficacy of MEK inhibitors in NF1-mutant tumor is not yet known. Regardless, there is an urgent 
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need for improved therapies for non-BRAF-mutant melanoma patients. One approach in NRAS- 

and NF1-mutant tumors would be to develop combination therapies that might increase the 

efficacy of MEK inhibitors. 

Mechanisms of resistance to Ras pathway inhibitors in melanoma 

Despite initial responses to BRAF/MEK inhibitors, most BRAF-mutant tumors develop 

resistance to Ras/ERK pathway inhibitors, either through de novo or acquired mutations. Pre-

existing, de novo resistance mechanisms are attributed to the complex heterogeneity seen in 

melanoma tumors due to repeated DNA damage from UV exposure. Additionally, epigenetic 

alterations or genomic mutations in intrinsic bypass survival pathways, such as the PI3K/AKT 

pathway, may promote resistance. For example, a common mutation found in melanoma leads 

to loss of PTEN, which is a negative regulator of the PI3K/AKT pathway, and this has been 

shown to cause resistance in patient tumors (Paraiso et al. 2011).  

Acquired resistance has mainly been associated with mutations in NRAS or the 

downstream kinase MEK1, BRAF amplification or splicing, overexpression of COT, and 

activation of RTKs (Wagle et al. 2014; Shi et al. 2012; Corcoran et al. 2010; Poulikakos et al. 

2011; Wagle et al. 2011; Johannessen et al. 2010; Nazarian et al. 2010; Van Allen et al. 2014).. 

Resistance to MEK inhibitors may also occur through impaired activation of the transcription 

factor FOXO3a, leading to a reduction in BCL2L11 expression and suppression of apoptosis 

(Yang, Chang, et al. 2010). In conclusion, though targeting the Ras/ERK pathway with BRAF 

and MEK specific inhibitors does initially lead to a response, eventually cancer cells can acquire 

multiple compensatory defects to evade cell death; thus, there is an urgent need for additional 

therapies that can target these diverse mechanisms of resistance.  
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Additional therapies for advanced stage melanoma 

In addition to targeted small molecule therapies, immune checkpoint inhibitors are also 

used in the clinic to treat advanced stage melanomas. The clinical development of CTLA-4 and 

PD-1/PD-L1-blocking antibodies has had a profound impact on the treatment of melanoma, with 

a PFS of 16.8 months and 5-year OS of 60% with the anti-CTLA-4 therapy ipilimumab plus anti-

PD-1 therapy nivolumab in treatment-naïve patients harboring a BRAF mutation (Larkin et al. 

2019). Non-BRAF-mutant melanomas, such as NRAS-mutant, have a lower response rate to 

immune checkpoint inhibitors ipilimumab and nivolumab, with a 5-year a PFS of 11.2 months 

and OS rate at 46% (Dummer et al. 2017; Sarkisian and Davar 2018). Because not all patients 

respond successfully to these therapies, considerable effort is being invested in the 

identification of predictive biomarkers. One promising biomarker is serum lactate 

dehydrogenase (LDH), with high baseline levels associated to a less favorable outcome in 

terms of response rate to BRAF and MEK inhibitors and anti-PD-1 immunotherapy (Hodi et al. 

2018). Other studies hint that tumor mutational burden and the presence of tumor-infiltrating 

lymphocytes, PD-L1 expression, and intestinal microbiota are all linked to better responses as 

well (Garrett 2015; Cristescu et al. 2018). Resistance does eventually occur with immune 

checkpoint inhibitors, and mechanisms include T cell dysfunction, melanoma cell 

dedifferentiation, and upregulation of compensatory immune checkpoint proteins (Jenkins, 

Barbie, and Flaherty 2018). 

Studies are also ongoing about whether patients should be treated with BRAF and MEK 

inhibitors before immune checkpoint inhibitors, or vice versa. Most evidence supports a positive 

effect of Ras/ERK pathway inhibitors on immune recognition, meaning that BRAF and MEK 

inhibitors may lead to a better response when given to patients before immunotherapies (Hu-

Lieskovan et al. 2015). However, one major gap in knowledge pertains to the optimal scheduling 

and sequencing of targeted agents and immunotherapies. Studies thus far have generally been 
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performed at very early time points in the course of therapy, and later analyses have found that 

the effects of Ras/ERK therapy on melanoma antigen expression and T-cell infiltration may 

dissipate over time (Cooper et al. 2016). Therefore, more studies are needed to determine the 

appropriate combination and sequence of inhibitors to treat melanoma patients. 

Combination targeted therapies 

Combining Ras/ERK pathway inhibitors with other small molecule inhibitors or immune 

checkpoint inhibitors is currently being evaluated in clinical trials based on promising preclinical 

studies. One example is the combination of MEK and CDK4/6 inhibitors in patients with NRAS-

mutant melanoma, and early results have shown partial responses in 33% and stable disease in 

52% of patients (Sosman et al. 2014). Other combinations currently in clinical trials are 

Ras/ERK pathway inhibitors with PI3K or MET inhibitors in BRAF-mutant and non-BRAF-mutant 

melanomas (Table 1-1). However, to date, no clinical combinations have been found to be 

effective in a majority of patients, especially in patients with non-BRAF-mutant melanomas. 

 

Table 1-1. A selection of current clinical trials of combination therapies with Ras/ERK pathway 
inhibitors in BRAF or NRAS mutant melanomas 

Completed, recruiting, active not recruiting, and not yet recruiting clinical trials that involve combination 
therapies with Ras/ERK pathway inhibitors in melanoma. 
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Therefore, additional approaches are needed to identify rational combination treatments that 

may produce a more robust and durable response. One promising strategy that we have 

successfully explored in other cancers is to target both oncogenic kinases and epigenetic 

regulatory proteins in cancer (De Raedt et al. 2014; Malone et al. 2017; Guerra et al. 2020; 

Maertens et al. 2019). Additionally, another promising strategy is to take an unbiased approach 

through functional genomic screens, which I have employed in my research. 

GENETIC SCREENS TO IDENTIFY NEW DRUG TARGETS 

One approach that can be used to identify potential therapeutic targets of interest is 

functional genomic screening. Though mutational analyses of tumors have identified many 

targetable proteins, such as members of the Ras/ERK pathway in melanoma, “driver” mutations 

identified in tumors only represent a small number of proteins that are druggable. Some cancer 

targets may not be genetically activated through mutation, amplification, or translocation, but are 

still important oncogenic drivers in specific genetic contexts, such as epigenetic regulators. In 

addition, tumors may harbor unique cancer specific vulnerabilities, which could be exploited by 

targeting critical “protective” pathways (Luo, Solimini, and Elledge 2009). To identify these 

alternative types of targets, functional genomic screening platforms, such as loss-of-function 

genome-wide CRISPR-Cas9 screens, are powerful tools. They can be used to provide an 

unbiased genome scale identification of other genes that, when suppressed, kill specific cancers 

or cooperate/ enhance the effects of other targeted agents. 

CRISPR, which stands for bacterial type II clustered regularly interspaced short 

palindrome repeats, and its associated Cas9 protein system have been adapted into 

mammalian cells to generate a simple and efficient means of generating targeted mutations 

(Cong et al. 2013). Short 20-nucleotide guide RNAs (sgRNAs) guide Cas9 proteins to target 

loci, and Cas9 then generates precise double strand breaks which are repaired by error-prone 

non-homologous end-joining (NHEJ), leading to a production of indels and frame-shifts and thus 
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“knock-out” alleles. Because of the simplicity of the CRISPR-Cas9 system, it can easily be 

scaled up through pooled microarray synthesis of sgRNAs, generating CRISPR-Cas9 libraries 

with multiple sgRNAs targeting most, if not all, known genes in the human genome. This then 

enables the use of pooled genome-scale loss-of-function CRISPR screens to systematically 

interrogate gene function in different biologic processes. Since the first development of a 

genome-scale CRISPR library, many laboratories have used these screens to identify genes 

essential in different genetic contexts and genes involved in drug or toxin resistance (Wang, 

Birsoy, et al. 2015; Hart et al. 2015; Shalem et al. 2014).  

In a pooled screening format, the complete sgRNA library is synthesized, cloned, and 

transfected into a pool of cells, and the cells are then separated based on an observed 

phenotype related to cell morphology, chemistry, or cell viability (Figure 1-4) (Xue et al. 2016; 

Dhanjal, Radhakrishnan, and Sundar 2017). Viable cells can then be used for a positive 

selection and/or a negative selection assessment. In a positive selection screen, genetic 

manipulation (such as through CRISPR-Cas9 mediated gene knock out) will favor cell 

proliferation and/ or survival under the created selective pressure. Conversely, negative 

selection screens identify cells (and thus guides) that have been depleted from the pool of cells 

over the treatment period. The depletion of cells is then attributed to the specific genetic 

perturbations that affect cell survival and/or proliferation. 

Synthetic lethality is when an individual defect in one of two distinct genes does not elicit 

a lethal effect on cells, but simultaneous defects together lead to cell death. In the context of 

cancer, synthetic lethality is also used to identify drugs or drug combinations that will elicit cell 

death only in cancer cells but not in normal tissues. For example, cancers with loss-of-function 

mutations in BRCA2, which is important for DNA double-strand break repair by homologous 

recombination (HR), are specifically sensitive to inhibition of the protein PARP, which is involved 

in base excision repair (Farmer et al. 2005; Bryant et al. 2005). Therefore, PARP and BRCA2 
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are synthetic lethal partners. Recently, large-scale gene-knockout studies have become the 

standard to map synthetic lethal interactions in cancer cells. Additionally, the concept of 

synthetic lethality can be applied to identify drug targets that synergize to cause potent cell 

death with other drugs that, on their own, do not. 

 

In Ras-driven malignancies, large-scale gene-knockout or knockdown studies have been 

used to identify pathways of resistance as well as synthetic lethal partners to BRAF and/or MEK 

inhibitors (Table 1-2). However, in many cases, identified targets are part of Ras signaling, 

either within the Raf/MEK/ERK pathway or PI3K/AKT pathway. We hypothesized that there 

might be several reasons why identified targets are primarily components of the Ras pathway. 

First, often the dose of MEK or BRAF inhibitors used is equivalent to the IC50 dose, which  

Figure 1-4: Schematic example for a negative-selection CRISPR-Cas9 screen 

(1) sgRNAs are synthesized using pooled microarray (2) before being cloned into a plasmid 
backbone that contains the Cas9 protein sequence as well. (3) Lentivirus is packaged and (4) 
cells are infected with library. A day 0 is collected as a control before (5) drugs are added for 
a select amount of time. (6) Genomic DNA is then extracted, sequenced, and analyzed. 
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results in incomplete inhibition of the pathway. Therefore, genes that enhance the cytostatic 

effects of BRAF or MEK inhibitors are often “on target” and affect direct components of this 

pathway. Secondly, screens usually are terminated after 10-20 population doublings and this 

selects for hits that can be either cytostatic or cytotoxic. Therefore, in Chapter 2 of my thesis, we 

describe a different experimental design for our loss-of-function, genome-scale CRISPR-Cas9 

screen to identify targets that, when suppressed, actively kill NRAS-mutant melanomas when 

combined with MEK inhibitors.  

TARGETING DE-UBIQUITINASES 

Using a negative selection genome-scale CRISPR-Cas9 screen approach, which will be 

discussed in Chapter 2, I have shown that loss of the de-ubiquitinase USP7 potently sensitizes 

NRAS- and BRAF-mutant melanomas to Ras/ERK pathway inhibitors. In this section, I provide 

background about de-ubiquitinases and their role in cancer. 

Regulation of ubiquitin 

Ubiquitin (Ub) is a 76-amino acid protein that can be conjugated onto a substrate 

protein, “tagging” the substrate protein for trafficking or degradation within the cell (Nalepa, 

Rolfe, and Harper 2006; Bedford et al. 2011; Komander, Clague, and Urbe 2009). The process 

of “tagging” a protein with ubiquitin is executed by several enzymes and enzyme complexes, 

including E1, E2, and E3 Ub ligases and deubiquitinase enzymes (DUBs). In summary, E1 

enzymes activate Ub and transfer it to E2 enzymes; E2 enzymes transfer Ub to E3 ligases; and 

E3 ligase complexes transfer Ub to the lysine residues of proteins (Figure 1-5). In the case of 

protein degradation, polyubiquitin chains are built up on the targeted protein, leading to 

recognition by the ubiquitin-proteasome system (UPS) and degradation of the polyubiquitin 

labeled protein. Conjugation of a single Ub molecule (monoubiquitination), by contrast, has 

been shown to regulate target activity instead of causing degradation. For example, 
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monoubiquitinated histone H2B has been shown to regulate transcriptional elongation, and 

monoubiquitination of PCNA leads to error-free DNA replication. DUBs remove monoubiquitin or 

polyubiquitin chains from the lysine residues of proteins, reversing the function of E2 ubiquitin 

conjugating enzymes and E3 ligases. The dynamic balance between ligase and DUB activity 

within a cell regulates cellular activities such as apoptosis, cell division, and cell signaling. 

 

De-ubiquitinases in cancer 

In total, there are approximately 98 DUBs encoded in the human genome, and they are 

categorized into 6 subfamilies: USPs (ubiquitin-specific proteases), UCHs (ubiquitin carboxyl-

terminal hydrolases), OTUs (ovarian-tumor proteases), MJDs (Machado-Joseph disease protein 

domain proteases), JAMMs (JAMM/MPN domain-associated metallopeptidases) and MCPIPs 

(monocyte chemotactic protein-induced proteases) (Reyes-Turcu, Ventii, and Wilkinson 2009). 

Figure 1-5. Simplified schematic of ubiquitin regulation in the cell 

Ubiquitin is first activated by E1 proteins, which then conjugate ubiquitin to E2 proteins. E3 ligase 
complexes then transfer ubiquitin from E2 proteins to a substrate protein. Polyubiquitination marks the 
substrate for proteasomal degradation, while monoubiquitination may affect the protein’s activity in the 
cell. Deubiquitinases (DUB) remove poly or mono ubiquitin from substrates. Figured adapted from Wertz 
and Murray, 2019. 
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USP DUBs are the largest family, with approximately 60 members. DUBs vary in their targets, 

with some DUBs preventing degradation of proteins through the proteasome, while others 

altering signals mediated by non-degradation ubiquitin. By removing ubiquitin, DUBs also 

generate free ubiquitin, releasing it into the ubiquitin pool where it can then be bound and 

activated by E1 enzymes. 

Irregular DUB expression is commonly associated with increased migration, invasion 

and carcinogenesis in cancers. For example, the DUB A20/TNFAIP3 is a negative regulator of 

the NF-kB pathway, and several studies have identified deletions or mutations of A20/TNFAIP3 

in Non-Hodgkin’s Lymphoma (Honma et al. 2009). Within melanoma, the DUB USP13 has been 

shown to stabilize and upregulate MITF through deubiquitination (Zhao et al. 2011). Because 

many DUBs contain catalytic domains that are easy to target, a number of inhibitors are 

currently in development (Table 1-3). Additionally, the approval of Bortezomib (Velcade), a pan-

DUB inhibitor, as therapy for multiple myeloma and mantle cell lymphoma has led to increased 

interest in developing more specific DUB inhibitors for cancer (Lim and Baek 2013). 

USP7 function 

Ubiquitin-specific peptidase or protease 7 (USP7), which is also known as herpesvirus-

associated ubiquitin-specific protease (HAUSP), is a USP family DUB that can remove 

polyubiquitin chains and monoubiquitin from substrates (Cheon and Baek 2006). Found initially 

in the nucleus, it has subsequently been show to exhibit a dynamic overall cellular distribution 

under different pathological conditions and genetic perturbations (Everett et al. 1997). For 

example, it has been found in both the cytoplasm and the mitochondria. Overall, it is widely 

expressed in all tissue types. The structure of USP7 contains four domains: an N-terminal tumor 

necrosis factor-receptor associated factor (TRAF) domain, a catalytic domain, a 5-ubiquitin-like 

domain, and a C-terminal regulatory domain (Holowaty et al. 2003). The catalytic domain 
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recognizes and cleaves ubiquitin from the substrate, while the C-terminal regulatory domain 

recognizes and binds to the substrates. 

Functionally, USP7 is involved in a diverse array of cellular processes (Bhattacharya et 

al. 2018; Li et al. 2002). USP7 was first identified as a stabilizer of the herpesvirus E3 ligase 

ICP0, and since then, it has been reported to interact with and regulate numerous mammalian 

E3 ligases, epigenetic modifiers, and transcription factors, among other targets (Everett et al. 

1997; Kim and Sixma 2017). Of its targets, the role of USP7 in stabilizing MDM2, an E3 

ubiquitin ligase that targets p53 for proteasomal degradation, has garnered the most interest 

because TP53, the gene for p53, is often lowly expressed in cancers (Prives 1998; Cummins et 

al. 2004b). As mentioned earlier, p53 is an important tumor suppressor that exerts 

antiproliferative effects, including growth arrest, apoptosis, and cellular senescence in response 

to various types of stresses, and therefore cancer cells often lowly express TP53 or have loss-

Table 1-3: Selected preclinical inhibitors targeting members of the USP family of DUB proteins 

Table adapted from (Harrigan et al. 2018). 
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of-function mutations in this gene (Vogelstein, Lane, and Levine 2000). Under normal 

circumstances, USP7 has been found to associate with MDM2 to protect the E3 ubiqutin ligase 

from auto-ubiquitination, allowing MDM2 to continue to reduce p53 protein levels by 

ubiquitinating it for proteasomal degradation. In addition to its interaction with MDM2 and p53, 

USP7 has been found to control the stability of many different proteins involved in important 

pathways within the cell, such as DNA replication, DNA damage, DNA repair, and epigenetics. 

For example, during DNA damage, USP7 has been found to stabilize Chk1, a checkpoint 

kinase, as well as its activator Claspin and checkpoint with forkhead and RING finger domain 

protein (Chfr) (Alonso-de Vega, Martin, and Smits 2014; Faustrup et al. 2009; Oh, Yoo, and 

Seol 2007). 

USP7 has also been found to regulate monoubiquitination of different proteins, thus 

regulating their activity (van der Horst et al. 2006; Song et al. 2008). For example, USP7 has 

been found to regulate the localization of PTEN, a tumor suppressor, and control the activity of 

FOXO4, an important transcription factor that is downstream of the PI3K/AKT pathway. Finally, 

and most relevant for this dissertation, USP7 also has been found to contribute to epigenetic 

regulation by de-ubiquitinating histone H2B, an important regulator of transcriptional elongation. 

Increased expression levels of USP7 have been detected in breast cancers (Luise et al. 

2011), prostate cancer (Song et al. 2008), multiple myeloma (Chauhan et al. 2012), ovarian 

cancer (Ma and Yu 2016; Wang, Mazurkiewicz, et al. 2016), glioma (Cheng et al. 2013), and 

hepatocellular carcinoma (Zhang et al. 2020). Additionally, several studies have argued that 

USP7 can contribute to drug resistance in leukemia, multiple myeloma, and colon cancer 

through stabilization of DNA methyltransferase 1 (DNMT1), histone deacetylase 1 (HDAC1) and 

Beclin-1 (Du et al. 2010; Meyer et al. 2013; Xia et al. 2020). Therefore, a potential role for USP7 

in cancer has been suggested in many contexts, although the mechanisms by which it functions 

in each of these cancers are largely unknown. 
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Clinical development of USP7 inhibitors 

Because inhibition of USP7 increases the amount of ubiquitinated MDM2, thus indirectly 

increasing p53 protein stability, USP7 has been the focus of academic and industrial efforts to 

develop inhibitors in order to assess its effects in cancers where TP53 is intact but lowly 

expressed (Li and Liu 2020). These efforts have led to the development of several small 

molecule inhibitors that target the catalytic domain either by forming covalent bonds to block 

ubiquitin or by binding to an allosteric site near the catalytic center (Srivastava, Suri, and 

Asthana 2019; Zhang and Sidhu 2018). In total, 19 covalent or non-covalent USP7 inhibitors 

have been described, with Genentech, Forma Therapeutics, and Progenra, Inc. as the three 

major biotechnology companies that currently are working to develop clinical USP7 inhibitors.  

So far, the preclinical effect of USP7 inhibitors as a single agent has been investigated in 

chronic lymphocytic leukemia (CLL), multiple myeloma (He et al. 2020), colorectal cancer (Li et 

al. 2020), and hepatocellular carcinoma (Zhang et al. 2020) primarily because USP7 is 

frequently over-expressed in these cancers. In these experiments, USP7 inhibitors were found 

to slow cell growth both in vitro and in vivo, but not cause significant cell death or complete 

tumor regression. Therefore, these inhibitors might benefit from being combined with an already 

established inhibitor, such as BRAF/MEK inhibitors. Additionally, the role of USP7 in melanoma 

has not been well-studied. Therefore, after identifying it in our negative selection CRISPR-Cas9 

screen, we decided to further investigate USP7 as a target that, when suppressed, would 

cooperate with MEK inhibition in melanoma.  

THE EPIGENETIC LANDSCAPE OF CANCER 

Coincidentally, all three of the new therapeutic targets that we have identified in 

melanoma regulate histone modifications on chromatin. Therefore, I briefly summarize the field 

of epigenetics below. 
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Epigenetics is the study of heritable phenotype changes that do not involve variations 

within the DNA sequence (Allis and Jenuwein 2016). The human genome is comprised of 

genomic loci that contain genes as well as promoters and enhancers, which are proximal and 

distal regulatory elements that control gene expression in specific cell types. Within the nucleus, 

the genome is packaged into ~30 million nucleosomes, forming massive complexes termed 

chromatin. The activity of a gene or locus is tied to its chromatin organization and how 

accessible it is to regulatory factors and transcriptional machinery. Repressive states can be 

propagated through specific histone modifications, DNA methylation, regulatory proteins, and 

noncoding RNAs, whereas active states can be sustained by transcription factors, other histone 

modifications, and chromatin modifying cofactors that bind to promoters and enhancers, engage 

RNA polymerase, and stimulate transcriptional activity. 

One key epigenetic mechanism of gene regulation is through post-translational 

modifications of histones. Histones are proteins that package and compact DNA into the 

structures called nucleosomes. The level of compaction directly correlates with how physically 

available a gene is for transcription, and often the level of compaction is associated with a 

specific post-translational modification that occurs on the nearby histone. Each histone is 

comprised of four core proteins – histones H2A, H2B, H3, and H4 – with histones H3 and H4 

commonly modified because they possess a long tail at the N-terminal end of their structure that 

is amenable to covalent modifications. Examples of common histone modifications include 

histone 3 lysine 27 trimethylation (H3K27Me3), which is associated with transcriptional 

repression, and histone H2B ubiquitination (H2Bub), which is associated with transcriptional 

elongation. As will be discussed in Chapter 2, we believe that USP7 inhibition mediates its 

therapeutic response in melanoma through its effects on H2Bub. 
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Histone post-translational modifications are regulated by specific classes of epigenetic 

regulator proteins: writers, erasers, and readers (Figure 1-6). Writers and erasers catalyze the 

placement and removal of epigenetic marks on histones and DNA, whereas readers activate 

gene expression by recognizing a specific modification and recruiting transcription and 

elongating factors to its site. Examples of histone writers include lysine acetyltransferases 

(KATs) which catalyze the addition of an acetyl mark to lysine residues, causing chromatin to 

“open” by neutralizing the lysine charge (Dawson and Kouzarides 2012). Histone deacetylases 

(HDACs) work antagonistically to KATs by removing or “erasing” acetyl marks and closing 

chromatin to transcription; therefore HDACs are known as histone erasers. Finally, examples of 

histone readers are bromodomain and extra-terminal domain (BET) proteins, which recruit 

transcription and elongation factors after interacting with acetylated lysine residues on histones. 

The epigenetic landscape of melanoma 

In addition to numerous genetic alterations, cancer cells have been found to harbor 

global epigenetic abnormalities (Jones and Baylin 2002). Studies suggest that epigenetic 

alterations may serve as key initiating events in some forms of cancer. The fact that epigenetic 

Figure 1-6. Epigenetic proteins that regulate histone modifications 

Histone erasers remove modifications, such as methylation, from histone tails. Histone readers 
recognize histone marks and recruit transcription factors and elongation factors, leading to 
transcriptional activation of a nearby gene. Histone writers add histone modifications, such as 
acetylation. 
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aberrations can often be reversed or suppressed by targeted agents highlights the therapeutic 

promise of inhibitors that target these proteins. Like many cancers, melanomas also harbor 

epigenetic abnormalities that contribute to its pathogenesis. For example, aberrant promoter 

methylation is one epigenetic hallmark of melanoma, which leads to the transcriptional silencing 

of several tumor suppressors, such as PTEN and RASSF1A (Lahtz et al. 2010; 

Mirmohammadsadegh et al. 2006; Spugnardi et al. 2003). Additionally, melanomas can switch 

from a proliferative to a metastatic phenotype through epigenetic regulation of SOX10, a 

transcription factor that promotes MITF expression (Verfaillie et al. 2015). Somatic mutations 

within genes that encode different epigenetic regulators, such as mutations within components 

of the chromatin remodeling BAF complex, are also found at relatively high frequency in 

melanoma. Finally, gain of function alterations in EZH2, the catalytic component of the 

polycomb repressive complex group 2 (PRC2), occur in 2-4% of melanomas, increasing the 

abundance of the repressive histone mark H3K27Me3 (Souroullas et al. 2016; Zingg et al. 2015; 

Gao et al. 2013). Therefore, because epigenetic alterations are important for melanoma 

progression, the field has been investigating whether targeting epigenetic regulators might also 

prevent therapeutic resistance. Two epigenetic regulators that I have investigated in the course 

of my dissertation are discussed below: BET and HDAC proteins. 

Bromodomain and extra-terminal domain family proteins 

Bromodomain and extra-terminal domain (BET) family proteins are histone readers that 

recognize activating histone acetylation marks and recruit transcription and elongation factors to 

activate transcription. There are four proteins within this family in humans - BRDT, BRD2, 

BRD3, and BRD4 - all of which contain two amino-terminal bromodomains that bind acetylated 

chromatin and extra-terminal domains which interact with specific binding partners (Zeng and 

Zhou 2002). In addition to these two domains, BRD4 contains a carboxyl-terminal domain 

(CTD), which stimulates the transcription of growth-promoting genes by recruiting the elongation 
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complex p-TEFb (Wu and Chiang 2007). BRD4 in particular is also a cofactor of the Mediator 

complex, which transduces signals from transcription factors and activators at enhancers to 

promoters and initiates transcription. 

 

Interestingly, inhibition of BRD4 has been found to suppress the expression of several 

oncogenes, including MYC, TMPRSS2-ETS fusion genes, FOSI1, CDK6, and TERT, as well as 

others (Delmore et al. 2011; Dawson et al. 2011; Segura et al. 2013; Zuber et al. 2011). 

Accordingly, numerous BET and BRD4 specific inhibitors are currently in early stage clinical 

trials for treating solid and hematological malignancies (Table 1-4). BET inhibitors are small 

molecules that interact with the acetylated lysine-binding pocket of the BET family proteins, 

triggering displacement of BET proteins at enhancers and promoters genome-wide. In 

melanoma, BRD4 is significantly upregulated in primary and metastatic tissues compared to 

melanocytes and nevi, and therefore represents a promising target (Segura et al. 2013). 

Interestingly, in Chapter 4, we found that the combination of BET and Ras/ERK pathway 

inhibitors causes cell death and tumor regression in BRAF-mutant melanomas.  

Table 1-4. Current BET inhibitors in clinical trials 
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Histone de-acetylase proteins 

Histone de-acetylase (HDAC) proteins are another important class of epigenetic 

regulators relevant to cancer (Li and Seto 2016). HDACs are a diverse family of proteins that 

deacetylate protein substrates, including histone tails, and are therefore considered to be 

histone erasers. They are ubiquitously expressed and play key roles in a variety of cellular 

processes, including gene transcription, DNA repair, cell metabolism, response to cell stress, 

and organismal development. There are four phylogenetic classes of HDAC family proteins 

based on their similarity to yeast proteins. Class I HDACs (HDAC 1, 2, 3, and 8) show homology 

to yeast Rpd3, Class II HDACs (HDAC4, 5, 6, 7, 8, 10) show homology to yeast protein Hda1, 

Class III HDACs show homology to yeast Sir2, and Class IV HDACs show homology to both 

Rpd3 and Hda1. 

Increased expression of one or more HDACs has been found in melanoma, prostate, 

breast, colon, gastric, and liver cancers. Additionally, decreased histone acetylation is also 

described as a hallmark of cancer cells. A number of HDAC inhibitors have been developed, 

many with clear anti-cancer effects, and four have received FDA approval for treating cancer: 

vorinostat (cutaneous T-cell lymphoma [CTCL]), pomidepsin (peripheral T-cell lymphoma 

[PTCL], CTCL), belinostat (PTCL), and panobinostat (multiple myeloma). However, though 

HDAC inhibitors are effective in hematological malignancies, they are not effective in solid 

tumors as monotherapies. This has led to investigations in combining HDAC inhibitors with 

other anti-tumor drugs, such as PARP inhibitors, proteasome inhibitors, immune checkpoint 

inhibitors, and mTOR inhibitors, among others (Min et al. 2015; Laporte et al. 2017; Kim et al. 

2014; Malone et al. 2017; Booth et al. 2017). In melanoma, HDAC inhibition has been shown to 

suppress MITF expression. This served as one rationale for assessing the effects of HDAC 

inhibitors with BRAF and/or MEK inhibitors, which will be discussed in Chapter 3 (Yokoyama et 

al. 2008). 
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OVERVIEW OF DISSERTATION 

Advanced-stage, unresectable cutaneous melanoma is a lethal disease. While there 

have been some advances in identifying treatments for these patients, there still is an unmet 

need for additional therapies, especially in non-BRAF-mutant melanomas. This thesis describes 

three promising therapeutic combinations that target oncogenic Ras/ERK pathway signaling and 

epigenetic regulators.  

In Chapter 2, I focus on the combination of Ras/ERK pathway and USP7 inhibitors, 

which I identified through an unbiased negative selection genome-scale CRISPR-Cas9 screen. 

In this screen, we employed two single vector CRISPR lentiviral libraries – one library that 

targets 7,564 “druggable” genes and a library that targets 11,347 “undruggable” genes – and 

performed the screen in the NRAS-mutant melanoma cell line SKMEL2. After identifying and 

validating hits, we then further investigated one hit in particular, USP7, for two reasons: 1) it 

currently has inhibitors in preclinical studies and 2) two other hits in our screen, EPOP and 

ELOB, have been shown to form a complex with USP7 regulating H2B ubiquitination (H2Bub). 

We found that genetic and chemical perturbation of USP7 sensitized a panel of NRAS-mutant 

melanoma cell lines to MEK inhibitors in vitro and that the combination of USP7 and MEK 

inhibition causes profound tumor regression in two NRAS-mutant xenografts. Additionally, we 

observed that BRAF-mutant melanomas were also sensitive in vitro and in vivo to USP7, BRAF, 

and MEK inhibition, demonstrating that the therapeutic effects of this combination are not 

restricted to NRAS-mutant melanomas. Finally, we deconstructed the mechanism of action of 

this combination by evaluating the effect of USP7-EPOP-ELOB/C complex inhibition on 

transcription. We found that inhibition of this complex increases RNA and protein expression of 

the tumor suppressor CABLES1, which stabilizes p53 family members p63 and p73 in response 

to MEK inhibition. 
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In Chapter 3, I present work that I contributed to on targeting NRAS-, BRAF-, and NF1-

mutant melanomas with combined Ras/ERK pathway and HDAC inhibitors. For this paper, I 

conducted a number of in vitro and in vivo experiments, including examining the effects of these 

agents in xenografts as well as investigating the role of MGMT as a therapeutic biomarker. 

Importantly, in this study we determined that combined HDAC and Ras/ERK pathway inhibition 

causes dual suppression of homologous repair (HR) and non-homologous end-joining (NHEJ) 

DNA repair pathways, leading to irreversible DNA damage and cell death. Additionally, we 

identified MGMT expression as a biomarker the predicts sensitivity to these agents, and we 

provide a tractable strategy to identify patients who are most likely to respond to this therapeutic 

combination. 

In Chapter 4, I present a collaborative paper on targeting BRAF-mutant melanoma with 

Ras/ERK pathway and BET inhibitors, in which I performed all of the in vivo xenograft 

therapeutic experiments. In this study, we determined that resistance to BRAF and MEK 

inhibitors in BRAF-mutant melanomas ultimately occurs through the downstream activation/ 

induction of the transcription factor c-MYC (MYC). Initially, MYC expression is suppressed 

during BRAF and MEK inhibition, but once resistance occurs, MYC expression is re-activated, 

stimulating cell growth. BET inhibitors inhibit BRD4, which has been shown to transcriptionally 

regulate MYC. By treating BRAF-mutant melanomas both in vitro and in vivo with Ras/ERK and 

BET inhibitors, we found that together these agents induce more potent tumor regression and 

prevent resistance. 

Finally, in Chapter 5, I discuss my conclusions as well as the future implications of these 

studies. I review the current efforts to treat non-BRAF-mutant melanomas with targeted 

therapies and summarize future research avenues to pursue based on results from my thesis 

work. I also discuss the final studies that will be required to dissect the role of CABLES1 in 
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cancer and provide a working model that synthesizes my research in the context of developing 

treatments for melanoma.   
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ABSTRACT 

While combined BRAF/MEK inhibitors are initially effective in BRAF-mutant melanomas, 

the majority of patients ultimately relapse. MEK inhibitors are even less effective in NRAS-

mutant melanomas, eliciting only partial responses in a subset of individuals. Therefore, there is 

an urgent need to develop improved therapies, especially for NRAS-mutant tumors. Using a 

genome-scale negative selection CRISPR-Cas9 screen we identified the de-ubiquitinase USP7 

as a promising therapeutic target that when suppressed sensitizes NRAS-mutant melanomas to 

MEK inhibitors. Specifically, genetic and chemical suppression of USP7 synergizes with MEK 

inhibitors in vitro and together these agents cause potent tumor regression in vivo. However, 

USP7 inhibitors also potentiate the effects of BRAF/MEK inhibitors in BRAF-mutant tumors, 

demonstrating a broader cooperativity with Ras pathway inhibitors in melanoma. We further 

show that USP7 inhibitors function by inhibiting USP7-EPOP-ELOB/C complexes, which 

regulate histone H2B ubiquitination and the transcriptional elongation of a subset of genes. 

Specifically, suppression of this complex induces the expression of the tumor suppressor 

CABLES1, which subsequently stabilizes p63 and p73 proteins in the presence of MEK 

inhibitors. Together these observations suggest that USP7 normally protects melanomas from 

the lethal effects of MEK inhibitors by restraining the expression of CABLES1 and p53 family 

members. Additionally, these observations also reveal a promising therapeutic strategy for 

NRAS-mutant and possibly BRAF-mutant melanomas. 

INTRODUCTION 

Cutaneous melanoma is a highly metastatic and treatment refractory skin cancer, with 

~100,000 new cases estimated to occur in 2020 in the US alone (ACS 2020). More than three-

fourths of melanomas are defined by oncogenic “driver” mutations that constitutively activate the 

Ras/Raf/MEK/ERK pathway (henceforth referred to as the Ras/ERK pathway), which regulates cell 

proliferation, differentiation, and apoptosis ('Genomic Classification of Cutaneous Melanoma'  
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2015). About 50-60% of melanomas harbor gain-of-function mutations in BRAF; ~20% are driven by 

activating mutations in NRAS; and 10-12% contain loss-of-function mutations in the Ras GTPase 

activating protein (Ras GAP) neurofibromin 1 (NF1).  

The discovery of critical oncogenic mutations in Ras pathway components led to the 

development of highly selective kinase inhibitors that target the mutant form of BRAF and the 

downstream effector MEK (Luke et al. 2017). In BRAF-mutant melanomas, the combination of 

MEK inhibitors (MEKi) and BRAF inhibitors (BRAFi) induces a response in 76-90% of patients, 

resulting in improved overall survival (Flaherty et al. 2012; Robert et al. 2019; Long et al. 2015; 

Robert, Karaszewska, et al. 2015). Nevertheless, the majority of individuals relapse, and do so 

on average in 11 months (Long et al. 2015; Robert, Karaszewska, et al. 2015). Unfortunately, 

MEK inhibitors are even less effective in NRAS-mutant melanomas, with only 15-20% exhibiting 

partial responses to MEK inhibitors, which delay progression by ~4 months (Dummer et al. 

2017; Sarkisian and Davar 2018). Together, these observations suggest that while Ras/ERK 

pathway inhibition will remain an important cornerstone of melanoma treatment, we must 

identify more effective therapeutic drug combinations, in particular for NRAS-mutant tumors. 

According, additional therapeutic targets must be identified. 

One means of identifying new, and potentially druggable, dependencies is through 

functional genomic screens. The CRISPR-Cas9 (clustered regularly interspaced short 

palindromic repeats- CRISPR-associated protein 9) screening approach has been shown to be 

a powerful tool for high-throughput discovery of genetic dependencies in mammalian systems 

(Wang et al. 2014; Shalem et al. 2014). In particular, negative selection CRISPR-Cas9 screens 

are useful for identifying new therapeutic targets that may impair tumor cell survival alone when 

suppressed or sensitize cancers to other therapeutic targets (Huang et al. 2020). In this study, 

we performed a CRISPR-Cas9 negative selection screen to identify genes that when 

suppressed might sensitize NRAS-mutant melanomas to MEK inhibitors. Importantly, we 
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modified this screen to enrich for targets that were likely to induce cytotoxic responses, rather 

than cytostatic responses. 

Here we demonstrated that the deubiquitinase USP7 (also known as HAUSP) is an 

important therapeutic target in both NRAS- and BRAF-mutant melanomas and that USP7 and 

Ras/ERK pathway inhibitors potently synergize in vitro and in vivo. Surprisingly, while USP7 has 

been shown to regulate MDM2 stability and consequently p53 in other settings, here we show 

that USP7 inhibitors function in melanomas by suppressing USP7-EPOP-ELOB/C complexes, 

which control H2B ubiquitination and transcriptional elongation of a subset of genes, ultimately 

impinging on p63 and p73. Thus, in addition to identifying a promising new combination therapy 

for Ras-pathway driven melanomas, these studies have revealed a new tumor suppressor 

cascade that is regulated by USP7. 

RESULTS 

Genome-scale CRISPR screening identifies USP7 as a potential therapeutic target in 

NRAS-mutant melanomas 

To identify dependencies in NRAS-mutant melanomas in the presence of MEK 

inhibitors, we performed a genome-scale CRISPR-Cas9 loss-of-function screen in the NRAS-

mutant melanoma cell line SKMEL2. We designed this screen differently that other analogous 

screens in order to enrich for cytotoxic hits and possibly identify more genes outside of the 

Ras/ERK pathway. Typically, negative selection screens 1) utilize inhibitors at IC50 

concentrations and 2) are analyzed after cells have been treated for many population doublings 

(2-3 weeks). However, this experimental design tends to enrich for cytostatic hits because 

guides that slow the rate of proliferation will “drop out” after 3 weeks. Moreover, if MEK inhibitors 

are used at an IC50 concentration, genes that improve the “on target” cytostatic effect of these 

agents, such as MEK, BRAF, and ERK, often predominate the list of hits. Therefore, we used a 
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concentration of the MEK inhibitor trametinib (10nM) that exerted maximal cytostatic effects 

(Figure 2-1A, left panel, top). This concentration also stably suppressed ERK phosphorylation 

and did not induce feedback activation of the Ras/ERK pathway (Figure 2-1A, left panel, 

bottom). Finally, we concluded our screen after only 4 days of trametinib treatment because we 

have previously shown that cytotoxic combinations can exert their effects in melanoma within 

this time frame (Maertens et al. 2019). We reasoned that this amended strategy would reduce 

the number of cytostatic hits and would enrich for cytotoxic hits.  

We used two previously unpublished single vector CRISPR lentiviral libraries that 

contained 4-5 pairs of guide RNAs per gene: one “druggable” library that targets 7,564 genes 

and one “undruggable” library that targets 11,347 genes. The cell line was infected with a MOI 

of <0.3 and allowed to recover over one day (Figure 2-1A, right panel). After three days of 

puromycin selection, cells were then passaged for an additional 7 days to allow sufficient gene 

knock out to occur. We then collected a “day 0” time point in triplicate before treating with either 

DMSO (vehicle) or the cytostatic dose of the MEK inhibitor trametinib (10nM) in triplicate. After 4 

days of treatment, we determined the relative enrichment or depletion of guides using massively 

parallel sequencing and compared day 4 treatments with the initial day 0 plasmid pool. Data 

were normalized across replicates, and a gene-level dependency score was calculated using 

edgeR algorithm (Dai et al. 2014). As expected, we observed several previously identified 

essential genes drop out in both the MEKi and vehicle treatment arms, including the cell-type-

specific gene NRAS, highlighting that we waited long enough for sufficient drop out to occur 

(Supplemental figure 2-1A, B) (Hart et al. 2015). 

 We identified preferential genetic dependencies by first focusing on “druggable” hits, 

focusing first on hits that have promising inhibitors in preclinical or clinical development. From 

the “druggable” library, we identified several positive controls that have previously been found in  
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Figure 2-1. Genome-scale CRISPR screening identifies USP7 as a potential therapeutic target in 
NRAS-mutant melanomas 

(A) (Left panel) MEK inhibitor trametinib (10nM) alone produces a cytostatic response in NRAS mutant
melanoma cell line SKMEL2. Graph depicts log2 transformation of the fold change in cell number at days
1, 3, 4, and 5 versus day 0. Right axis shows percent change in cell number relative to day 0. Negative
values represent a decrease in cell number over time and positive values represent an increase in cell
number. Immunoblots show levels of phosphorylated ERK (pERK), total ERK, and GAPDH over time with
treatment of MEK inhibitor trametinib. To the right is a schematic of the negative selection screen.
SKMEL2 cells were infected with library, selected and allowed to grow over 10 days before harvesting a
day 0 time point and then treating with either DMSO or 10nM trametinib for 4 days.
(B) For our screen, we focused on “druggable” genes that were depleted more in the MEKi arm than in
the vehicle, with a difference<-1. Screen was done in the NRAS-mutant melanoma cell line SKMEL2. As
expected, 2 hits within the RAS/ERK pathway, RAF1 and BRAF, were significant hits from the screen.
Graph depicts Log2 fold change (MEKi treatment over 4 days / Day 0 timepoint – Vehicle treatment over 4
days / Day 0 time point) for “druggable” library only. Highlighted in red are other significant hits
(FDR<0.25) from our screen that have been found in other publications to synergize with MEK inhibitors in
RAS driven malignancies, such as MCL1, MTOR, and CDK4.
(C) NRAS-mutant melanoma line SKMEL2 was infected with shRNA against control or USP7. After
knockdown was confirmed, cells were treated with DMSO or trametinib (MEKi, 10nM) for 96 hours.
Graphs represent log2 transformation of the fold change in cell number at day 4 versus day 0. Right axis
shows percent change in cell number relative to day 0. Negative values represent a decrease in cell
number over time and positive values represent an increase in cell number. Immunoblots show levels of
USP7, phosphorylated ERK (pERK), and total ERK (ERK) after 24 hours of indicated treatment. *, p<0.05
when comparing shControl+MEKi to shUSP7+MEKi; **, p<0.05 when comparing shUSP7+vehicle to
shUSP7+MEKi.
(D) NRAS-mutant melanoma line SKMEL2 was infected with siRNA against control or RAF1. After
knockdown was confirmed, cells were treated with DMSO or trametinib (MEKi, 10nM) for 96 hours.
Graphs represent log2 transformation of the fold change in cell number at day 4 versus day 0. Right axis
shows percent change in cell number relative to day 0. Negative values represent a decrease in cell
number over time and positive values represent an increase in cell number. Immunoblots show levels of
RAF1, phosphorylated ERK (pERK), and total ERK (ERK) after 24 hours of indicated treatment. *, p<0.05
when comparing siControl+MEKi to siRAF1+MEKi; **, p<0.05 when comparing siRAF1+vehicle to
siRAF1+MEKi.
(E) Response of different NRAS-mutant cell lines to shRNA knock down of Control or USP7 and 4 days of
the indicated treatment. After knockdown was confirmed, cells were treated with DMSO or trametinib
(MEKi, 10nM) for 96 hours. Graphs represent log2 transformation of the fold change in cell number at day
4 versus day 0. Right axis shows percent change in cell number relative to day 0. Negative values
represent a decrease in cell number over time and positive values represent an increase in cell number.
Immunoblots for one cell line (MM415) were also included (left), demonstrating the level of USP7 knock-
down. See Supplemental Figure A-1D for more immunoblots. *, p<0.05 when comparing between
shControl+MEKi to shUSP7+MEKi.
(F) Log2 transformation in fold change of cell number at day 4 versus day 0 with 3 different sgRNAs
targeting USP7 in SKMEL2 and corresponding immunoblot demonstrating USP7 knock-out. *, **, ***,
p<0.05 when comparing each sgRNA targeting USP7 + MEKi to sgControl+MEKi.
(G) SKMEL2 cells were infected with 3’ UTR-specific-shRNA targeting control or USP7 as well as cDNA
expressing LACZ or USP7. Immunoblot demonstrates corresponding USP7 and GAPDH levels. *, p<0.05;
n.s., not statistically significant.
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other studies in Ras-driven malignancies, including RAF1, BRAF, CDK4, MTOR, and MCL1 

(Figure 1B) (Atefi et al. 2015; Nangia et al. 2018; Posch et al. 2013; Kwong et al. 2012). 

Interestingly, USP7, a deubiquitinase (DUB), ranked among the top 20 druggable genetic 

dependencies in the screen, with similar drop-out as compared to CDK4 and a significant FDR 

value of <0.25. We decided to focus on USP7 because there are promising inhibitors in 

development at multiple pharmaceutical companies and academic sites (Kategaya et al. 2017; 

Chauhan et al. 2012; Weinstock et al. 2012; Turnbull et al. 2017; Lamberto et al. 2017; Schauer 

et al. 2020). 

Genetic suppression of USP7 kills multiple NRAS-mutant melanoma cell lines when 

combined with the MEK inhibitor trametinib 

We next confirmed our pooled screen results by analyzing the effect of genetic deletion 

or suppression of USP7 in SKMEL2 cells, as well as 3 other NRAS-mutant melanoma cell lines. 

As a complementary approach, we first used USP7 shRNAs. Knockdown of USP7 effectively 

reduced USP7 expression and exerted modest cytostatic response in SKMEL2 cells (Figure 2-

1C). Trametinib alone induced a more potent cytostatic effect but did not cause a reduction in 

cell number over time. However, together USP7 ablation and MEK inhibition killed nearly 75% of 

cells within 4 days. As a comparison, when trametinib was combined with siRNA sequences 

that target RAF1 or BRAF, also identified in our screen, SKMEL2 cells also died, albeit to a 

somewhat lesser extent (Figure 2-1D; Supplemental Figure A-1C). Importantly, trametinib and 

USP7 depletion similarly killed 66-88% of cells in 3 additional NRAS-mutant melanoma cell lines 

(Figure 2-1E; Supplemental Figure A-1D). These findings were further confirmed in NRAS-

mutant cell lines using 3 CRISPR guides comprised of sequences that were different than those 

used in the screen (Figure 2-1F; Supplemental figure A-1E). Finally, we found that ectopic 

expression of USP7 effectively rescued cell death conferred by trametinib and ablation of USP7 

using UTR sequences (Figure 2-1G). These studies demonstrate that genetic suppression of 
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USP7 sensitizes NRAS-mutant melanoma cell lines to MEK inhibition, and together they exert 

potent cytotoxic effects. 

MEK and USP7 inhibitors potently synergize, trigger apoptosis, and induce the 

regression of NRAS-mutant melanomas in vivo 

To determine whether pharmacological agents could also mediate these effects, we 

evaluated four selective small molecule inhibitors of USP7: GNE6640, P5091, XL177A, and 

FT671 (Chauhan et al. 2012; Kategaya et al. 2017; Turnbull et al. 2017; Schauer et al. 2020). 

Currently, there are at least four USP7 inhibitors in preclinical development at Forma 

Therapeutics, Genentech, Progenra, Inc, and Dana-Farber Cancer Institute, with Progenra 

slated to enter Phase I clinical trials with an inhibitor based on the tool compound P5091. We 

first performed Incucyte live-cell imaging to concomitantly measure cell death and changes in 

cell number over time using a fluorescent assay that detects live and dead cells (Figure 2-2A). 

Similar to results observed with genetic suppression of USP7, USP7 inhibitors alone exerted 

cytostatic effects, the degree of which varied depending on the drug (Figure 2-2A, top panels). 

However, when combined with trametinib, these agents triggered a dramatic loss in viable cells 

(Figure 2-2A, top panels). Importantly, this reduction in cell number was accompanied by a 

potent cooperative increase in apoptosis, as determined by measuring caspase activity (Figure 

2-2A, bottom panels). By extensively performing dose response assays, we found that the

USP7 inhibitor P5091 and trametinib potently synergized in multiple NRAS-mutant melanoma 

cell lines as determined by the Gaddum model of non-interaction (Figure 2-2B) (Ianevski et al. 

2017). We further showed that these cells were similarly sensitive to USP7 inhibition and 

another MEK inhibitor, binimetinib, which is in phase II clinical trials for NRAS-mutant 

melanomas (Supplemental Figure A-2A) (Dummer et al. 2017). Finally, we found that combined 

USP7 and MEK inhibitors caused cell death in a larger panel of NRAS-mutant melanoma cell 

lines (Figure 2-2B). Importantly, this combination is not generally cytotoxic, 
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Figure 2-2. MEK and USP7 inhibitors potently synergize, trigger apoptosis, and induce the 
regression of NRAS-mutant melanomas in vivo 

(A) Real-time quantification of cell numbers (top) and cell death (bottom) using the live cell imager
IncuCyte ZOOM. Red (nuclear restricted NucLight RFP for quantifiying live cells) and green (Cytotox
Green reagent for quantifying dead cells) fluorescent cells were monitored every 4 hours (for 96 hours)
after treatment with vehicle (DMSO) or drugs (MEK inhibitor, USP7 inhibitor) and then quantified with the
IncuCyte integrated analysis software. GNE6640, 20uM; P5091, 10uM; FT671, 20uM, XL177A, 2uM.
(B) Synergy scores (to characterize the combination effects in Gaddum’s model for non-interaction) for
USP7 inhibitor P5091 combined with trametinib for SKMEL2 (3-D synergy map, left panel) and additional
sensitive cell lines (right panel). Strong synergy is indicated in red.
(C) Waterfall plot of cell counting assay results after 4 days of treatment with MEKi trametinib (10nM) and
USP7i P5091 (10uM) in 6 different NRAS-mutant melanoma cell lines. Cells were manually counted prior
to the addition of compounds and 3 days after treatment. Graphs represent log2 transformation of the fold
change in cell number at day 3 versus day 0. Right axis shows percent change in cell number relative to
day 0. Negative values represent a decrease in cell number over time and positive values represent an
increase in cell number.
(D) Waterfall plot depicting tumor volume change in NRAS-mutant melanoma xenograft model YUDOSO
after 2 weeks of treatment. Each bar represents an individual tumor. MEKi= 0.6mg/kg/day trametinib, oral
gavage; USP7i = 25mg/kg/day P5091, intraperitoneal injection. Mice were enrolled when tumors reached
~300mm3. Left axis indicates the log2 of fold change in tumor volume, and right axis indicates the
percentage change in tumor volume relative to day 0.
(E) (Left) Waterfall plot depicting tumor volume change in NRAS-mutant melanoma xenograft model
MM415 after 18 days of treatment. Each bar represents an individual tumor. (Right) Growth of MM415
tumors over time. Each data point is mean+/-SEM. MEKi= 0.6mg/kg/day trametinib, oral gavage; USP7i =
25mg/kg/day P5091, intraperitoneal injection. Mice were enrolled when tumors reached ~300mm3. Left
axis indicates the log2 of fold change in tumor volume, and right axis indicates the percentage change in
tumor volume relative to day 0. *, p<0.05 when comparing USP7i+MEKi treated tumors to MEKi treated
tumors.
(F) Waterfall plot of cell counting assay results after 4 days of treatment with BRAFi dabrafenib (100nM),
MEKi trametinib (10nM), and USP7i P5091 (10uM) in 6 different BRAF-mutant melanoma cell lines. Cells
were manually counted prior to the addition of compounds and 3 days after treatment. Graphs represent
log2 transformation of the fold change in cell number at day 3 versus day 0. Right axis shows percent
change in cell number relative to day 0. Negative values represent a decrease in cell number over time
and positive values represent an increase in cell number.
(G) (Left) Waterfall plot depicting tumor volume change in BRAF-mutant melanoma xenograft model A375
after 2 weeks of treatment. (Right) Growth of A375 tumors over time. Graph represent mean values +/-
standard error of the mean. Left axis indicates the log2 of fold change in tumor volume, and right axis
indicates the percentage change in tumor volume relative to day 0. BRAFi = 30mg/kg/day dabrafenib, oral
gavage; MEKi = 0.6mg/kg/day trametinib, oral gavage; USP7i =25 mg/kg/day P5091, intraperitoneal
injection. *, p<0.05 when comparing USP7i+MEKi treated tumors to MEKi treated tumors.
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illustrated by its lack of effect on 293T cells (Supplemental Figure A-2B). Taken together, these 

observations demonstrate that USP7 and MEK inhibitors exert a potent synthetic lethal 

response in NRAS-mutant melanomas. 

Next, we investigated whether these agents could exert similar cooperative effects in 

vivo. Importantly, we used a concentration of trametinib that mimics human exposures and a 

concentration of P5091 previously established for conducted in vivo studies (King et al. 2013; 

Chauhan et al. 2012; An et al. 2017). Cells were injected subcutaneously in 

immunocompromised mice, and once tumors reached 300mm3, animals were randomly enrolled 

in either vehicle, MEKi (trametinib), USP7i (P5091), or combination treatment arms. Tumor size 

was measured twice a week by Vernier calipers. No toxicity was observed in animals treated 

with these combined agents (Supplemental Figures A-2C, D). Similar to clinical observations, 

trametinib alone exerted modest partial responses in a small subset of mice (Figures 2-2D, E). 

USP7 inhibitors alone did not affect tumor growth, but when combined with trametinib, USP7 

inhibitors caused potent tumor regression in two distinct NRAS-mutant melanoma models, as 

depicted by waterfall plots and measurements of tumor volume over time (Figures 2-2D, E; 

p=0.0015 for YUDOSO, p=0.0006 for MM415). Together these data demonstrate that USP7 

inhibitors dramatically enhance the effects of MEK inhibitors in NRAS-mutant melanomas in 

vivo, consistent with in vitro findings.  

USP7 inhibitors also potentiate the effects of BRAF/MEK inhibitors in BRAF-mutant 

melanomas in vitro and in vivo 

We then investigated whether USP7 inhibitors might also potentiate the effects of 

Ras/ERK pathway inhibitors in BRAF-mutant melanomas. Currently, patients with BRAF-mutant 

melanomas are treated with a combination of BRAF and MEK inhibitors (Long et al. 2015). 

Therefore, we treated a panel of BRAF-mutant melanomas in vitro with a standard of care 
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combination (BRAFi dabrafenib and MEKi trametinib) along with USP7i P5091. Notably, we 

found that the effects of BRAF/MEK inhibitors were substantially potentiated by USP7 inhibitors 

(Figure 2-2F). This drug combination was also evaluated in vivo using clinically relevant 

concentrations of dabrafenib and trametinib in the BRAF-mutant A375 xenograft melanomas 

(King et al. 2013). Similar to results observed in NRAS-mutant melanomas, USP7 inhibitors 

substantially enhanced the effects of BRAF/MEK inhibitors and caused much greater tumor 

regression than with BRAF/MEK inhibitors alone (Figure 2-2G; p=0.0026). Notably, mice treated 

with all three agents also exhibited no signs of toxicity (Supplemental Figure 2-2FE). Thus, the 

addition of USP7 inhibitors kills more residual disease than BRAF/MEK inhibitors alone. This 

finding is highly significant since recurrence is caused by residual disease. 

USP7 inhibitors function by suppressing the USP7-EPOP-ELOB/C complex in melanomas 

USP7 has been reported to deubiquitinate a variety of substrates (Kim and Sixma 2017). 

The most well-studied is MDM2, an E3 ubiquitin ligase that ubiquitinates p53 and leads to its 

proteasomal degradation (Li et al. 2004; Cummins et al. 2004a). Accordingly, USP7 ablation 

can enhance the stability of p53, and the effects of USP7 inhibitors in some settings are 

dependent on p53 (Schauer et al. 2020; Stolte et al. 2018). However, SKMEL2 cells and several 

responding cell lines shown in Figure 2 are TP53-mutant and/or lack p53. Therefore, we 

speculated that USP7 might be working through an alternative mechanism in this therapeutic 

context. Nevertheless, we investigated whether cell death was dependent on p53 in tumor cell 

lines that retained wildtype p53. Notably, we found that genetic ablation of TP53 did not rescue 

the effect of these agents in two different sensitive NRAS-mutant and one sensitive BRAF-

mutant melanoma cell lines, one of which was TP53-mutant (SKMEL2) and two of which had 

intact TP53 alleles (MM415, MALME3M) (Supplemental figure 2-3A). Additionally, the inhibitor 

nutlin-3A, which inhibits the interaction between MDM2 and p53, did not phenocopy the effects 

of USP7 inhibition (Supplemental figure 2-3B). Therefore, we conclude that Ras pathway-driven 



49 

melanomas are sensitive to USP7 and Ras/ERK pathway inhibition through a p53-independent 

mechanism.  

To assist in identifying alternative pathways of interest, we examined the “undruggable” 

hits identified through the CRISPR-Cas9 screen. Interestingly, two top hits within the 

“undruggable” screen – EPOP (also known as C17orf96) and ELOB (also known as TCEB2) – 

have been reported to interact with USP7 in a complex that regulates H2B ubiquitination 

(H2Bub), a marker of transcriptional elongation (Figure 2-3A, B) (Liefke, Karwacki-Neisius, and 

Shi 2016). Specifically, EPOP is a chromatin binding protein that brings USP7 to H2Bub, 

allowing USP7 to deubiquitinate H2B and suppress transcriptional elongation at specific gene 

sites, whereas ELOB is a scaffolding protein within this complex (Figure 2-3B). To investigate 

this further, EPOP and ELOB were individually suppressed with siRNA and shRNA respectively 

(Figure 2-3C, D; Supplemental Figure A-3C, D). Strikingly, both EPOP and ELOB depletion 

phenocopied the loss of USP7 and triggered cell death in the presence of trametinib (Figure 2-

3C, D; Supplemental Figure A-3C, D). Next, to verify that USP7-EPOP-ELOB/C complexes exist 

in these melanomas, we performed co-immunoprecipitations and found that endogenous ELOB 

is associated in a complex with endogenous USP7 (Figure 2-3E). Antibodies that recognize 

EPOP are not available, but epitope tagged EPOP also co-precipitated in this complex (Figure 

2-3E). Finally, we found that the USP7 inhibitor resulted in an increase in total H2Bub levels at

time points prior to apoptosis (Figure 2-3F). Taken together, these results suggest that USP7 

critically functions in USP7-EPOP-ELOB/C complexes in melanoma and that suppression of this 

complex mediates cell death in response to MEK/USP7 inhibitors.  
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Figure 2-3. USP7 inhibitors function by suppressing the USP7-EPOP-ELOB/C complex in 
melanomas 

(A) Genome-scale negative CRISPR screen results showing both “druggable” and “undruggable” targets.
Two “undruggable” hits (FDR<0.25) were identified to form a complex with USP7 that affects H2Bub. Left
axis Log2 fold change when comparing day 4 of MEK treatment to day 4 of vehicle treatment from screen.
(B) Schematic of USP7-EPOP-ELOB complex, adapted from Liefke et al., 2016. EPOP is a chromatin
binding protein that recruits USP7 to chromatin, allowing USP7 to de-ubiquitinate H2B-ub, a marker of
transcriptional elongation.
(C) (Left) Cell counting assays with two NRAS-mutant cell lines with or without siRNA against control or
EPOP after 4 days of treatment with vehicle (DMSO) or MEKi trametinib (10nM). *, p<0.05 when
comparing siControl+MEKi to siEPOP+MEKi; **, p<0.05 when comparing siEPOP+vehicle to
siEPOP+MEKi. (Right) qPCR results demonstrating knock-down of EPOP with siRNA. We were not able
to find an effective EPOP antibody for our cell lines.
(D) (Left) Cell counting assays with two NRAS-mutant cell lines with or without shRNA against control or
ELOB after 4 days of treatment with vehicle (DMSO) or MEKi trametinib (10nM). *, p<0.05 when
comparing shControl+MEKi to shELOB+MEKi; **, p<0.05 when comparing shELOB+vehicle to
shELOB+MEKi. (Right) Immunoblots demonstrating knock-down of ELOB. E, Co-IP of ELOB identifies
flag-tagged EPOP and USP7. MEKi = trametinib, 10nM, 24 hours treatment.
(E) Co-immunoprecipitation of endogenous ELOB precipitated other members of the complex, including
endogenous USP7 and ectopically expressed Flag-tagged EPOP. SKMEL2 cells were treated with DMSO
(vehicle) or trametinib (MEKi, 10nM) for 24 hours before collection.
(F) Immunoblot of H2Bub after 2 hours of treatment with USP7i P5091 (10uM) and MEKi trametinib
(10nM) in SKMEL2 cell lines.
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The CABLES1 tumor suppressor is an essential transcriptional target of the USP7-EPOP-

ELOB/C complex in melanomas and is required for cell death 

We next sought to identify the genes and pathways regulated by the USP7-EPOP-

ELOB/C complex in melanomas. SKMEL2 cells lacking either USP7 or EPOP were generated. 

Control and knock-out cell lines were then treated for 24 hours with trametinib, a timepoint 

which precedes cell death, before collecting and processing for RNA sequencing (RNA-seq) 

and ChIP sequencing (ChIP-seq). We first examined the broad pathways that were affected by 

the loss of USP7 (in the presence of MEK inhibitors) by performing GSEA analysis of our RNA-

seq results. Expression profiles associated with the activation of p63 and p53 were the top 

scoring signatures enriched in USP7-depleted cells using several MSigDB databases (Figure 2-

4A). This was somewhat surprising because we had ruled out a requirement for p53 in previous 

functional experiments and SKMEL2 cells do not express functional p53. Nevertheless, we next 

sought to identify the direct transcriptional targets regulated by the USP7-EPOP-ELOB complex. 

Based on the model shown in Figure 2-3B, we were specifically looking for genes that were 

upregulated in response to USP7 and EPOP suppression in the presence of trametinib. We 

identified 115 genes that were significantly up-regulated by > 2 fold in both USP7 and EPOP 

depleted cells (Figure 2-4A, B).  

However, to identify genes that are directly regulated by the USP7-EPOP-ELOB/C 

complex, we performed ChIP sequencing using USP7 antibodies and observed 1400 promoter-

region peaks (Figure 2-4B). We then compared the genes containing USP7 peaks in their 

promoter regions to the 138 genes upregulated in USP7 and EPOP depleted cells and 

discovered 23 overlapping genes (Figure 2-4B). These genes represent transcriptional targets 

that are directly regulated by USP7-EPOP complexes. 
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Figure 2-4. The CABLES1 tumor suppressor is an essential transcriptional target of the USP7-
EPOP-ELOB/C complex in melanoma and is required for cell death 

(A) Enrichment analysis (GSEA) was used to develop plots depicting the enrichment of p53 and p63
gene signatures using Oncogenic Signatures and Chemical and Genetic Perturbation (CGP) datasets in
my RNA-sequencing data. FDR: false discovery rate, NES: normalized enrichment score.
(B) 1400 genes were identified as having USP7 peaks in the promoter regions in SKMEL2
sgControl+MEKi compared to sgUSP7+MEKi through ChIP seq and 138 genes were identified as
significantly up-regulated (>2 fold) in expression through RNA-sequencing in SKMEL2 sgControl+MEKi
compared to sgUSP7+MEKi. Of these, 23 genes were identified in both sets, with 1 genes of interest,
CABLES1, having tumor suppressive functions and stabilizing p63 and p73.
(C) ChIP-seq results demonstrating USP7 peaks across the gene promoter of CABLES1.
(D) Interestingly, we saw that knock-out of CABLES1 rescued cell death observed with USP7 and MEK
inhibition in two different NRAS-mutant cell lines. Cells were infected with either control or CABLES1
shRNA and treated for 4 days with P5091 (USP7i, 10uM) and trametinib (MEKi, 10nM).. Cell counting
assay and corresponding immunoblot for SKMEL2 and MM415 with shControl or shCABLES1.
(E) Immunoblots demonstrating protein expression of CABLES1 in SKMEL2 and MM415 cells treated
for 48 hours with the USP7 inhibitor P5091 (10uM) and MEK inhibitor trametinib (10nM).
(F) (Left panel) Immunoblot demonstrating protein expression of CABLES1 in SKMEL2 cells with
shRNA against either Control or EPOP and with or without MEK inhibitor trametinib (10nM) for 48 hours.
(Right panel) EPOP expression was quantified with qPCR.
(G) Immunoblot demonstrating USP7, CABLES1, p63, p73, and GAPDH expression in SKMEL2 after 48
hours of treatment. SKMEL2 were infected with either shRNA against Control or USP7 and then treated
for 48 hours with MEK inhibitor trametinib (10nM).
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Within this gene set, a tumor suppressor known as CABLES1, has been shown to 

stabilize the p53 family members p63 and p73 (Wang et al. 2010; Huang et al. 2017). The USP7 

ChIP peaks for this gene are shown in Figure 2-4C. As noted above, p63 and p53 signatures 

were significantly enriched in USP7 knock-out cells treated with trametinib (Figure 2-4A). 

However, while p53 is not intact in these cells, p53, p63 and p73 share many overlapping 

targets (De Laurenzi and Melino 2000; DeYoung and Ellisen 2007). Therefore, based on these 

observations, we investigated whether CABLES1 upregulation might be mediating the apoptotic 

effect of combined USP7 and MEK inhibition. Strikingly, genetic suppression of CABLES1 

prevented the cytotoxic response to combined MEK and USP7 inhibitors in multiple responding 

cell lines (Figure 2-4D). Importantly, we found that CABLES1 expression was upregulated in 

response to combined USP7 and MEK inhibitors in multiple cell lines (Figure 2-4E). A similar 

expression pattern of CABLES1 was observed in cells in which EPOP was genetically 

suppressed (Figure 2-4F). These data suggest that CABLES1 is a direct transcriptional target of 

the USP7-EPOP-ELOB/C complex, and that loss of the complex increases CABLES1 gene and 

protein expression, causing cell death when combined with MEK inhibitors. 

p63 and p73 are upregulated in response to USP7 and MEK suppression 

The data thus far demonstrate that 1) p63 and p53 signatures are upregulated in 

melanomas treated with USP7 and MEK inhibitors, 2) USP7 and MEK inhibitors also lead to 

upregulation of CABLES1, which is a direct USP7 bound target, and 3) CABLES1 is known to 

stabilize p63 and p73. Therefore, we examined p63 and p73 expression in cells treated with 

USP7 shRNAs and trametinib. Notably, the expression of p63 and p73 mirrored the expression 

of CABLES1, which was highest in cells in which USP7 and MEK were both suppressed (Figure 

2-4G).
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Necessary Imminent Studies 

Our hypothesis is that the upregulation of p63 and/or p73 by CABLES1 is required for 

cell death in response to USP7/MEK inhibition. Two essential experiments, both of which are in 

progress, will be required to make this conclusion. First, we need to demonstrate that the 

ablation of CABLES1 suppresses p63 and p73 induction. More importantly, we need to show 

that genetic suppression of p63 and/or p73 suppresses cell death. Preliminary studies exhibiting 

partial knock-down of these proteins suggest that this is the case, but definitive studies will be 

required. 

 DISCUSSION 

Using a genome-scale negative-selection CRISPR-Cas9 screen, we identified USP7 as 

a target that, when suppressed, sensitizes NRAS- and BRAF-mutant melanomas to Ras/ERK 

pathway inhibitors both in vitro and in vivo. These findings have important clinical implications, 

as there are currently no effective therapies for NRAS-mutant melanomas, which represent a 

substantial fraction of melanomas. Additionally, a vast majority of BRAF-mutant melanoma 

patients relapse after treatment with BRAF and MEK inhibitors, and therefore improved 

therapies are needed in this setting as well. We further elucidated the mechanism of action of 

USP7/MEK inhibition in melanoma and identified a key transcriptional node regulated by USP7 

deubiquitination. Overall, this study highlights the therapeutic potential of USP7 inhibitors, which 

are currently in various stages of clinical development, and also reveal a role for USP7 in 

protecting melanomas from the cytostatic effects of Ras pathway inhibitors.. 

While USP7 has been commonly associated with MDM2 deubiquitination, in 

melanomas, we found that USP7 affects transcription by inhibiting H2Bub, a marker of 

transcriptional elongation, through the USP7-EPOP-ELOB/C complex. Moreover, through 

transcriptional and epigenetic profiling, we identified CABLES1 as a novel target of the USP7-

EPOP-ELOB/C complex (Figure 2-5). Expression of CABLES1, also called ik3-1, has been 
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reported to be lost in lung, colon, ovarian, and endometrial cancers (Park et al. 2007; Sakamoto 

et al. 2008; Zukerberg et al. 2004; Tan et al. 2003; Dong et al. 2003). Conversely, its 

overexpression significantly inhibits the growth of these cancer cells, suggesting that it may 

function as a tumor suppressor. Interestingly, CABLES1 has been reported to bind to and 

stabilize p53 family proteins p63 and p73, which play a critical role in tumorigenesis (Orzol et al. 

2015). For example, CABLES1 has been shown to protect p63 from proteasomal degradation, 

promoting cell death after genotoxic stress (Wang et al. 2010). Here we have shown that 

CABLES1 ablation protects melanoma cells from Ras pathway inhibitors. Ongoing studies will 

determine if CABLES1 indeed functions by stabilizing p63 and/or p73. Importantly, we have 

shown that both of these proteins become elevated in the presence of USP7 and MEK inhibitors 

and that the p63 pathway is activated, as determined by transcriptional evidence. Nevertheless, 

functional studies will be required to prove that these proteins are mediating cell death in 

melanoma. If true, these findings will reveal an unappreciated role for USP7 in broader 

regulation of the p53 protein family by distinct mechanisms.  

While p63 and p73 are usually not mutationally inactivated in human cancer, both have 

been shown to regulate cell survival and apoptosis in human tumors (Moll and Slade 2004; 

DeYoung and Ellisen 2007). Genomic organization of p63 and p73 is complex, with alternative 

internal promoters generating NH2-terminally deleted dominant negative proteins that engage in 

inhibitory circuits within the family. Deregulated dominant-negative p73 isoforms, for example, 

have been shown to play an oncogenic role in some human cancers, including melanoma 

(Petrenko, Zaika, and Moll 2003; Steder et al. 2013; Zaika et al. 2002; Buhlmann and Putzer 

2008). Nevertheless, p63 and p73 isoforms have been shown to regulate survival and apoptosis 

by transactivating subsets of known p53-regulated genes involved in cell-cycle arrest and 

apoptosis as well as independent sets of genes involved in development, differentiation, 

proliferation, and damage response (Zhu et al. 1998; Lee and La Thangue 1999; Suenaga et al. 
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2019; Awais et al. 2016; Prabhu et al. 1998). Through our RNA sequencing analysis, we found 

that USP7 and MEK inhibition significantly increased the expression of p63 and p53 regulated 

genes, and analysis of these genes found that the majority were tumor suppressive. For 

example, BCL2L11, PERP, and BIK, three pro-apoptotic genes, are significantly up-regulated 

within both p63 and p53 regulated gene sets. Therefore, in the future, we may also investigate 

the involvement of these downstream targets as well. 

Together these studies have identified USP7 as an important therapeutic target in 

melanoma and have revealed a new therapeutic strategy for treating NRAS-mutant melanomas 

and enhancing responsiveness in BRAF-mutant melanomas. Our findings also suggest that 

USP7 plays an important role in protecting melanomas from Ras pathway inhibitors by 

regulating H2B ubiquitination at specific genomic sites in the genome. Finally, this work has 

revealed an unappreciated tumor suppressor cascade that is regulated by this DUB. A summary 

of our model is shown in Figure 2-5. 

METHODS 

Cell Lines and Reagents 

All cell lines were purchased from ATCC, except for MALME3M (obtained from Levi 

Garraway, Dana-Farber Cancer Institute, Boston, MA), MELJUSO (obtained from William Hahn, 

Dana-Farber Cancer Institute, Boston, MA), YUFIC and YUDOSO (obtained from Yale 

Dermatology Center, New Haven, CT), WM3670 (obtained from Rockland Immunochemicals), 

and MM415 and MM485 (obtained from HPA Culture Collections through Sigma). No further 

authentication of these cell lines was performed. All cell lines were regularly tested for 

Mycoplasma using the MycoAlert Mycoplasma Detection Kit (Lonza, LT07-318). Cells were 

used for experiments within 15-20 passages from thawing. MM485, SKMEL2, MM415, 

WM3670, MALME3M, SKMEL28, and Hs695T were cultured in RPMI media supplemented with 

10% FBS. HEK-293T, A375, and SKMEL5 were cultured in DMEM media supplemented with  



 Untreated or MEKi treated 
melanoma 

MEKi + USP7i treated 
melanoma 

Figure 2-5: Summary of results observed in our study. 
We found that in untreated or MEKi treated melanomas, the USP7-EPOP-ELOB/C complex 
inhibits expression of the tumor suppressor CABLES1, which downregulates p63 and p73 protein 
levels and leads to resistance to MEKi. When we treat these tumors with USP7/MEK inhibitors, 
then the USP7-EPOP-ELOB/C complex is inhibited, allowing transcriptional elongation of 
CABLES1. CABLES1 then stabilizes p63/p73, leading to apoptosis, cell death, and tumor 
regression.
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10% FBS. WM115 was cultured in EMEM media supplemented with 10% FBS, and YUDOSO 

and YUFIC were cultured in Opti-mem media supplemented with 5% FBS. Antibodies were 

obtained from the following sources: Cell Signaling Technologies: pERK (4370), ERK (9102), c-

RAF (9422), GAPDH (2118), vinculin (4650S), H2Bub (5546), p63 (13109); Sigma-Aldrich: Actin 

(A2066), Flag M2 (3165); Abcam: total H2B (1790), ELOB/TCEB2 (168836), CABLES1 (75535); 

Bethyl: USP7 (A300-034), p73 (A300-126A); Santa Cruz: P53 (126), Raf-B (5284). Trametinib 

and dabrafenib were purchased from LC Laboratories. P5091 and nutlin-3a were purchased 

from Selleck Chemicals. GNE6640 was purchased from MedChem Express LLC. FT671 was 

purchased from Glixx Laboratories. XL177A was a gift provided by Nathan Schauer and Sara 

Buhrlage. 

Genome-scale Negative Selection CRISPR-Cas9 screen 

sgRNAs were designed based on an Elledge lab algorithm (unpublished) with 

different scores including an evolutionary conservation score to predict important parts of a 

protein and DNA sequence parameters that can better predict identification of essential 

genes from previously published CRISPR studies. sgRNAs were synthesized via oligo chip 

and cloned into a derivative of lentiCRISPR V2 that contains a human and mouse U6 

promoter to drive sgRNA expression as well as a puromycin resistance gene for 

selection. Two libraries of gRNAs (“druggable”: 27,525 gRNA pairs; “undruggable”: 47,230 

gRNA pairs) targeting 18,911 genes in total with 4-5 gRNA pairs per gene were individually 

prepared and pooled together at equal molar ratios. 293T cells were transfected with the 

library plasmid pool with psPax2 and pMD2.G lentiviral packaging vectors to prepare pooled 

virus. Virus was then collected after 48 and 72 hours post transfection and concentrated 

with lenti-X concentrator solution (Clontech). SKMEL2 cells were infected at a low MOI (0.3) 

with a representation of 500 in triplicate. Cells were selected with puromycin (1 ug/mL) for 3 
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days and then cultured for an additional 7 days to allow complete knock out to occur. An 

initial cell pellet was then collected for a day 0 time point before cells were treated either 

with DMSO (vehicle) or trametinib (MEKi, 10nM) for 4 days. Genomic DNA was isolated by 

phenol:chloroform extraction, and the second sgRNA driven by the mouse U6 promoter was 

PCR amplified with barcoded primers for sequencing on an Illumina NextSeq 500. 

Sequencing reads were aligned to the initial library and counts were obtained for each 

sgRNA. EdgeR was used to calculate p-values, FDRs, and log2 fold changes for 

comparison between day 0 and day 4 samples. 

RNAi 

Short interfering RNAs (siRNAs) ON-TARGET SMARTpool siRNA were purchased from 

GE Healthcare/Dharmacon to target BRAF, RAF1, TP53, and EPOP, and transfected with 

lipofectamine RNAiMAX from Invitrogen. Cells were transfected approximately 24 hours before 

proliferation experiments were started. CRISPR guide RNAs (sgRNAs) for control and USP7 

were a gift from Isaac Harris and Joan Brugge and are describe in (Harris et al. 2019). Control, 

ELOB, EPOP, and CABLES1 shRNAs were purchased from Sigma-Aldrich (SHC016, 

SHCLNG-NM_007108, SHCLNG-NM_001130677, and SHCLNG-NM_138375 respectively).  

Expression Constructs 

USP7 cDNA clones were obtained from Horizon Discovery, Dharmacon, sequence 

verified, and subsequently cloned into the pLX304 mammalian lentiviral expression vector 

(Addgene plasmid #25890). 

Cell Growth Assays 

For cell proliferation experiments, 50,000-70,000 cells per well were seeded in triplicate 

in 6-well plates and then day 0 time points were counted approximately 24 hours after plating 
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using a hemocytometer. Drug treatments were then started at this time, and final cell counts 

were taken 96 hours after day 0 to determine changes in cell number versus day 0. For synergy 

experiments, cells were plated in 96-well plates. At 24 hours, one plate of cells was frozen (-

80C) representing the time 0 plate. Compounds were added to the remaining plates. After 96 

hours, each of the plates were frozen. After freezing, all plates (day 0 and day 4) were thawed 

simultaneously and cells were quantified using CellTiter-Glo (Promega) as per the 

manufacturer’s instructions. SynergyFinder was used to analyze drug combination dose-

response matrix data. Gaddum’s noninteraction HSA synergy score was used to determine the 

strength of synergistic interaction because at least one agent (trametinib) is cytostatic (Ianevski 

et al. 2017; Foucquier and Guedj 2015). 

Live Cell Imaging 

IncuCyte ZOOM (Essen Biosciences), a live cell imager, was used for multiplexed 

measurements of cell death and proliferation. The mKate2 red fluorescent protein (RFP; Essen 

Biosciences) was transfected into SKMEL2 melanoma cell line and selected with puromycin. 

Stably transfected cells were plated in 48-well plates and allowed to settle overnight at 37C. 

Compounds and Green IncuCyte Caspase 3/7 Apoptosis reagents were then added to the 

tissue culture growth media to assess real-time quantification of cell death. IncuCyte ZOOM 

acquired images every 4 hours for 96 hours after treatment with vehicle or compounds and then 

quantified with the IncuCyte integrated analysis software. Relative cell death is the ratio 

between cells with overlapping red and green cells (dead cells) and cells with red nuclei only 

(live cells). 

Animal Studies and Treatments 

 Animal procedures were approved by the Center for Animal and Comparative Medicine 

in Harvard Medical School in accordance with the NIH Guide for Care and Use of Laboratory 
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Animals and the Animal Welfare Act. Immunodeficient NSG (YUDOSO, MM415) or Nu/Nu 

(A375) mice were inoculated subcutaneously with 3 x 106 NRAS- or BRAF-mutant human 

melanoma cells in 200uL PBS. Tumor volumes were measured twice a week and calculated 

using the formula [length x (width)2 x 0.52]. Once tumor volume reached approximately 200-

300mm3, mice were randomly divided into treatment groups and treated daily with USP7 

inhibitor P5091 (20mg/kg/day, intraperitoneal [i.p.] injection); MEK inhibitor GSK1120212/ 

trametinib (0.6mg/kg/day, oral gavage [o.g.]) and BRAF inhibitor GSK2118436/ dabrafenib (30 

mg/kg/day, o.g.); or a combination of P5091, GSK1120212, and GSK2118436. To track 

changes in tumor volume, mice tumor size was measured at day 0 and subsequently every 3-5 

days by Vernier calipers. Mice were treated daily for up to 45 days. Unpaired two-tailed t tests 

with unequal variance were used to compared datasets where indicated, and P values are 

shown. 

RNA Extraction and Quantitative Real-Time PCR 

Total RNA was isolated from cells after indicated treatments using Trizol (Invitrogen) and 

phenol:chloroform extraction. 50 ng of total RNA was used for each reaction, and cDNA 

synthesis and PCR amplification were performed using qScript One-Step SYBR Green Kit for Iq 

(Quanta Biosciences). Quantitative PCR (qPCR) reactions were run using a Bio-Rad iCycler iQ 

thermal cycler. Samples were run in triplicate, and expression levels were determined based on 

a standard curve run with each primer set; levels were normalized to an internal control, UBC. 

Primers for EPOP were (5’-3’): CAGGCCCAAGTCCATTCTT (forward) and 

AGGCCAAGAGTCCTTTCATTTA (reverse). Primers for UBC were (5’-3’): 

TGCCTTGACATTCTCGATGGT (forward) and ATTTGGGTCGCGGTTCTTG (reverse). 

Immunoprecipitation experiments 
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Twenty million SKMEL2 cells were treated with either 10nM trametinib or DMSO for 24 

hr. Cells were lysed in CHAPS buffer (50mM Tris pH7.8, 350mM NaCl, 1mM DTT, 10mM 

CHAPS) for 10 min at 4C and then lysate was clarified by spinning at max speed for 15 min. 

Lysate was pre-cleared twice for 30 min at 4C with Pierce Protein A magnetic beads 

(ThermoFisher, 88846) before 2 ug of TCEB2/ELOB antibody (Abcam, 168836) was added. 

Protein was immunoprecipitated rotating at 4C for 4 h. Subsequently, 20 ul washed Protein A 

beads were added and mixture was incubated for 2h rotating at 4C. Beads were washed three 

times with CHAPS buffer, and protein complexes were eluted by boiling in 2x SDS sample 

buffer. Samples were analyzed by western blot with antibodies against USP7 (Bethyl, A300-

033), TCEB2/ELOB (Abcam, 168836), and Flag (Sigma, 3165). 

RNA-seq and ChIP-seq sample preparation and data analysis 

A subset of RNA-seq and ChIP-seq libraries were generated by the Center for 

Functional Cancer Epigenetics (CFCE) and Molecular Biology Core (MBC) at Dana-Farber 

Cancer Institute (DFCI) following manufacturer’s protocols.  

ChIP for USP7 was performed using antibody USP7 (Bethyl, A300-033). For ChIP-seq, 

10 x 106 cells were fixed with 1% formaldehyde (Sigma, F8775) for 10 min at 37C. Crosslinking 

was quenched by adding glycine to a final concentration of 0.125M for 5 min at 37C. Cells were 

washed with ice-cold PBS. The nuclear fraction was extracted by first resuspending the pellet in 

Lysis Buffer 1 (50mM Hepes-KOH pH 7.5, 140mM NaCl, 1mM EDTA pH 8, 10% glycerol, 

0.0033% NP-40, 0.25% Triton-X100) and rotating at 4C for 15 minutes before spinning down at 

1,350xg for 5 min at 4C and aspirating supernatant. Next, the pellet was resuspended in Lysis 

Buffer 2 (10mM Tris-HCL pH8, 200mM NaCl, 1mM EDTA pH 8, 0.5mM EGTA pH8) and rotated 

at RT for 10 min, then pelleted at 1,350xg for 5 min at 4C. Then pellet was resuspended in 

Sonication Buffer (10mM Tris-HCl pH 8, 100mM NaCl, 1mM EDTA pH 8, 0.5mM EGTA pH8, 

0.1% Na deoxycholate, 0.5% sarcosyl) and transferred to sonication tubes (Active Motif, 
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103842). Samples were sonicated in a Covaris sonicator. Lysate was centrifuged for 15 min at 

20,000xg at 4C to purify debris. Then sample was incubated with 100 uL of Pierce Protein A/G 

Magnetic Beads (ThermoFisher, 88803) for 1 h at 4C. 10ug primary antibodies were added to 

each tube and immunoprecipitation (IP) was conducted overnight on a rotator at 4C. Cross-

linked complexes were precipitated with Pierce Protein A/G magnetic beads for 2 h at 4C. The 

beads were then washed 3 times with low salt wash buffer (0.1% SDS, 1% Triton-X100, 2mM 

EDTA pH8, 20mM Tris-HCl pH 8, 150mM NaCl), 3 times with high salt wash buffer (0.1% SDS, 

1% Triton-X100, 2mM EDTA pH8, 20mM Tris-HCl pH 8, 500mM NaCl), 3 times with LiCl wash 

buffer (0.25M LiCl, 1% NP-40, 1mM EDTA pH8, 10mM Tris-HCl pH 8, 1% Na deoxycholate), 

and 1 time with TE buffer (10mM Tris-HCl, 1mM EDTA pH 8) at 4C. DNA was eluted in elution 

buffer (50mM Tris-HCl pH8, 10mM EDTA pH8, 1% SDS) and samples were reverse cross-

linked overnight at 65C with 0.2mg/ml proteinase K. RNA and protein were digested with 

0.2mg/ml RNase A for 30 min at 37C. DNA was purified with phenol-chloroform extraction and 

isopropanol precipitation. ChIP-seq libraries were prepared according to manufacturer’s 

protocol. We used Burrows-Wheeler Aligner (BWA) as a read mapping tool and Model-based 

Analysis of ChIP-Seq (MACS2) as a peak caller. Peak annotation was performed using 

annotatePeaks.pl of the HOMER package v4.9.1 with version hg19 of the human genome. 

For RNA seq, RNA was extracted from cells after 24 hours of indicated treatments using 

RNEasy Mini kit (QIAGEN) according to manufacturer’s instructions with an in-solution DNAse 

digestion step. RNA integrity was confirmed with an Agilent 2100 Bioanalyzer (Agilent 

Technologies). RNA (30 ng/uL) was submitted to the Molecular Biology Core (MBC) at DFCI. 

Library was prepared using Kapa stranded mRNA hyper prep and sequenced with Illumina 

NS500 single-end 75 base pair sequencing. Data was analyzed using Viper NextSeq Run by 

the MBC. To determine genes and gene sets differentially expressed between groups, GO and 
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GSEA analyses were performed using both the GenePattern server (The Broad Institute) and 

David Bioinformatics Resources (version 6.8). 

Statistical Analysis for In Vitro Experiments  

For quantitative measurements, graphs represent mean values +/- SD. Where indicated 

the data are presented as log2 fold (left axis) and percent change (right axis) over initial 

measurements. Changes in tumor volume are presented in a waterfall plot with each bar 

representing the change in tumor volume of an individual animal in the study. Unpaired two-

tailed t tests with unequal variance were used to compare data-sets where indicated and P 

values are shown. A P value less than or equal to 0.05 was considered significant. Data were 

graphed and analyzed using GraphPad Prism v.6. 
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ABSTRACT 

While the majority of BRAF-mutant melanomas respond to BRAF/MEK inhibitors, these 

agents are not typically curative. Moreover, they are largely ineffective in NRAS- and NF1-

mutant tumors.  Here we report that genetic and chemical suppression of HDAC3 potently 

cooperates with MAPK pathway inhibitors in all three Ras pathway-driven tumors. Specifically, 

we show that entinostat dramatically enhances tumor regression when combined with 

BRAF/MEK inhibitors, both in models that are sensitive or relatively resistant to these agents. 

Interestingly, MGMT expression predicts responsiveness and marks tumors with latent defects 

in DNA repair. BRAF/MEK inhibitors enhance these defects by suppressing homologous 

recombination genes, inducing a BRCA-like state; however, entinostat addition triggers the 

concomitant suppression of NHEJ genes, resulting in a chemical synthetic lethality caused by 

excessive DNA damage. Together these studies identify melanomas with latent DNA repair 

defects, describe a promising drug combination that capitalizes on these defects, and reveal a 

tractable therapeutic biomarker. 

INTRODUCTION 

Melanomas can be classified into four genomic subtypes based on the presence or 

absence of mutations in Ras pathway genes: BRAF, NRAS, NF1 and Triple-wild-type ('Genomic 

Classification of Cutaneous Melanoma'  2015). Fortunately, selective BRAF and MEK inhibitors, 

and more recently BRAF/MEK inhibitor combinations, have improved prognosis and overall 

survival in patients with metastatic BRAF-mutant disease (Luke et al. 2017). Nevertheless, all 

individuals ultimately relapse, and do so on average in 11 months (Robert, Schachter, et al. 

2015; Robert, Karaszewska, et al. 2015). A fraction of NRAS-mutant tumors (15%) exhibit 

partial responses to MEK inhibitors, albeit with shorter durations (Dummer et al. 2017). The 

MEK pathway is also hyperactivated in NF1-mutant melanomas, however the clinical activity of 

MEK inhibitors in this subtype is not known. Regardless, these observations suggest that while 
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RAF/MEK pathway inhibition will remain an important cornerstone of melanoma treatment, 

improved combinations and/or sequential therapies are needed. Accordingly, additional 

meaningful targets must be identified.  

Agents that target epigenetic enzymes are increasingly being developed as potential 

cancer therapies (Jones, Issa, and Baylin 2016). HDAC inhibitors are one such class of 

compounds and various drugs have been approved for use in hematopoietic malignancies 

(West and Johnstone 2014). While single agent efficacy in solid tumors has not been observed, 

HDAC inhibitors are currently being evaluated in combination with other targeted agents in 

several diseases (Falkenberg and Johnstone 2014). However, the key to discovering successful 

combinations, if they exist, will likely lie in 1) identifying the most selective/potent agent for the 

specified target to minimize potential toxicities; 2) elucidating the mechanism of action of the 

combination identified; and 3) using this insight to prospectively identify patients that are most 

likely to respond. While these criteria are important for developing any successful combination 

therapy, they may be critical for developing combinations with HDAC inhibitors, many of which 

inhibit numerous HDAC isoforms, and therefore have major effects on chromatin. 

Here we identify an epigenetic-based combination therapy for BRAF-, NRAS-, and NF1-

mutant melanomas. Specifically, we show that HDAC3 is an important therapeutic target in 

these tumors and that the selective Class I inhibitor, entinostat, not only dramatically enhances 

the in vivo efficacy of BRAF/MEK inhibitors in BRAF-mutant malignancies with varying 

sensitivities to these agents, but also cooperates with MEK inhibitors in NRAS and NF1-mutant 

tumors. We further demonstrate that these agents function by coordinately suppressing the 

transcription of homologous recombination (HR) and non-homologous end joining (NHEJ) 

genes, thereby triggering excessive DNA damage in sensitive tumors. Finally, we identify a 

tractable biomarker that marks melanomas with broad defects in DNA repair genes and predicts 

efficacy. Together these studies have identified a promising mechanism-based combinatorial 
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strategy for treating melanomas with several RAS/RAF pathway defects and have outlined a 

path for clinical translation.  

RESULTS 

HDAC inhibitors dramatically potentiate the effects of BRAF/MEK inhibitors in BRAF-, 

NRAS- and NF1-mutant melanomas  

MITF is a lineage-specific survival gene that is amplified in a subset of melanomas and 

has been shown to confer resistance to MAPK pathway inhibition (Johannessen et al. 2013). 

Because HDAC inhibitors have been reported to suppress MITF expression (Yokoyama et al. 

2008), we reasoned that these agents might potentiate the therapeutic effects of BRAF and/or 

MEK inhibitors. A panel of melanoma cell lines harboring mutations in BRAF, NRAS or NF1 

were examined in a CellTiter-Glo based screen. The MEK inhibitor, trametinib, was used to 

broadly suppress the MAPK pathway in all cell lines. Notably, the pan-HDAC inhibitor, 

vorinostat, dramatically potentiated the effects of trametinib in 6 out of 10 lines, including BRAF-

, NRAS- and NF1-mutant cells (Figure 3-1A). These effects were determined to be synergistic 

using the Loewe excess additivity model (Figure 3-1B).  

Cytotoxicity was confirmed by cell counting assays and live cell imaging in the presence 

of clinically relevant drug combinations. Combined BRAF and MEK inhibitors 

(dabrafenib/trametinib) were used to suppress the MAPK pathway in BRAF-mutant cells, as this 

represents the standard of care (Luke et al. 2017), whereas trametinib alone was used in NRAS 

and NF1-mutant cell lines. In both settings, combined MAPK/HDAC suppression resulted in a 

dramatic loss of viable cells in just 72 hours in sensitive lines representing all three genotypes 

(Figure 3-1C). Dabrafenib/trametinib and vorinostat effectively suppressed their respective 

targets in all cell lines and the combination did not further reduce ERK phosphorylation in 

sensitive cells nor attenuate phospho-ERK suppression in resistant cells  
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Figure 3-1: HDAC inhibitors potentiate the effects of BRAF/MEK pathway inhibitors in BRAF-, 
NRAS- and NF1-mutant melanoma. (A) Melanoma cell lines with specified genotypes (BRAF-mutant 
(B*), NRAS-mutant (N*), NF1-mutant (NF1) or wild-type for BRAF, NRAS and NF1 (WT)) were treated 
with DMSO, 10nM trametinib (MEK inhibitor), 2µM vorinostat (HDAC inhibitor) or both agents. Graph 
depicts log2 transformation of the fold change in luminescence using a CellTiter-Glo assay in cells after 3 
days of treatment versus day 0 (left axis) +/- SD. (B) Synergy scores (to characterize the combination 
effects in excess of Loewe additivity) for Vorinostat combined with Trametinib for SKMEL2 (3D synergy 
map, left) and additional sensitive cell lines from Fig. 3-1A (right). Strong synergy is indicated in red. (C) 
BRAF-, NRAS- and NF1-mutant melanoma cell lines were treated with DMSO, 100nM dabrafenib (D) 
and/or 10nM trametinib (T), 2µM vorinostat (V) or the specified agents combined, as indicated. Cells were 
manually counted prior to the addition of compounds and 3 days after treatment. Graphs represent log2 
transformation of the fold change in cell number at day 3 versus day 0. Right axis shows percent change 
in cell number relative to day 0. Negative values represent a decrease in cell number over time and 
positive values represent an increase in cell number. Immunoblots show levels of phosphorylated ERK 
(p-ERK), total ERK, histone H3 acetylation at lysine 9 (H3K9Ac) and total H3 after 48 hours of indicated 
treatment. (Hs695T) *p=0.001896, **p=0.002332; (SKMEL5) *p=0.000011, **p=0.000077; (SKMEL2) 
*p=0.000007, **p=0.000074; (MEWO) *p=0.003025, **p=0.001545 (D) Normal melanocytes (melan-A)
were treated with DMSO, 100nM dabrafenib and 10nM trametinib (MAPKi), 1μM HDAC inhibitor (HDACi)
and the combination of MEK/BRAF and HDAC inhibitors. Cells were manually counted prior to the
addition of compounds and 3 days after treatment. Graphs represent log2 transformation of the fold
change in cell number at day 3 versus day 0. (E) Real-time quantification of cell death (left panel) and cell
numbers (right panel) using the live cell imager IncuCyte Zoom. Red (nuclear restricted NucLight Red
fluorescent protein for quantifiying live cells) and green (Cytotox Green reagent for quantifying dead cells)
fluorescent objects were monitored in the Incucyte ZOOM acquiring images every 2 hours (for 72 hours)
following treatment with vehicle (DMSO) or drugs (MEK inhibitor, BRAF inhibitor, HDAC inhibitor) and
then quantified with the IncuCyte integrated analysis software. (F) Western blot depicting cleaved PARP
protein levels after 48hrs of treatment with vehicle (-), MEK inhibitor (trametinib, T) and/or HDAC inhibitor
(vorinostat, V). Alpha-tubulin serves as a loading control. Bar graphs represent quantification of cleaved
PARP for different treatment arms, relative to untreated control. (G) Hs695T cells were treated with
vorinostat (VOR, 1µM), mocetinostat (MOC, 1µM), nexturastat (NEX, 2µM) or entinostat (ENT, 2µM),
alone (black) and in combination with 10nM trametinib (MEKi, red). Graph depicts the mean log2 fold
change of cell number after 72 hours, relative to day 0. Right axis shows percent change in cell number
relative to day 0. Immunoblot shows acetylated H3 at lysine 9 (H3K9Ac), acetylated H3 at lysine 56
(H3K56Ac) and acetylated tubulin (tubulin-Ac, surrogate marker for HDAC6 inhibition) after 48 hours of
indicated treatment. GAPDH serves as a loading control. (H-J) Melanoma cell lines were treated with
DMSO, 100nM dabrafenib (D) and/or 10nM trametinib (T), 1µM entinostat (ENT) or the specified drug
combinations. Graphs represent log2 transformation of the fold change in cell number at day 3 versus day
0. Right axis shows percent change in cell number relative to day 0. Negative values represent cell death
and a decrease in cell number. Immunoblots show levels of phosphorylated ERK (p-ERK), total ERK,
histone H3 acetylation at lysine 9 (H3K9Ac) and total H3 after 48 hours of indicated treatment. (Hs695T)
*p=0.005997, **p=0.005364; (SKMEL2) *p=0.008834, **p=0.017467; (MEWO) *p=0.003176,
**p=0.000183 (K) Hs695T cells were transfected with pooled siRNAs targeting HDAC1, HDAC2, HDAC3,
HDAC6 or control non-targeting siRNAs and treated with DMSO (black) or 10nM trametinib (MEKi, grey).
Graph depicts the mean log2 fold change of cell number after 72 hours, relative to day 0. Right axis
shows percent change in cell number relative to day 0. Immunoblot below depicts knockdown of the
respective siRNAs. GAPDH serves as a loading control. (L) SKMEL2 cells were infected with lentiviral
constructs targeting HDAC1, HDAC2, HDAC3, HDAC6 or control and treated with DMSO (black) or 10nM
trametinib (MEKi, grey). Graph depicts the mean log2 fold change of cell number after 72 hours, relative
to day 0. Right axis shows percent change in cell number relative to day 0. Immunoblot below depicts
knockdown of the respective shRNAs. GAPDH serves as a loading control.
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Figure 3-1 (continued) 
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(Figure 3-1C and Supplementary Figure B-1A,B). These agents were not generally toxic, as 

they did not affect the viability of normal melanocytes, unresponsive melanoma cell lines, and a 

variety of other unrelated cell types (Figure 3-1D and Supplementary Figure B-1A-D).   

Live-cell incucyte imaging was used to concomitantly measure cell death and changes in 

cell number over time, using a fluorescent assay that detects live and dead cells. BRAF/MEK 

inhibitors alone killed 9% of cells, consistent with previous reports (Figure 3-1E, left panel) (Tsai, 

2008). However, while the HDAC inhibitor had little effect on its own, it dramatically potentiated 

cell death triggered by dabrafenib/trametinib, resulting in 29% cell death within just 72 hours 

(Figure 3-1E, left panel). Cell death was mediated by apoptosis, as confirmed by PARP 

cleavage and a fluorescent caspase reporter, which similarly revealed that one-third of the cell 

population was undergoing apoptosis within 72 hours (Figure 3-1F and Supplementary Figure 

A-1E). Importantly, the onset of cell death corresponded to a concomitant reduction in cell 

number (Figure 3-1E, right panel). Consistent with previous observations, BRAF/MEK inhibitors 

alone appeared to exert delayed cytostatic effects in vitro ; however, this apparent cytostasis 

was likely due to the net effects of concomitant proliferation and lower levels of cell death 

(Figure 3-1E). By contrast, BRAF/MEK and HDAC inhibitors together synergized to cause much 

more cell death, thereby eliminating more resistant tumor cells (Figure 3-1A-C,E).  

Therapeutic responses are unrelated to MITF status or expression changes 

Melanomas can either be categorized as MITFhigh or MITFlow (Konieczkowski et al. 

2014). Based on our original hypothesis we expected that MITFhigh cells might be more sensitive 

to these agents, and if so MITF suppression by HDAC inhibitors would correspond to sensitivity. 

Surprisingly however, sensitivity was unrelated to MITF status, as both MITFhigh and MITFlow 

cells responded to this combination (Supplementary Figure B-1F). In addition, MITF 

suppression did not correlate with sensitivity (Supplementary Figure B-1G). Taken together 
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these observations suggest that HDAC inhibitors broadly potentiate the therapeutic effects of 

BRAF/MEK pathway inhibitors in a high percentage of melanomas harboring mutations in one of 

several genes affecting the RAS/RAF pathway, but that these effects are unrelated to MITF 

status or expression changes. 

Suppression of HDAC3 is sufficient to kill melanomas when combined with MAPK 

pathway inhibitors 

Before embarking on mechanistic studies we sought to identify the most clinically 

tractable agent(s).  Vorinostat is a pan-HDAC inhibitor, however more selective inhibitors have 

been developed (West and Johnstone 2014). Importantly, the use of more selective compounds 

might minimize potential toxicities in humans, especially in the context of drug combinations. 

The effects of vorinostat were compared to mocetinostat (which inhibits Class I HDACs 1-3 and 

Class IV HDAC 11) (Fournel et al. 2008), nexturastat (a selective HDAC6 inhibitor that primarily 

affects acetylation of proteins other than histones) (Miyake et al. 2016), and entinostat (which 

inhibits Class I HDACs 1-3) (West and Johnstone 2014). Nexturastat did not kill cells when 

combined with MAPK pathway inhibitors, indicating that HDAC6 inhibition is not sufficient for 

these effects (Figure 3-1G). However, mocetinostat and entinostat, both cooperated with 

trametinib and were even more potent than vorinostat, demonstrating that the suppression of 

Class I HDAC proteins is sufficient for a maximal therapeutic response (Figure 3-1G).  

We were particularly enthusiastic about entinostat because it is the most selective agent 

in this panel that exerted therapeutic effects, and it has shown promising responses in Phase 2 

drug combination studies in breast cancer (Connolly et al. 2016). It is also currently being 

evaluated in a variety of solid tumors, underscoring the potential translatability of entinostat-

based combinations. Importantly, entinostat also cooperated with MAPK pathway inhibitors in 

BRAF-, NRAS- and NF1-mutant cell lines (Figure 3-1H-J).  
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Entinostat suppresses the activity of HDAC1, 2 and 3, and does not affect protein 

expression, as previously reported (Supplementary Fig. B-1H) (Zhu et al. 2015). To determine 

whether the inhibition of a specific HDAC gene was mediating the therapeutic effects, individual 

HDACs were genetically suppressed using pooled siRNAs. Interestingly, only HDAC3 

suppression was sufficient to kill melanomas when combined with trametinib, which was 

confirmed using an unrelated panel of shRNA sequences in a second sensitive cell line (Figure 

3-1K,L). Because entinostat is currently the most selective, clinically available agent that

suppresses HDAC3 and is well tolerated even when combined with other agents, we continued 

our analysis using entinostat. In addition, it should be noted that while pan-HDAC inhibitors also 

exert activity in this setting, toxicities associated with broad HDAC inhibition have limited their 

clinical utility in the context of some drug combinations (Oki et al. 2013), further supporting the 

selection of entinostat.  

Entinostat potently cooperates with dabrafinib/trametinib in vivo in models with differing 

sensitivities to BRAF/MEK inhibitors  

Next, we investigated whether these agents could exert similar cooperative effects in 

vivo, using drug concentrations that mimic human exposures (King et al. 2013). In clinical trials 

the BRAF inhibitor dabrafenib exhibits activity as a single agent in BRAF-mutant melanomas, 

however when combined with trametinib, efficacy is enhanced and toxicities are reduced, due to 

the suppression of feedback pathways (Robert, Schachter, et al. 2015; Robert, Karaszewska, et 

al. 2015).  As such, combined BRAF/MEK inhibitors are now the standard of care in BRAF-

mutant melanoma. Nevertheless, a range of therapeutic responses are observed in patients. 

Therefore, we examined several BRAF-mutant melanoma models with differing sensitivities to 

these agents. The A375 xenograft model was moderately sensitive to the standard of care; 

average tumor regression in response to dabrafenib/trametinib was 32% (Figure 3-2A). 

However, the inclusion of entinostat at 1mg/kg per week, a dose that is comparable to the 
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human dose of 5mg once weekly being used in other clinical combination studies, dramatically 

enhanced efficacy (p=0.004). While entinostat on its own had no effect on tumor growth, when 

combined with dabrafenib/trametinib, tumors regressed by 70% on average (Figure 3-2A).  

Next, we examined the effects of entinostat in a human xenograft model that is more 

sensitive to dabrafenib/trametinib in vivo (Hs695T) (Figure 3-2B). In this study we were also 

interested in examining the durability of the response and therefore continued treatment for 6 

weeks. Strikingly, even in this model entinostat substantially enhanced the therapeutic response 

to dabrafenib/trametinib, promoting deeper regressions (83% versus 57%, p=0.02), 

demonstrating that this combination is able to kill more residual disease. Moreover, regressions 

remained durable throughout the entire study.  

Finally, the effects of these agents were evaluated in two different GEMM allograft 

models, with cooperating mutations in genes associated with resistance to BRAF inhibitors 

(Maertens et al. 2013; Paraiso et al. 2011). Importantly, the immune system is also intact in 

each of these models. The first model harbored mutations in Braf and Nf1 (Maertens et al. 

2013), as NF1 mutations have been shown to functionally confer resistance to MAPK pathway 

inhibitors (Maertens et al. 2013; Whittaker et al. 2013). As predicted, MEK/BRAF inhibition did 

not cause any durable regressions in this model, and instead, tumors grew 18% on average; 

however, combined MEK/BRAF/HDAC suppression triggered tumor regression in every animal, 

and tumors shrunk by 43% (Figure 3-2C, p=0.03). PTEN mutations have been proposed to 

function by augmenting survival in response to MAPK pathway inhibition and are associated 

with smaller and less durable clinical responses in patients (Catalanotti et al. 2017)(Van Allen, 

2014). Consistent with clinical observations, the effect of dabrafenib/trametinib on Braf/Pten-

mutant GEMM allografts was also relatively modest in most tumors (Figure 3-2D, left), and 

these lesions ultimately became resistant (Figure 3-2D, right). Nevertheless, the inclusion of 

entinostat caused tumors to shrink by more than 73% and responses in all tumors were stable  
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Figure 3-2: Entinostat improves the efficacy of BRAF/MEK pathway inhibitors in vivo. (A) Waterfall 
plot (left panel) depicting change in tumor volume in a BRAF-mutant melanoma xenograft model (A375 
cells) after 2 weeks of treatment with single and combined agents as indicated. Each bar represents an 
individual tumor (Vehicle n=9, DAB+TRAM n=8, ENT n=8, DAB+TRAM+ENT n=10). Left axis indicates 
the log2 of fold change in tumor volume, and right axis indicates the percentage change in tumor volume 
relative to day 0. Dabrafenib (DAB, BRAF inhibitor), trametinib (TRAM, MEK inhibitor), entinostat (ENT, 
Class I HDAC inhibitor). Growth curve for the entire duration of the study is shown on the right. Graphs 
represent mean values +/- standard error of the mean. (B) Growth curve of an additional human BRAF-
mutant melanoma xenograft model (Hs695T) treated with single and combined agents as indicated 
(Vehicle n=6, DAB+TRAM n=8, ENT n=6, DAB+TRAM+ENT n=8). Left axis indicates the log2 of fold 
change in tumor volume relative to day 0. Graphs represent mean values +/- standard error of the mean. 
(C) Growth curve depicting change in tumor volume of GEMM-derived Braf/Nf1-mutant melanoma
allografts after treatment with single and combined agents as indicated. (Braf/Nf1: Vehicle n=7,
DAB+TRAM n=6, ENT n=6, DAB+TRAM+ENT n=5). Graphs represent mean values +/- standard error of
the mean. (D) Waterfall plot (left panel) depicting change in tumor volume in a Braf/Pten-mutant
melanoma allograft model after 2 weeks of treatment with single and combined agents as indicated. Each
bar represents an individual tumor (Vehicle n=4, DAB+TRAM n=7, ENT n=2, DAB+TRAM+ENT n=7).
Growth curve for the entire duration of the study is shown on the right. Graphs represent mean values +/-
standard error of the mean. (E) Table summarizing in vitro sensitivity of 6 human NRAS-mutant cell lines
against combined trametinib and entinostat treatment. (F) Waterfall plot depicting change in tumor volume
of NRAS-mutant melanoma xenografts (YUDOSO cells) treated with single and combined agents as
indicated (Vehicle n=7, TRAM n=9, ENT n=9, TRAM+ENT n=8). Each bar represents an individual tumor.
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Figure 3-2 (continued) 
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(Figure 3-2D; p=0.02). Altogether, preclinical studies in four distinct BRAF-mutant models, 

representing tumors with distinct genetic alterations and different sensitivities to BRAF/MEK 

inhibitors (sensitive, moderately sensitive, and resistant), suggest that entinostat can 

substantially enhance the therapeutic effects of BRAF/MEK pathway inhibitors in vivo in all of 

these settings.  Figure 3-2C also demonstrates that this combination is effective in vivo in 

tumors that harbor NF1 mutations. 

Entinostat sensitizes NRAS-mutant melanomas to trametinib 

We also expanded our analysis of NRAS-mutant melanomas. Using a panel of six 

additional NRAS-mutant lines we found that three were sensitive to combined MEK and HDAC 

inhibitors while three were not, consistent with the frequency of sensitivity to this combination 

overall (Figure 3-2E). Importantly, these agents also cooperatively enhanced the regression of 

NRAS-mutant xenografts (Figure 3-2F). Whereas trametinib alone exerted largely cytostatic 

effects (on average tumors grew by 6%), trametinib and entinostat together induced a 42% 

tumor regression (p=0.03). This observation is particularly important given that there are 

currently no effective treatments for NRAS-mutant tumors.  

MGMT is a biomarker that predicts sensitivity to combined MAPK/HDAC inhibitors 

While several genetically distinct melanoma cell lines and tumor models were sensitive 

to combined HDAC and MAPK pathway inhibitors, a subset were resistant to this combination 

(Figure 3-1A).  Therefore, we hypothesized that these differential responses could be exploited 

to identify potential biomarkers of sensitivity or resistance. Extensive genomic analysis did not 

reveal any recurrent mutations or copy number alterations that distinguished sensitive or 

resistant cells. We therefore performed a two-class comparison of transcriptional profiles from 

the sensitive (n=6) and resistant (n=4) cell lines shown in Figure 3-1A. Eighteen genes that 

were differentially expressed (p<0.001) between these two populations were identified (Figure 
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3-3A, Supplementary Table B-1); however dramatic differences in expression were observed for 

only one of these genes, O6-methylguanine DNA methyltransferase (MGMT), which was 

elevated in sensitive cells by almost 9-fold (Figure 3-3A and 3-3B, p=0.0005).  Western blot 

analysis further revealed that MGMT protein was readily detected in sensitive cell lines whereas 

it was undetectable or minimally expressed in resistant cells (Figure 3-3C). Based on these 

observations two additional BRAF-mutant cell lines, predicted by the CCLE to have either high 

or low levels of MGMT mRNA, were selected for analysis. Immunoblots confirmed the expected 

differences in MGMT protein levels (Figure 3-3D). Importantly, the MGMT expressing cells were 

sensitive to dabrafenib/trametinib/entinostat, whereas the cell line that lacked MGMT expression 

was insensitive to this combination (Figure 3-3E). Similarly, the NRAS-mutant melanomas that 

were sensitive to these agents expressed MGMT, whereas insensitive cells did not 

(Supplementary Figure B-2).  Altogether, analysis of 18 different sensitive and resistant cell 

lines indicates that MGMT expression is a strong predictive biomarker of sensitivity to this drug 

combination.  

MGMT directly reverses the mutagenic DNA lesion O6-methylguanine, which is caused 

by alkylating agents (Fu, Calvo, and Samson 2012). Accordingly, in glioblastomas, high MGMT 

levels are associated with resistance to alkylating chemotherapies such as temozolomide (Hegi 

et al. 2005; Weller et al. 2009).  In a subset of glioblastomas, the MGMT promoter is 

epigenetically silenced by methylation, which is thought to be responsible for conferring 

sensitivity to temozolomide. Therefore, MGMT promoter methylation testing is routinely used in 

clinical practice as a predictive biomarker to guide patient management in glioblastoma. 

Consistent with this mechanism of regulation, we found that the MGMT promoter was 

differentially methylated in MGMT+ versus MGMT- melanoma cell lines (Figure 3-3F, 

p=0.00011) and that treatment with the DNA demethylating agent 5-azacitidine restored MGMT 

expression in MGMT- cells (Figure 3-3G). However, it is important to note that in this setting  

https://en.wikipedia.org/wiki/6-O-methylguanine
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Figure 3-3: MGMT expression predicts sensitivity to BRAF/MEK and HDAC inhibition but does not 
play a functional role. (A) Graph depicts fold difference in mRNA expression of 18 differentially 
expressed genes in cell lines sensitive (n=6) or resistant (n=4) to combined MAPK and HDAC inhibition 
(p<0.001). MGMT is upregulated by 8.6-fold in sensitive cells (p=0.0005). (B) Boxplot illustrating 
differential mRNA expression of MGMT in cell lines sensitive (n=6) or resistant (n=4) to combined MAPK 
and HDAC inhibition (p=0.0005). (C) Immunoblot depicting MGMT protein levels in sensitive and resistant 
cell lines. Order of cell lines is the same as in Fig. 3-1A.  (D) Two additional melanoma cell lines 
characterized by the CCLE to have either high (UACC257) or low (A101D) MGMT mRNA levels were 
analyzed for MGMT protein levels by Western blot. Actin serves as a loading control. (E) Both cell lines 
were treated with either DMSO, 100nM dabrafenib and 10nM trametinib (DT), 1µM entinostat (ENT) or 
DT+ENT. Cells were manually counted prior to the addition of compounds and 3 days after treatment. 
Graphs represent log2 transformation of the fold change in cell number at day 3 versus day 0. Right axis 
shows percent change in cell number relative to day 0. Negative values represent cell death and a 
decrease in cell number. (UACC257) *p=0.002090, **p=0.002767; (A101D) n.s., not significant (F) 
Boxplot illustrating differential MGMT DNA methylation in cell lines sensitive (n=4) or resistant (n=3) to 
combined MAPK and HDAC inhibition (p=0.00011). (G) Western blot depicting MGMT protein levels 
before and after treatment with 5-azacitidine (5-aza) for 5 days in a cell line resistant to combined MEK 
and HDAC inhibition. (H) Hs695T cells were transfected with pooled siRNAs targeting MGMT or control 
non-targeting siRNAs and treated with drugs as indicated. Graphs represent log2 transformation of the 
fold change in cell number at day 3 versus day 0. Right axis shows percent change in cell number relative 
to day 0. Immunoblot depicts knockdown of MGMT. GAPDH serves as a loading control. n.s., not 
significant (I) A2058 cells were infected with a lentiviral construct expressing MGMT or lacZ control. 
Stable cell lines were treated with drugs as indicated. Graphs represent log2 transformation of the fold 
change in cell number at day 3 versus day 0. Right axis shows percent change in cell number relative to 
day 0. Immunoblot depicts ectopic expression of MGMT. GAPDH serves as a loading control. n.s., not 
significant 
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Figure 3-3 (continued) 
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MGMT expression correlates with sensitivity, rather than resistance, to BRAF/MEK/HDAC 

inhibitors. Regardless, this pre-existing clinical test could be readily implemented to select 

patients for clinical trials. Importantly, two separate studies have shown that the MGMT 

promoter is methylated in only 21.5-26.0% of human metastatic melanomas using this clinical 

assay (Schraml et al. 2012; Tuominen et al. 2015). Therefore, these observations suggest that 

up to 79% of patients with RAS/RAF pathway mutations could benefit from this combination. 

To determine whether MGMT was a functional or passive biomarker we genetically 

ablated it in sensitive cells and ectopically expressed it in resistant cells. Genetic ablation of 

MGMT did not make sensitive cells become resistant to these agents (Figure 3-3H) and ectopic 

MGMT expression did not confer sensitivity (Figure 3-3I). Therefore, we conclude that MGMT 

does not play a functional role in mediating sensitivity or resistance to this drug combination, but 

rather marks a distinct subset of melanomas. Regardless, the fact that a clinical test already 

exists makes this a clinically useful biomarker.  

MGMT expressing melanomas exhibit broader defects in DNA repair genes 

The strong association between MGMT expression and drug sensitivity prompted us to 

determine whether we could use a larger set of (primary) tumors to identify a specific genetic 

defect, responsible for sensitivity or resistance, that might co-segregate with high or low MGMT 

expression. To maximize potential differences we compared the top 10% of tumors in the TCGA 

database expressing the highest levels of MGMT mRNA (MGMT+) with the bottom 10% of 

tumors, expressing the lowest levels of MGMT mRNA (MGMT-).  Similar to cell line studies, 

comparative analysis of mutations and copy number changes did not identify any recurrent 

genetic alterations that were enriched in MGMT+ or MGMT- tumors. However, these tumor 

cohorts exhibited distinct transcriptional profiles.  
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To identify potentially defective pathways and/or vulnerabilities in MGMT+ melanomas, 

we examined transcriptional signatures that were suppressed in these tumors using the 

GO:Biological Processes database. Interestingly, among the top 35 suppressed gene sets, 

numerous signatures associated with DNA repair, in particular double-strand break repair, were 

identified (Figure 3-4A and Supplementary Table B-2), suggesting that these tumors might 

possess inherent defects in DNA repair processes.  

Concomitantly, we examined transcriptional profiles of sensitive cells exposed to 

MAPK/HDAC inhibitors, prior to the onset of cell death. In drug-treated cells, the 

Hallmark_DNA_Repair gene set was identified as one of the top significantly suppressed 

pathways in response to dabrafenib/trametinib/entinostat, suggesting that DNA repair processes 

were also being inhibited by this combination (Supplementary Table B-3). These observations 

raised the intriguing possibility that preexisting defects in DNA repair, compounded by the 

chemical suppression of these pathways, might be mediating cell death by causing excessive 

DNA damage. Of note, an oxidative phosphorylation signature was also observed, but we found 

that reactive oxygen species were not consistently elevated by these agents, and were neither 

necessary nor sufficient for this therapeutic response (Supplementary Figure B-3A-E).   

To investigate a potential role for DNA repair defects in this response, we further 

characterized MGMT+ tumors and cell lines. The transcriptional signatures identified in Figure 

3-4A suggested that MGMT+ tumors might harbor defects in homologous recombination (HR). 

Using a more specific transcriptional dataset we confirmed that MGMT+ tumors were, in fact, 

enriched for a common signature that is induced by RNAi-mediated ablation of many HR genes, 

termed the HR-defect gene signature (Figure 3-4B) (Peng et al. 2014). The HR-defect signature 

was also enriched in MGMT+ melanoma cell lines as compared to MGMT- cells (Figure 3-4C). 

However, to confirm that sensitive cells harbor functional defects in HR, we performed a Rad51 

redistribution assay. In response to ionizing radiation, Rad51 normally accumulates in numerous  
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Figure 3-4: Baseline and drug induced suppression of DNA repair genes and consequential DNA 
damage in MGMT+ tumors/cells. (A) Gene sets from the GO:Biological Processes database involved in 
DNA repair and HR are significantly suppressed in MGMT “high” versus MGMT “low” samples. “High” 
expression was defined as the top 10% of tumors in the TCGA SKCM provisional dataset stratified by 
MGMT mRNA expression, whereas “low” was defined as the bottom 10%. Normalized Enrichment Scores 
(NES), p-values and False Discovery Rates (FDRs) calculated by Gene Set Enrichment Analysis (GSEA) 
software from the Broad Institute. The entire list of the top 35 suppressed gene sets are shown in 
Supplementary Table 2. (B) Gene Set Enrichment Analysis (GSEA) was used to develop a plot depicting 
the enrichment of the HR-defect (HRD) gene signature (Peng et al. 2014) in primary tumors with high 
versus low MGMT expression. “High” expression (MGMT+) was defined as the top 10% of tumors in the 
TCGA SKCM provisional dataset stratified by MGMT mRNA expression, whereas “low” (MGMT-) was 
defined as the bottom 10%. Note: The HRD gene signature is a compilation of genes that are significantly 
suppressed after single-gene ablation of HR components (Peng et al. 2014). MGMT+ tumors show a 
reduction of these same genes. FDR: false discovery rate, NES: normalized enrichment score. (C) Gene 
Set Enrichment Analysis (GSEA) was used to develop a plot depicting the enrichment of the HR-defect 
(HRD) gene signature (Peng et al. 2014) in cell lines with high versus low MGMT expression.  “High” 
expression was defined as the top 10% of melanoma cell lines in the CCLE stratified by MGMT mRNA 
expression, whereas “low” was defined as the bottom 10%. Note: The HRD gene signature is a 
compilation of genes that are significantly suppressed after single-gene ablation of HR components (Peng 
et al. 2014). MGMT+ cells show a reduction of these same genes. FDR: false discovery rate, NES: 
normalized enrichment score. (D) Melanoma cells, transfected with control (siLuc) or pooled siRNAs 
targeting BRCA2 were irradiated with 10Gy. Cells were fixed 5 hours later and analyzed by 
immunofluorescence for RAD51 and gamma H2AX. The bar graph depicts the percentage of siLuc cells 
with RAD51 foci. Images are shown in Supp. Fig. A-4A.  (E) Heatmap of differentially expressed DNA 
repair genes (significance level p=0.001) in (MGMT+) versus (MGMT-) melanomas. (F) Western blot 
depicting phospho-gamma H2AX levels in two sensitive cell lines in response to dabrafenib/trametinib 
(DT) plus entinostat (ENT) over time. GAPDH serves as a loading control. (G) Western blot comparing 
phospho-gamma H2AX levels in sensitive and resistant cell lines after treatment with DT+ENT. GAPDH 
serves as a loading control. (H) Western blot depicting phospho-gamma H2AX levels in sensitive cell line 
after treatment with either DMSO, 100nM dabrafenib and 10nM trametinib (DT), 1µM entinostat (E) or 
DT+E. GAPDH serves as a loading control. (I) Microarray analysis of sensitive and resistant cell lines 
after 24 hours of treatment with vehicle, 100nM dabrafenib/10nM trametinib (DT), 1µM entinostat (ENT), 
or DT+ENT. Heatmap (triplicate samples per treatment arm) depicts the upregulated (red) or 
downregulated (blue) non-cell cycle regulated DNA repair genes, reaching a significance level of p=0.001. 
Group A defines a subset of potently suppressed genes that cluster together in two groups in the DT 
treatment arm. A subset of these genes are listed. Group B defines an additional large set of DNA repair 
genes suppressed in DT+ENT arm. A subset of these genes are also listed.  
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distinct foci at sites of DNA damage (Gildemeister, Sage, and Knight 2009). However, the 

appearance of these foci is prevented or reduced in cells with defects in various HR proteins 

(Gildemeister, Sage, and Knight 2009). Indeed, while ionizing radiation induced a dramatic 

increase in Rad51 foci that co-localized with phospho-gamma H2AX in the two resistant cell 

lines, the two sensitive cell lines were substantially impaired in their ability to form Rad51 foci 

(Figure 3-4D, Supplementary Figure A-4A). These observations demonstrate that sensitive cell 

lines harbor a preexisting impairment in HR.  

MGMT+ melanomas exhibit a global reduction of DNA repair genes  

In breast and ovarian cancers, BRCA1/2 mutations are known to underlie defects in HR 

(Farmer et al. 2005). However, more recently castration-resistant prostate cancers have been 

shown to harbor alterations in any one of five different HR genes (Dhawan, Ryan, and Ashworth 

2016). Therefore, we reanalyzed genomic data to determine whether we might have missed a 

similar heterogeneous mutational pattern of HR genes but did not find this to be the case. 

Because there were no recurrent genetic alterations in HR genes, the relative 

expression levels of all genes implicated in DNA repair were examined in MGMT+ versus 

MGMT- tumors (list obtained from (Mjelle et al. 2015)). Strikingly, the majority of DNA repair 

genes were downregulated in MGMT+ tumors as compared to MGMT- tumors (Figure 3-4E). 

Genes known to be involved in HR as well as other DNA repair pathways were suppressed in 

MGMT+ tumors. Importantly, this observation held true even when known cell cycle-regulated 

genes were removed from the analysis, reinforcing that this is a true DNA repair effect, and not 

a by-product of cell cycle differences between treatments (Supplementary Figure B-4B) (Mjelle 

et al., 2015). A subset of repair genes, which included MGMT and MPG, both involved in the 

repair of alkylated bases, along with genes that repair hydrolyzed and oxidized bases, clustered 

together and exhibited the inverse expression pattern as compared to the broader group of 
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genes: these genes were expressed at higher levels in MGMT+ tumors and were lower in 

MGMT- tumors (Figure 3-4E). Importantly, this distinct expression pattern of DNA repair genes 

was not associated with prior exposure to therapy, suggesting that these genes were not 

selectively repressed or induced as a consequence of treatment. Therefore, there appears to be 

two potentially distinct populations of melanomas: DNA repair low(MGMT+) and DNA repair 

intact(MGMT-), which we hypothesize are differentially sensitive to BRAF/MEK/HDAC inhibitors. 

While the mechanisms that underlie the inverse expression pattern of these gene clusters could 

not be ascertained, it is well known that genes with similar functions are often co-regulated. We 

believe that this may be occurring in melanoma, especially given the related function of the co-

regulated genes. 

HDAC and MAPK pathway inhibitors cooperatively induce DNA damage  

To determine whether the HDAC/MAPKi combination might be capitalizing on this 

potential defect and killing cells by triggering unresolvable DNA damage, we first compared 

phospho-gamma H2AX expression levels, a marker of double strand DNA breaks, in sensitive 

and resistant cells. In sensitive cell lines two waves of phospho-gamma H2AX induction were 

observed. Phospho-gamma H2AX initially increased within 8 hours of treatment, increased 

more dramatically between 24-36 hours, and remained elevated (Figure 3-4F). Importantly, 

gamma H2AX phosphorylation occurred prior to cell death, which begins at 40 hours (Figure 3-

1E and Supplementary Figure B-1E), suggesting that this event precedes cell death and is not 

merely a consequence of DNA damage in dying cells. In contrast, phospho-gamma H2AX levels 

remained low in resistant cells (Figure 3-4G). Notably, both agents induced low levels of gamma 

H2AX phosphorylation as single agents; however, the drug combination was required to induce 

maximal DNA damage, demonstrating that these agents cooperatively induce DNA damage 

(Figure 3-4H). 
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BRAF/MEK and HDAC inhibitors coordinately suppress the expression of DNA repair 

genes  

To investigate the molecular mechanism by which this combination was functioning, 

transcriptional profiles were examined in cells treated with vehicle, dabrafenib/trametinib, 

entinostat or all three agents at 24 hours, prior to the commencement of cell death. Striking 

changes in the expression of DNA repair genes in response to these agents were observed. As 

depicted in the heatmaps shown, dabrafenib/trametinib alone suppressed the expression of 

many DNA repair genes in sensitive cell lines, which clustered together in two groups, herein 

referred to as Group A genes (Figure 3-4I, left and middle panels). Interestingly, Group A genes 

included several HR pathway genes such as BRCA2, BRIP1, EME1 and RBBP8 (Mjelle et al. 

2015; Moynahan and Jasin 2010). These four genes were suppressed between 60-84%. 

Entinostat had no effect on the expression of group A genes but in both sensitive cell lines, 

dabrafenib/trametinib/entinostat together not only inhibited Group A genes but also suppressed 

an additional large set of DNA repair genes (Group B) (Figure 3-4I, left and middle panels). 

Notably, the most potently suppressed genes in Group B (suppressed 65-80%) included genes 

that function in the NHEJ pathway (e.g. XRCC4, XRCC5, XRCC6, PNKP and PARP3).  This 

striking pattern of transcriptional repression was not observed in resistant cells (Figure 3-4I, 

right panel).  

It should be noted that HDAC inhibitors have previously been reported to induce DNA 

damage in cells through a variety of direct and indirect mechanisms (Robert and Rassool 2012; 

Thurn et al. 2013; Miller et al. 2010). Nevertheless, in this setting we observed a potent and 

broad suppression of DNA repair genes that only occurred in the presence of MAPK pathway 

inhibitors, which was quite unexpected. Therefore, while HDAC inhibitors may contribute to DNA 

damage via additional mechanisms, the deep suppression of numerous DNA repair genes that 

occurs in response to this combination is likely to play a major role in this response. The 
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observation that DNA repair gene networks are already impaired in sensitive cell lines further 

supports this model.      

MAPK pathway inhibitors potently suppress HR pathway genes in sensitive but not 

resistant melanomas 

As noted above, Group A genes included several HR pathway genes such as BRCA2, 

BRIP1, EME1 and RBBP8 (Figure 3-4I) (Myelle et al., Moynaham and Jasin, 2010). Western 

blot analysis confirmed that dabrafenib/trametinib potently suppressed BRIP1, BRCA2, RBBP8 

and EME1 protein expression in sensitive cells (Figure 3-5A). BRIP1 and BRCA2 expression 

were further evaluated in two sensitive and resistant cell lines. Dabrafenib/trametinib nearly 

depleted the expression of BRIP1 and BRCA2 proteins in sensitive cell lines, but did not do so 

in resistant cells (Figure 3-5B). Quantitative PCR further confirmed that BRAF/MEK inhibitors 

suppressed the transcription of these HR genes, and did so in sensitive but not resistant cells 

(Figure 3-5C).  

To exclude the possibility that differences in expression were a secondary consequence 

of effects on the cell cycle, sensitive cells were treated with vehicle or dabrafenib/trametinib and 

cells in G1, S and G2/M were separated by FACS. In both sensitive cell lines, BRIP1 and 

BRCA2 mRNA levels were suppressed in all phases of the cell cycle (Figure 3-5D), 

demonstrating that the suppression of these genes is not merely due to changes in cell cycle 

distribution.  

MAPK pathway inhibitors induce a BRCAness phenotype by further suppressing the 

transcription of HR pathway genes 

Figures 3-4A-E demonstrate that sensitive melanomas already have broad defects in the 

expression of DNA repair genes that result in HR defects, as inferred by transcriptional profiles  
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Figure 3-5: MAPK pathway inhibitors potently reduce the expression of HR pathway genes in 
sensitive melanomas. (A) Western blot depicting BRIP1, BRCA2, RBBP8 and EME1 protein levels in 
Hs695T cells after 48hrs of treatment with vehicle (Veh) or 100nM dabrafenib and 10nM trametinib (DT). 
GAPDH serves as a loading control. (B) Western blot depicting BRIP1 and BRCA2 protein levels in 
sensitive (Hs695T and SKMEL2) and resistant (A2058 and RPMI7951) cells after 48hrs of treatment with 
vehicle (Veh) or 100nM dabrafenib and 10nM trametinib (DT). GAPDH serves as a loading control. (C) 
mRNA levels of BRIP1 and BRCA2 in sensitive (Hs695T and SKMEL2) and resistant (A2058) cells after 
24 hours of treatment with vehicle (Veh) or 100nM dabrafenib and 10nM trametinib (DT) as determined 
by quantitative PCR. (D) Cells from 2 sensitive cell lines (top and bottom panels, respectively) were 
separated in different phases of the cell cycle for subsequent gene expression analysis. Bar graphs show 
mRNA expression of BRCA2 and BRIP1 in specific cell subpopulations after 24 hours of treatment with 
Vehicle (Veh) or 100nM dabrafenib and 10nM trametinib (DT). (E) Plot of Gene Set Enrichment Analysis 
(GSEA) showing suppression of HRD associated genes (Peng et al. 2014) in melanoma cells in response 
to trametinib (10nM) and dabrafenib (100nM). Note: The HRD gene signature is a compilation of genes 
that are significantly suppressed after single-gene ablation of HR components (Peng et al. 2014). Cells 
treated with BRAF/MEKi show a reduction of these same genes. FDR: false discovery rate, NES: 
normalized enrichment score. (F) Single Sample Gene Set Enrichment Analysis (ssGSEA) depicting the 
relative expression of HRD signature genes in response to dabrafenib/trametinib (DT) treatment in 
sensitive and resistant cell lines. Note: The HRD gene signature is a compilation of genes that are 
significantly suppressed after single-gene ablation of HR components (Peng et al. 2014). (G) Sensitive 
cells (SKMEL5, Hs695T, SKMEL2 and YUDOSO) and resistant cells (A2058 and RPMI7951) were 
treated with DMSO, 100nM dabrafenib/10nM trametinib (DT), 5µM olaparib (PARP inhibitor) or the 
combination of DT + PARP inhibitor. As a positive control the BRCA1-mutant breast cancer cell line 
SUM149PT was treated with the PARP inhibitor. Cells were manually counted prior to the addition of 
compounds and 5 days after treatment. Graphs represent log2 transformation of the fold change in cell 
number at day 5 versus day 0. Negative values represent a net loss of cells. (H) Waterfall plot depicting 
change in tumor volume in a Braf/Nf1-mutant melanoma allograft model after 9 days of treatment with 
single and combined agents as indicated. Each bar represents an individual tumor (Vehicle n=7, 
DAB+TRAM n=6, PARPi n=5, DAB+TRAM+PARPi n=6). Left axis indicates the log2 of fold change in 
tumor volume, and right axis indicates the percentage change in tumor volume relative to day 0. 
Dabrafenib (DAB, BRAF inhibitor), trametinib (TRAM, MEK inhibitor), olaparib (PARPi, PARP inhibitor). (I) 
Overexpression of RAD51 suppresses death in response to MAPK/HDAC inhibition. Western blot 
confirms overexpression.  
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and validated by Rad51 redistribution assays. However, Figure 3-5A-C demonstrate that 

dabrafenib/trametinib causes a nearly complete suppression of a subset of these HR genes, 

which would presumably enhance these defects. Indeed, we found that dabrafenib/trametinib 

caused a potent enrichment of the HR-defect signature in sensitive cells (Figure 3-5E). In order 

to visualize the progressive suppression of this pathway, we performed ssGSEA analysis on 

sensitive and resistant cell lines. Figure 3-5F demonstrates that genes that are suppressed in 

response to HR defects are lower in (untreated) sensitive compared to resistant cells (sample 3 

versus sample 1, p<0.0001). Moreover, dabrafenib/trametinib causes a further potent reduction 

of these genes in sensitive cells (sample 4 versus 3, p<0.0001).  Taken together these 

observations suggest that BRAF/MEK inhibitors are potentiating inherent defects in the HR 

pathway by suppressing multiple HR pathway genes.  

The Rad51 redistribution experiment confirmed that there are substantial defects in HR 

in untreated sensitive cells, however the dynamic range of this assay precluded us from 

determining whether BRAF/MEK inhibitors could further potentiate these defects.  HR 

impairment can also be measured by a I-Sce-I-based double strand break repair assay, 

however this requires reporter integration into a single genomic site, specifically in sensitive 

cells, which was unachievable after extensive effort. However, it is well established that genetic 

defects in HR genes, such as BRCA1 and BRCA2, confer sensitivity to PARP inhibitors, which 

has become a hallmark functional assay for measuring HR defects (Farmer et al. 2005). Given 

the potent suppression of HR gene expression, in particular BRCA2, we hypothesized that 

BRAF/MEK inhibitors would sensitize (or further sensitize) responsive cell lines to PARP 

inhibitors.  

Interestingly, we found that the PARP inhibitor, olaparib, did not exert potent cytotoxic 

effects as a single agent in sensitive melanomas, in contrast to BRCA1-deficient breast cancer 

cells (Figure 3-5G). These observations suggest that the DNA repair defects present in these 
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melanomas are less pronounced than those in BRCA1-mutant tumor cells, consistent with the 

observation that these cells still express HR genes (Figure 3-5A). However, 

dabrafenib/trametinib potently sensitized melanomas to olaparib and together 

dabrafenib/trametinib/olaparib killed multiple sensitive cell lines and did not kill non-responsive 

cell lines (Figure 3-5G). Strikingly, these observations were also recapitulated in vivo. While the 

PARP inhibitor olaparib alone was unable to cause tumor regression, when combined with 

dabrafenib/trametinib, tumors regressed by 47% on average (p=0.03, Fig. 5H). Taken together 

these results suggest that while baseline defects in DNA repair gene expression prime sensitive 

cells, MAPK pathway inhibition is required to functionally impair the HR pathway in these 

melanomas to the extent observed in BRCA1-mutant breast cancers.  

Finally, to prove that defects in HR functionally contribute to the therapeutic response to 

combined MAPK/HDAC inhibitors, we examined the effects of Rad51 overexpression. A key 

step in HR is the recruitment of the Rad51 recombinase to double strand breaks, which normally 

requires HR proteins such as BRCA2 (Moynahan, 2010). However it is well known that 

overexpression of Rad51 can override this regulatory step in cells with various upstream HR 

defects (Moynahan, 2010). Therefore we reasoned that Rad51 would be the one component 

that might rescue effects caused by the concomitant suppression of multiple HR proteins. 

Importantly, Rad51 overexpression suppressed death in response to MAPK/HDAC inhibition, 

confirming that defects in HR and consequently excessive DNA damage play critical functional 

roles in mediating the therapeutic response to these agents (Figure 3-5I).  It should be noted 

that Rad51 did not rescue the limited response to BRAF/MEK inhibitors alone, indicating that 

these agents mediate their canonical effects through other pathways, as would be expected.  
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MAPK and HDAC inhibitors cooperatively suppress NHEJ genes in sensitive melanomas 

We next sought to identify critical genes in Group B that might be responsible for the 

cooperativity between dabrafenib/trametinib and entinostat. Interestingly, the most potently 

suppressed Group B genes that could be ascribed to a specific DNA repair pathway are known 

to function in the NHEJ pathway (a subset listed in Figure 3-4I).  Importantly, it is well 

established that when HR is impaired, NHEJ can compensate (Lord and Ashworth 2016). 

Therefore we examined a subset of genes in the NHEJ pathway that were the most 

transcriptionally suppressed, specifically XRCC5 (Lieber 2010; Mjelle et al. 2015), PNKP (Lieber 

2010, Mjelle et al 2015), and PARP3 (Beck et al. 2014; Mjelle et al. 2015), and confirmed that 

protein expression was also potently inhibited by dabrafenib/trametinib/entinostat (Figure 3-6A).  

We also showed that suppression occurred at the level of transcription, occurred in different 

sensitive cell lines, and that these genes were not suppressed in insensitive cells (Figure 3-6B). 

Together, these results demonstrate that combined HDAC and MAPK inhibitors potently 

suppress both HR and NHEJ genes.   

The cooperative effects of MAPK/HDAC inhibition are due to the coordinate suppression 

of HR and NHEJ pathways  

To functionally determine whether the suppression of NHEJ pathways was required for 

cell death in response to this combination, we ectopically expressed Lig 4. Lig 4 directly 

mediates the NHEJ ligation step and its overexpression, analogous to Rad51 overexpression, is 

the one distal gene that can largely override deficiencies in (multiple) upstream components 

(Lieber, 2010). Importantly, Lig 4 substantially inhibited the cytotoxic effects of MAPK/HDAC 

suppression (Figure 3-6C; p=0.009). Taken together with the Rad51 overexpression experiment 

in Figure 3-5I, these studies demonstrate that the impairment of both HR and NHEJ are 

required for cell death in response to combined MAPK/HDAC inhibition. 
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Figure 3-6: Entinostat enhances dabrafenib/trametinib activity by cooperatively triggering the 
broad suppression of other DNA repair genes including NHEJ genes. (A) Western blot depicting 
XRCC5, PNKP and PARP3 protein levels in Hs695T cells after treatment with vehicle (Veh), 100nM 
dabrafenib/10nM trametinib (DT), 1µM entinostat (E) or DT+E. GAPDH serves as a loading control. (B) 
mRNA levels of XRCC5, PARP3 and PNKP in sensitive (Hs695T and SKMEL2) and resistant (A2058) 
cells after 24 hours of treatment with vehicle (Veh) or 100nM dabrafenib, 10nM trametinib and 1µM 
entinostat (DTE) as determined by quantitative PCR. (C) Overexpression of LIG4 suppresses cell death in 
response to MAPK/HDAC inhibition. (D) Hs695T cells were transfected with pooled siRNAs targeting 
XRCC5, PNKP, PARP3, XRCC4, XRCC6 or control non-targeting siRNAs and treated with DMSO (black) 
or 100nM dabrafenib and 10nM trametinib (DT, red). Graph depicts the mean log2 fold change of cell 
number after 72 hours, relative to day 0. Right axis shows percent change in cell number relative to day 
0. Immunoblots in Supp Fig. A-5A confirm siRNA target suppression. (E) Model depicting the mechanism 
by which BRAF/MEK pathway and HDAC inhibitors promote excessive DNA damage, cell death and 
tumor regression of melanomas with a compromised DNA repair gene network (MGMT+ tumors). (F) 
Table depicting top scoring transcription factor binding sites enriched in genes suppressed by 
BRAF/MEK/HDACi, using the MSigDB Transcription Factor Motif database. (blue = ETS family 
transcription factor binding sites; bold: ELK1 binding sites) (G) Single Sample Gene Set Enrichment 
Analysis (ssGSEA) projection scores for ELK1 target genes following drug treatment. ssGSEA quantifies 
ELK1 target gene activation for each treatment group, showing a decrease in ELK1-driven transcription in 
single agent treatment (MAPKi (DT) and HDACi (E)) followed by further suppression of ELK1 targets by 
combination therapy (DTE). (H) Western blots depicting phosphor-ELK1 and total ELK1 protein levels in 2 
sensitive cell lines treated with 100nM dabrafenib (D), 10nM trametinib (T) and/or 1µM entinostat (E). (I) 
Experimentally identified direct ETS family binding sites (ChIP-X data) in BRIP1, BRCA2, XRCC5 and 
PARP3. (J,K) Western blots depicting PARP3, BRIP1, XRCC5 and ELK1 protein levels after knockdown 
of ELK1 and/or ELK3 using siRNA smartpools. (L) RNAi-mediated suppression of ELK1 and/or ELK3 
cooperates with either MAPK (Dabrafenib/Trametinib, DT) or HDAC (Entinostat, E) inhibitors.  
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Figure 3-6 (continued) 
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The converse experiment was also performed. We reasoned that if cell death was 

occurring because 1) MAPK pathway inhibitors suppress HR and 2) MAPK/HDAC inhibitors 

together suppress NHEJ, then ablation of NHEJ genes should kill cells in the presence of MAPK 

pathway inhibitors. Individual NHEJ genes were suppressed by pooled siRNA sequences and 

cells were treated with dabrafenib/trametinib. Suppression of any one of the NHEJ genes killed 

cells but only in the presence of dabrafenib/trametinib (Figure 3-6D and Supplementary Figure 

A-5A), suggesting that NHEJ pathway suppression was able to recapitulate the effects of 

entinostat in this context.  

Taken altogether these observations suggest that BRAF/MEK inhibitors suppress DNA 

repair genes function in the HR pathway, resulting in a state that functionally resembles tumors 

with BRCA pathway defects (model shown in Figure 3-6E) (Lord and Ashworth 2016).  

However, when combined with entinostat, these agents now cooperatively and potently 

suppress a second broader set of DNA repair genes, including NHEJ pathway genes. 

Importantly, this broad transcriptional repression of these major DNA repair genes is lethal in 

tumors with a preexisting impairment in a DNA repair gene expression.  

HDAC and MAPK pathway inhibitors cooperatively suppress ELK, which regulates the 

expression of key DNA repair genes 

To investigate the molecular mechanism(s) by which MAPK and HDAC inhibitors might 

be cooperatively suppressing DNA repair genes, we first identified transcription factor binding 

sites that were enriched in genes suppressed by this combination, using the MSigDB 

Transcription factor targets database. ELK1 binding sites were the most significantly enriched in 

the suppressed genes and several other ETS family members binding sites were also identified 

(Figure 6F). ssGSEA analysis was then used to examine the pattern of ELK1 regulated 

transcriptional signatures in response to single and combined agents. MAPK suppression 
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partially inhibited these signatures, as expected, given that ERK phosphorylation contributes to 

the activation of ELK1 (Shaw and Saxton 2003) (Figure 3-6G). HDAC inhibitors slightly 

suppressed ELK1 signatures, however these signatures were maximally suppressed in the 

presence of combined MAPK/HDAC inhibitors (Figure 3-6G). We found that ELK1 

phosphorylation was inhibited in response to BRAF/MEK inhibitors as would be predicted 

(Figure 3-6H). However, unexpectedly both agents individually and cooperatively suppressed 

total ELK1 protein expression. Microarray data indicated that this was occurring at the level of 

transcription, which was confirmed by Q-PCR (Supplementary Figure B-5B). The related gene, 

ELK3, showed a similar pattern of suppression (Supplementary Figure B-5B). 

Twenty percent of the DNA repair genes suppressed by MAPK/HDAC inhibitors have 

been experimentally determined to be direct ELK1 targets (32/160 genes; (Lachmann et al. 

2010)) and many more of these genes are targets of other ETS family proteins. For practical 

reasons we focused on determining whether ELK was controlling the expression of any of the 

most prominently suppressed group A and B genes (BRIP1, BRCA2, XRCC5 and PARP3). 

Experimental ChIP data indicate that ETS family proteins directly bind sites in the promoters of 

all four genes, although only BRIP1, XRCC5 and PARP3 contain the ELK1 target sequence 

(Figure 3-6I).  Because ELK1 and 3 bind the same DNA sequences and therefore may be 

redundant, we investigated the consequences of genetically ablating ELK1 and/or ELK3. 

Notably, ELK1 ablation was sufficient to potently suppress the expression of PARP3 and BRIP1 

(Figure 3-6J), whereas XRCC5 expression was inhibited by the loss of both ELK1 and 3 (Figure 

3-6K). The less dramatic effect on XRCC5 expression, as compared to PARP3 and BRIP1, may

be due to the presence of several ETS family binding sites in its promoter (Figure 3-6I). 

Nevertheless, these observations demonstrate that ELK1 critically regulates the expression of 

these important HR and NHEJ proteins.   
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More importantly however, we found that RNAi-mediated suppression of ELK genes 

cooperates with either MAPK or HDAC inhibitors to kill these melanomas (Figure 3-6L), 

consistent with the observation that ELK regulates both types of genes (e.g. HR and NHEJ) 

(Figure 3-6l). The effects of ELK suppression were more pronounced when combined with 

MAPK inhibitors, versus HDAC inhibitors, as might be expected, since it is likely that other 

MAPK pathway targets are important in BRAF-mutant melanomas. Growth arrest triggered by 

ELK1 overexpression precluded rescue experiments. However the observation that 1) ELK 

activity and expression is potently suppressed in drug treated cells, 2) BRIP1, PARP3, XRCC5 

(and many other DNA repair genes) are direct ELK1 targets, 3) ELK suppression substantially 

inhibits the expression of these genes in melanomas and 4) ELK ablation can partially 

recapitulate the effects of both drugs, all support the conclusion that ELK critically regulates this 

DNA repair network in response to HDAC/MAPK inhibitors. Other ETS family members may 

play a cooperative role in this process as well. Taken together, these findings provide a 

mechanistic basis for understanding the cooperativity of MAPK and HDAC inhibitors on DNA 

repair pathways and cell death.    

DISCUSSION 

Using multiple animal models of BRAF-mutant melanoma we have shown that the Class 

I HDAC inhibitor, entinostat, dramatically enhances the efficacy of BRAF/MEK inhibitors, both in 

tumors that are sensitive and relatively resistant to these agents. In addition we have uncovered 

a strategy for treating NRAS- and NF1-mutant tumors, for which there are currently no approved 

targeted therapies. Finally, we have elucidated the mechanism by which these agents function 

and have discovered that a clinically available biomarker can be used to select patients that are 

most likely to benefit from MAPK/HDAC inhibitor combinations. Together these findings provide 

a promising and readily translatable strategy for improving treatments for these RAS/RAF 

pathway-driven melanomas.  
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Interestingly, in the course of this work we also discovered a population of melanomas 

that exhibit unconventional defects in DNA repair. Mutations in BRCA1 or BRCA2 represent 

examples of classical cancer-associated DNA repair defects, and confer sensitivity to agents 

that stall replication forks, such as PARP inhibitors (Farmer et al. 2005; Lord and Ashworth 

2012). However, additional alterations have been proposed to phenocopy these mutations, 

resulting in a state sometimes referred to as ‘BRCAness’ (discussed in (Lord and Ashworth 

2016)).  Examples of this include mutations in other HR genes, hypermethylation of BRCA 

genes, amplification of genes that disrupt HR, and mutations in the transcriptional regulator 

CDK12. Here we observe a related, but more complex paradigm. “Sensitive” melanomas exhibit 

measureable defects in HR genes due to the transcriptional suppression of a broad group of 

DNA repair genes (Peng, 2014). Nevertheless, these defects are not potent enough to reach a 

functional threshold that confers sensitivity to PARP inhibitors alone. Intriguingly, BRAF/MEK 

pathway inhibitors unmask these defects, by further reducing the expression of several 

HR/BRCA pathway genes, thereby triggering a BRCA-like state (Lord and Ashworth 2016). 

Accordingly, these studies reveal a new type of ‘priming’ defect in melanomas. Moreover, they 

demonstrate that in this setting BRAF/MEK inhibitors can broadly suppress the expression of 

DNA repair genes, most notably in the HR/BRCA pathways, thereby creating a new therapeutic 

vulnerability. 

Importantly, we show that combined suppression of BRAF/MEK and HDAC3 capitalizes 

on this vulnerability. While BRAF/MEK pathway inhibitors suppress one set of DNA repair 

genes, most notably HR pathway genes, the addition of entinostat induces a potent suppression 

of a broader set of genes including essential NHEJ genes. It should be noted that these effects 

are not due to an additive effect of MAPK and HDAC inhibition, but rather these agents 

cooperate by potently suppressing a broad transcriptional network of DNA repair genes. We 

have shown that key nodes of this network are regulated by ELK1, which is cooperatively 
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suppressed by combined MAPK/HDAC suppression, via effects on phosphorylation and 

expression. Notably, ELK1 has been shown to directly bind and regulate 20% of the DNA repair 

genes that are suppressed by these agents, suggesting a broader role for ELK1 in maintaining 

this network. Other ETS family members may also contribute to this response.  

It is well established that the NHEJ pathway can compensate for defects in HR. As such, 

synthetic lethal interactions between HR genes and NHEJ genes have been observed (Hemann 

2014; Lord and Ashworth 2016). Here we have discovered a chemical synthetic lethality 

between BRAF/MEK inhibitors and Class I HDAC inhibitors, which when combined coordinately 

suppress these pathways. Importantly, we have experimentally demonstrated that suppression 

of both HR and NHEJ pathways are required for cell death.  

While the molecular basis for the priming defect in melanomas is not known, it could be 

related to an epigenetic event or state, or alternatively caused by specific defects in 

transcriptional regulatory proteins. Fortunately however, this defect consistently segregates with 

MGMT expression, which has already proven to be a tractable clinical biomarker in other 

settings (Hegi et al. 2005; Weller et al. 2009). In this respect it is interesting to note that there 

are two clusters of DNA repair genes that show inverse expression patterns; a broad set of 

genes that are suppressed in MGMT+ tumors, and a smaller set of genes, several of which are 

also involved in directly repairing base modifications, that are high in MGMT+ tumors (and vice 

versa). This observation further supports the notion that these gene clusters are co-regulated in 

melanomas. Regardless, the identification of this potent therapeutic combination, coupled with 

the elucidation of its mechanism of action and a tractable predictive biomarker of efficacy, will 

enable new mechanism-based combination trials that have the potential to improve treatments 

for these three major melanoma subtypes.  
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METHODS 

Cell lines and reagents 

All cell lines were purchased from ATCC, except for MALME3M (obtained from Levi 

Garraway, Dana-Farber Cancer Institute), Meljuso (obtained from William Hahn, Dana-Farber 

Cancer Institute), SUM149PT (obtained from Frank McCormick, University of California, San 

Francisco), Yugasp and Yudoso (obtained from Yale Dermatology Center) and WM3670 and 

WM3629 (obtained from Rockland Immunochemicals). No further authentication of these cell 

lines was performed. All of the cell lines were determined to be negative for mycoplasma using 

the MycoAlert Mycoplasma Detection Kit (Lonza, LT07-318). Cells were used for experiments 

within 15 to 20 passages from thawing. Antibodies were obtained from the following sources: 

Cell Signaling Technologies: p-ERK (4370), ERK (9102), GAPDH (2118), BRIP1 (4578), 

XRCC5 (2753), H3K56-Ac (4243), HDAC1 (5356), HDAC2 (5113), HDAC3 (3949), HDAC6 

(7612), RAD51 (8875), p-ELK1 (9181), HA (3724), cleaved PARP (9541); Sigma Aldrich: Actin 

(A2066); EMD Millipore: H3K9-Ac (06-942), BRCA2 (OP95), p-H2AX (05-636); Santa Cruz 

Biotechnology: XRCC4 (365055), XRCC6 (17789), PARP3 (390771), EME1 (53275); Bethyl 

Laboratories: RBBP8 (A300-488A-M); Novus Biologicals: PNKP (NBP1-87257); BD 

Pharmingen: MGMT (557045); Abcam: ELK1 (32106), LIG4 (26039). Trametinib, dabrafenib 

and olaparib were purchased from LC labs. Vorinostat, mocetinostat, nexturastat and entinostat 

were purchased from Selleck Chemicals. 5-azacytidine, NAC, Vitamin C and BSO were 

purchased from Sigma-Aldrich. Carboxy-H2DCFDA was purchased from Life Technologies 

(#C400). 

RNAi 

Non-targeting, HDAC1, HDAC2, HDAC3, HDAC6, XRCC4, XRCC5, XRCC6, PARP3, 

PNKP, BRCA2, MGMT, ELK1 and ELK3 siRNA pools were purchased from GE 

Healthcare/Dharmacon (D-001810-10, L-003493-00, L-003495-02, L-003496-00, L-003499-00, 
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L-004494-00, L-010491-00, L-005084-00, L-009297-00, L-006783-00, L-003462-00, L-008856-

01, L-003885-00, L-010320-00, respectively). SiRNAs were transfected into cells using 

RNAiMax lipofectamine from Invitrogen. Cells were transfected approximately 24 hours before 

starting proliferation experiments. Control, HDAC1, HDAC2, HDAC3, and HDAC6 shRNAs were 

purchased from Sigma-Aldrich (SHC016, SHCLNG-NM_004964, SHCLNG-

NM_008229, SHCLNG-NM_010411 and SHCLNG-NM_006044, respectively). 

Expression constructs 

cDNA clones were obtained from Sino Biologicals (MGMT) and the PlasmID Repository 

at Harvard Medical School (LIG4 and RAD51), sequence verified and subsequently cloned into 

the pHAGE-FLAG-HA mammalian lentiviral expression vector. 

Cell growth assays 

For the initial MAPK/HDACi screen and the dose-response matrix assay, cells were 

plated in 96-well plates. 5 replicates were done for each condition. At 24 hours, one plate of 

cells was frozen (-80ºC) representing the time 0 plate. At this time compounds were added to 

the remaining plates. After 72 hours each of the plates was frozen. After freezing, the plates 

(day 0 and 3) were thawed simultaneously and cells were quantified using CellTiter-Glo 

(Promega) as per manufacturer’s instructions. SynergyFinder (Ianevski et al. 2017) was used to 

analyze drug combination dose-response matrix data. To determine the combination effects in 

excess of Loewe additivity, a Synergy Score was calculated to characterize the strength of 

synergistic interaction. For all other proliferation experiments, cells were seeded in triplicate into 

6-well plates. Approximately 24 hours after plating, day 0 counts were taken using a 

hemocytometer. For inhibitor experiments, drug treatments were started at this time. Final cell 

counts were taken 72 hours after day 0 to determine changes in cell number versus day 0. For 
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western blots to determine drug efficacy or efficient knockdown, lysates were collected 48 hours 

following the addition of inhibitors. 

Live cell imaging 

The live cell imager IncuCyte ZOOM (Essen Biosciences, Ann Arbor, MI, USA) was 

used for multiplexed measurements of cell proliferation alongside cell death in a single well. 

The mKate2 red fluorescent protein (Essen Biosciences) was transfected into the Hs695T 

melanoma cell line and selected for RFP-infected cells using puromycin. Successful insertion 

of the nuclear-restricted RFP was confirmed via direct visualization of transfected cells on the 

IncuCyte ZOOM fluorescent microscope. For proliferation experiments, stably transfected 

cells were plated in 96-well plates and allowed to settle overnight at 37ºC. The green 

Incucyte Cytotox or Caspase-3/7 Apoptosis reagents were then added to the tissue culture 

growth media to assess real-time quantification of cell death. Red and green fluorescent 

objects were monitored in the Incucyte ZOOM acquiring images every 2 hours (for 72 hours) 

following treatment with vehicle or drugs and then quantified with the IncuCyte integrated 

analysis software. Relative cell death was defined as the ratio between cells with overlapping 

red and green cells (dead cells) and cells with red nuclei only (live cells).  

Animal Studies and Treatments 

Animal procedures were approved by the Center for Animal and Comparative Medicine 

in Harvard Medical School in accordance with the NIH Guide for the Care and Use of 

Laboratory Animals and the Animal Welfare Act. For cancer cell xenograft experiments 

immunodeficient Nu/Nu (A375 and Hs695T) or NSG (YUDOSO) mice were inoculated 

subcutaneously with 3×106 human BRAF- or NRAS-mutant melanoma cells. For allograft 

experiments, immunocompetent C56/Bl6 mice were inoculated subcutaneously with 1.5×105 

murine Braf/Nf1-mutant melanoma cells or 4×105 murine Braf/Pten-mutant melanoma cells. 
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Tumor volumes were calculated by measuring length and width of the lesions and with the 

formula [(length) x (width)2 x 0.52]. When tumors reached approximately 200-300mm3, mice 

were randomly divided into different treatment groups that were administered either the MEK 

inhibitor trametinib (0.6mg/kg QD, oral gavage (OG)), the BRAF inhibitor dabrafenib (30mg/kg 

QD, OG), the HDAC inhibitor entinostat (1mg/kg QW, intraperitoneal injection (IP)), the PARP 

inhibitor olaparib (10mg/kg, QD IP) or their combinations as indicated. To track changes in 

tumor volume, tumor size was measured at day 0 and subsequently every 3-5 days by Vernier 

calipers. Unpaired 2-tailed t-tests with unequal variance were used to compare data sets where 

indicated and p-values are shown. 

MGMT methylation assay 

MGMT methylation analysis was performed using the OneStep qMethyl kit (Zymo 

Research, D5310). Briefly, DNA from 7 different melanoma cell lines was digested with 

methylation sensitive restriction enzymes in the test reaction while DNA in the reference 

reaction was not. Following digestion, DNA from both samples was amplified using real-time 

PCR in the presence of fluorescent dye and quantified. Investigator was blinded to group 

allocation and when assessing outcome. MGMT primer sequences used: Forward: 5’-

GCGCTCTCTTGCTTTTCTCA-3’, Reverse: 5’-CTGCAGGACCACTCGAGG-3’. 

RAD51 foci assay 

Melanoma cells transfected with control (siLuc) or siRNA pools against BRCA2 were 

irradiated with 10Gy. Cells were fixed 5 hours later and analyzed by immunofluorescence for 

RAD51 foci and gamma H2AX. 

DCFDA staining 

Cells were treated as indicated and then stained with H2DCFDA at 10µM and analyzed 

by flow cytometry. 
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Cell cycle phase separation 

Live cells were separated in different phase of the cell cycle for subsequent gene 

expression analysis. Cells treated with vehicle or drugs were incubated with 10µg/ml 

Hoechst33342 for 1 hour at 37ºC in the dark. After trypsinization, cells were resuspended at a 

concentration of 10x106 cells per ml for sorting. Cells were sorted based on the amount of DNA 

by defining two regions for sorting: one for G1 and the other for G2/M. The separated cells were 

collected in RNAse free conditions and further processed for RNA extraction. 

Microarray and gene set enrichment analysis 

RNA was isolated from Hs695T, SKMEL2 and A2058 cells 24 hours after treatment with 

indicated drugs. Prior to RNA extraction ERCC spike-in control mix was added to Trizol and 

RNA isolation was performed following the manufacturer’s protocol. RNA clean-up was 

performed using the Qiagen RNeasy kit (74201). The Molecular Biology Core Facility at Dana-

Farber Cancer Institute hybridized RNA to the Affymetrix Human 2.0 ST array chip. Analyses 

used BRB-ArrayTools developed by R. Simon and the BRB-ArrayTools development team. 

Thresholds were set at p=0.001. Microarray data can be accessed from the Gene Expression 

Omnibus (GEO) database (accession number: GSE125565). Gene set enrichment analysis 

(GSEA) and ssGSEA was performed using the Broad Institute interface 

(http://software.broadinstitute.org/gsea/index.jsp). The signature of Homologous 

Recombination-associated genes (PENG_HRD_SIGNATURE) was developed from genome-

wide transcriptome profiling of Homologous Recombination DNA Repair (Peng, 2014) and 

added to the KEGG signature file from MSIGDB for subsequent analysis 

(http://software.broadinstitute.org/gsea/msigdb/genesets.jsp?collection=CP:KEGG). Tumor 

sample transcriptional profiles were obtained from the TCGA SKCM provisional dataset 

(http://firebrowse.org/?cohort=SKCM) and stratified based on median-centered z-scores of 

MGMT mRNA expression. The top 10% of MGMT expressors comprised the “MGMT+” cohort, 

http://software.broadinstitute.org/gsea/index.jsp
http://software.broadinstitute.org/gsea/msigdb/genesets.jsp?collection=CP:KEGG
http://firebrowse.org/?cohort=SKCM
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whereas the bottom 10% of MGMT expressors comprised the “MGMT-” cohort used in GSEA 

analyses. Melanoma cell line transcriptional profiles were obtained from CCLE 

(https://portals.broadinstitute.org/ccle/home) and stratified based on gene-centric RMA-

normalized MGMT mRNA expression. The top 10% of MGMT expressors comprised the 

“MGMT+” cohort, whereas the bottom 10% of MGMT expressors comprised the “MGMT-” cohort 

used in GSEA analyses. Experimental ChIP data were obtained from the ChIP-X database 

(http://amp.pharm.mssm.edu/Harmonizome/). 

Statistical analysis for in vitro experiments 

For quantitative measurements, graphs represent mean values +/- standard deviation. 

Where indicated the data is presented as log2 fold (left axis) and percent change (right axis) 

over initial measurements. Unpaired 2-tailed t-tests with unequal variance were used to 

compare data sets where indicated and p-values are shown. Data were graphed and analyzed 

using GraphPad Prism v.6. 

Statement of replication 

All proliferation studies in Figures 1, 3, 4, 5 and Supplementary Figures 1 and 3 were 

performed  3 times. Synergy studies were performed in 5 cell lines at different times with 

qualitatively similar findings. The large preclinical animal studies were performed one time, 

however qualitatively similar results were obtained in 5 different animal models and responses 

mimicked effects observed numerous times in vitro. The gamma H2AX experiment (Figure 3-

4D) is shown in 3 cell lines and has been repeated in a separate set of cell lines. The microarray 

experiment was performed once (3 technical replicates) in 3 different cell lines and key targets 

were confirmed by qPCR and western blot (n>3) as shown throughout Figures 3-5 and 3-6. 
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ABSTRACT 

Diverse pathways drive resistance to BRAF/MEK inhibitors in BRAF-mutant melanoma, 

suggesting that durable control of resistance will be a challenge. By combining statistical 

modeling of genomic data from matched pre-treatment and post-relapse patient tumors with 

functional interrogation of over 20 in vitro and in vivo resistance models, we discovered that 

major pathways of resistance converge to activate the transcription factor, c-MYC (MYC). MYC 

expression and pathway gene signatures were suppressed following drug treatment, then 

rebounded during progression. Critically, MYC activation was necessary and sufficient for 

resistance, and suppression of MYC activity using genetic approaches or BET bromodomain 

inhibition was sufficient to resensitize cells and delay BRAFi resistance. Finally, MYC-driven, 

BRAFi-resistant cells are hypersensitive to the inhibition of MYC synthetic lethal partners, 

including SRC family and c-KIT tyrosine kinases as well as glucose, glutamine, and serine 

metabolic pathways. These insights enable the design of combination therapies that select 

against resistance evolution. 

INTRODUCTION 

Recently, the treatment of metastatic BRAF mutant melanoma has been revolutionized 

by two major new therapeutic modalities: targeted therapies (e.g., BRAF and MEK inhibitors, 

BRAFi/MEKi) and immune checkpoint blockade (e.g., PD-1/PD-L1 and CTLA-4 inhibitors) 

(Wargo, Cooper, and Flaherty 2014). Therapy with BRAFi/MEKi yields high objective response 

rates, but diverse mechanisms of acquired resistance limit therapeutic duration (Alcala and 

Flaherty 2012; Robert, Karaszewska, et al. 2015; Solit and Rosen 2014; Wargo, Cooper, and 

Flaherty 2014). In contrast, checkpoint inhibitors yield lower response rates, but are often 

durable (Wargo, Cooper, and Flaherty 2014; Larkin et al. 2015). Ongoing clinical trials are 

investigating combinations of BRAFi/MEKi with checkpoint inhibitors, hoping to improve their 

durations and rates of response, respectively. However, emerging evidence suggests that 
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mechanisms driving resistance to BRAFi/MEKi may also drive cross-resistance to checkpoint 

blockade through the suppression of tumor immune surveillance, underscored by observations 

that patients who fail first-line treatment with BRAFi/MEKi appear to respond poorly to 

subsequent checkpoint blockade (Ackerman et al. 2014; Frederick et al. 2013; Peng et al. 2016; 

Wargo, Cooper, and Flaherty 2014)(Puzanov et al., 2015, Pigment Cell Melanoma Res., 

abstract; Ramanujam et al., 2015, Pigment Cell Melanoma Res., abstract; Simeone et al., 

2015, Pigment Cell Melanoma Res., abstract). These findings suggest that innovative and 

robust strategies for preventing resistance to BRAFi/MEKi may not only increase the durability 

of responses to first-line therapy but also improve the activity of emerging checkpoint blockade 

and combination strategies. 

Extensive studies have identified diverse mechanisms of resistance to BRAFi/MEKi 

in BRAF-mutant melanomas, including those that function by modulating the initial adaptive 

tumor response (intrinsic resistance) and those selected for over time (acquired resistance). 

Many resistance mechanisms, including activating mutations in NRAS, MEK, and ERK, 

NF1 loss, and amplification or alternative splicing of mutant BRAF, result in reactivation of the 

ERK pathway in the presence of BRAFi/MEKi (Alcala and Flaherty 2012; Corcoran et al. 2010; 

Hugo et al. 2015; Maertens et al. 2013; Nazarian et al. 2010; Poulikakos et al. 2011; Rizos et al. 

2014; Shi, Hong, et al. 2014; Shi et al. 2012; Van Allen et al. 2014; Solit and Rosen 2014; 

Whittaker et al. 2013). Additionally, bypass mechanisms, including activation of the 

phosphoinositide-3-kinase (PI3K) pathway through mutations or altered expression of IGF-1R, 

PIK3CA, PTEN, and AKT, as well as through microenvironmental changes, can drive resistance 

(Alcala and Flaherty 2012; Fedorenko and Smalley 2015; Hugo et al. 2015; Paraiso et al. 2011; 

Rizos et al. 2014; Shi, Hong, et al. 2014; Shi, Hugo, et al. 2014; Solit and Rosen 2014; 

Villanueva et al. 2010). Similarly, bypass signaling through the Notch1 pathway via altered 

expression of Notch1 and other pathway members drives resistance in a third, distinct subset of 
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patients (Martz et al. 2014). Importantly, these three pathways—ERK, PI3K and Notch1—have 

been shown to drive resistance to both single agent and combined BRAFi/MEKi, and together 

they appear to account for ~75% of acquired resistance cases while also playing important roles 

in intrinsic resistance (Hugo et al. 2015; Martz et al. 2014; Moriceau et al. 2015; Wagle et al. 

2014). Finally, a “long tail” of alternative, rare resistance mutations and non-genomic 

(transcriptional) alterations, including those affecting the WNT/LEF1 and Hippo/YAP pathways, 

are likely to play roles in resistance, although the fractions of tumors affected have yet to be 

defined. In sum, the presence of multiple distinct pathways of resistance, sometimes within the 

same patient or even the same tumor (Shi, Hugo, et al. 2014), suggests that the therapeutic 

inhibition of individual resistance pathways is likely to have only limited clinical value, and that 

robust therapies may require simultaneous inhibition of multiple resistance pathways (Robert, 

Karaszewska, et al. 2015; Solit and Rosen 2014). Unfortunately, such higher order combination 

therapies are expected to frequently produce unacceptable toxicities in patients, necessitating 

the development of conceptually new approaches to circumvent resistance. 

One such approach is based on the hypothesis that the seemingly distinct pathways 

driving resistance to BRAFi/MEKi may actually converge on one or more “common effectors”: 

downstream signaling targets that are required for the development and maintenance of 

resistance. This hypothesis is consistent with the notion of oncogene addiction (Settleman 

2012), which asserts that cancers develop dependencies on signaling downstream of driver 

oncogenes, implying that resistance may require the reactivation of these key downstream 

target(s). In melanoma, the ‘common effector’ hypothesis is also consistent with the observation 

that BRAFi/MEKi-resistant tumors driven by diverse upstream signaling alterations exhibit highly 

recurrent transcriptional programs (Hugo et al. 2015). Finally, this hypothesis is supported by 

recent data from our group and others demonstrating that distinct mechanisms of resistance to 

receptor tyrosine kinase inhibitors in lung and colorectal cancers converge on a single 



116 

downstream signaling axis, the targeting of which can forestall resistance (Hrustanovic et al. 

2015; Misale et al. 2015; Tricker et al. 2015). 

In this study, we integrate genomic and biochemical data from two cohorts 

of BRAF mutant melanoma patients with acquired resistance to BRAF/MEK pathway blockade, 

alongside diverse cellular and animal models of BRAFi resistance, to identify the transcription 

factor MYC as a convergent downstream effector of multiple major resistance pathways that is 

both necessary and sufficient for resistance. By leveraging this insight alongside the concept of 

synthetic lethality, we define combination therapies that, by selectively targeting the MYC-

activated, BRAFi/MEKi-resistant state, have the unique property of selecting against resistance 

evolution and thereby represent promising strategies to durably control resistance. 

RESULTS 

MYC is commonly reactivated in patients with acquired resistance to BRAF inhibitors 

To search a potential convergent effector of resistance, we began by reasoning that 

such an effector should follow two rules: (1) it should be regulated downstream of the driver 

oncogene and (2) it should rebound to at least pre-treatment expression or activation states at 

resistance. To identify genes that obey (1), we used a nonlinear classification model that allows 

for the inference of differential gene expression by estimating effect sizes (Crawford et al. 2018) 

to identify a set of genes, termed the BRAF response signature, that are most transcriptionally 

altered by BRAFi/MEKi treatment in cell lines and human tumors from recent published studies 

(local false sign rate (LFSR) < 0.01; see Supplemental C text for details) (Nazarian et al. 2010; 

Stephens 2017; Pratilas et al. 2009; Rizos et al. 2014). Gene Set Enrichment Analysis (GSEA) 

of these 68 genes revealed numerous enriched signatures associated with the canonical RAS-

RAF-MEK-ERK cascade (Supplemental Table C-1). Next, we winnowed the signature to genes 

that return to their pre-treatment states during relapse in a panel of 29 human melanoma tumors 
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sampled before and after the development of resistance (Rizos et al. 2014). We used Bayes 

Factors (BF; see Appendix C Text for details) as a metric describing a gene’s return toward its 

pre-treatment state. The BF is a Bayesian alternative to classical likelihood ratio testing. Here, a 

large BF indicates signature genes useful for classifying a relapsed sample, whereas a log10BF 

less than or equal to zero indicates a gene that does not discriminate between treated and 

resistant tumors. We considered all signature genes with log10BF greater than zero to be 

potential convergent effectors of resistance. Thirty-three genes were associated with positive 

log10BF values (Figure 4-1A and Supplemental Table C-1). We observed that MYC returned the 

highest log10BF value. Correspondingly, GSEA of the 33-gene panel revealed numerous MYC-

related, enriched gene sets (Supplemental Table C-1). By comparing the change in MYC mRNA 

levels in matched pre-treatment and post-relapse tumors with the expected change in the same 

following BRAFi treatment, we calculated the probability of MYC rebound in each resistant 

tumor (see Supplemental C Text for details). Strikingly, this analysis revealed ≥90% probability 

of MYC rebound in 23 of 29 resistant tumors, and ≥50% probability of MYC rebound in all 29 

tumors despite the fact that resistance in these tumors was putatively driven by a range of 

mechanisms including activation of the ERK, PI3K, and Notch1 pathways (Figure 4-

1B and Supplemental Table C-2) (Martz et al. 2014; Rizos et al. 2014). At the protein level, 

immunohistochemical analysis of formalin-fixed tumor samples from an independent cohort 

of BRAF mutant melanoma patients showed a similar pattern of MYC suppression on treatment 

followed by reactivation upon progression (Figure 4-1C–D). 

To assess the functional role of MYC activation in BRAFi-resistance, we used step-wise 

selection in several BRAF mutant melanoma cell lines to establish a panel of clonal derivatives 

with acquired resistance to BRAF pathway blockade. Functionally, these lines exhibited an array  
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 Figure 4-1: MYC is a potential convergent effector of diverse resistance pathways in BRAF mutant 
melanoma tumors that have progressed on treatment with BRAF/MEK inhibitors. (A) Bayes Factor 
(BF) values for BRAF response signature genes. (B) Probability of MYC rebound to pretreatment or 
greater expression levels in each of 29 patient tumors with acquired resistance to vemurafenib. (C) 
Matched patient samples pre-treatment (PRE), on treatment (ON) with RAF and/or MEK inhibitor, or after 
progression on treatment (POST). Nuclear MYC staining scored 0: none to 3: maximum (left panel) and 
percent nuclei staining positive for MYC (right panel). (D) Representative images from the data shown in 
C) at 40X magnification. (E) MYC mRNA transcript levels in cell lines with evolved resistance. Data are
means of 3 experiments in clonal cell lines normalized to β-actin transcript levels and parental MYC
levels. Parental cells were treated with 1μM PLX4720 or DMSO for 72 hrs. (F) MYC protein levels shown
by immunoblotting. Parental lines (P) were treated with DMSO or 1 μM PLX4720 for 24 hrs and resistant
lines (annotated as R(A), PI3K-AKT-mTOR-driven resistance; R(N), Notch1-driven resistance; R(M), ERK
reactivation-driven resistance; R(O), other/unknown resistance mechanism; R(Mi), evolved resistance to
MEK inhibitor, AZD6244; R(Ei), evolved resistance to ERK inhibitor, VX-11E) were treated with 3 μM
PLX4720. Quantification of MYC protein normalized to total protein is shown in the bottom panel and total
protein staining is shown in Figure S1C. *P < 0.05. See also Supplemental Figure C-1 and Supplemental
Table C-1.
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of resistance mechanisms including ERK re-activation and bypass of ERK signaling through 

PI3K or Notch1 pathway activation. Additionally, the resistance mechanism of one resistant cell 

line could not be determined (Supplemental Figure C-1A) (Martz et al. 2014). Like their human 

tumor counterparts, MYC mRNA and protein levels in these models were decreased following 

initial BRAFi treatment, then rebounded to pre-treatment or greater levels on resistance despite 

the continued presence of BRAFi (Figures 4-1E–F and Supplemental Figure C-1B–C). 

Together, these data suggest that MYC may play an important role in the development of 

resistance. 

MYC expression is necessary and sufficient for resistance in diverse models 

To determine whether MYC activation is functionally driving resistance or simply a 

marker of the proliferative state, we first ectopically expressed a degradation-

resistant MYCT58A mutant in sensitive (treatment naïve) cells, revealing that MYC expression 

alone is sufficient to confer resistance to BRAFi, MEKi, ERKi, and BRAFi+MEKi (Figure 4-

2A and Supplemental Figure C-2A). Next, to determine whether MYC activation is necessary for 

resistance, we partially suppressed MYC expression with two independent shRNAs in a panel of 

resistant cell lines (Supplemental Figure C-2B). In each case, MYC knockdown sensitized cells 

to BRAFi at growth inhibition-50% (GI50) values near or below those of parental, sensitive cells 

(Figure 4-2B). By comparison, MYC knockdown had modest effects on BRAFi sensitivity in 

parental cells (Supplemental Figure C-2C). Also, MYC levels in parental and resistant lines were 

uncoupled from doubling time (Supplemental Figure C-2D), consistent with the observation that 

resistant cells, which have higher MYC levels that their parental counterparts, also tend to grow 

more slowly. To explore whether resistant cells could be sensitized to BRAFi/MEKi using 

pharmacological methods, we used JQ1, a small molecule BET bromodomain inhibitor that 

suppresses MYC expression alongside other targets (Supplemental Figure C-2E) (Delmore et 

al. 2011). JQ1 treatment phenocopied genetic MYC suppression (Figure 4- 
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Figure 4-2: MYC activation is necessary and sufficient for resistance to BRAF/MEK pathway 
inhibitors in diverse BRAF-mutant melanoma cell lines. 

(A) Fold change in GI50 values for cells expressing MYCT58A and treated with either PLX4720,
AZD6244, VX-11E, or the combination of PLX4720 and AZD6244 at a 1:1 dose ratio as compared to cells
expressing an empty vector control (pBABE-puro). (B) Fold change in GI50 values for PLX4720 between
cell lines expressing shGFP compared to each of two independent shRNAs targeting MYC. P values
denote significance between the response of shGFP and each shMYC expressing cell line. Parental lines
are shaded blue, resistant lines, red/yellow. (C) Clonogenic growth assay of A375 line derivatives treated
with DMSO, 100 nM, 300 nM or 1 μM PLX4720 +/− 300 nM JQ1. (D) WM793 cells expressing ectopic
MYC or luciferase control were treated with DMSO or 100nM JQ1 and their PLX4720 GI50 value was
determined. JQ1+PLX4720 treated cells are normalized to the viability of cells treated with JQ1 alone to
account for nonspecific toxicity. P values denote significance between DMSO and JQ1 treatment in each
cell line. (E) Clonogenic growth of SK-MEL-5 cells with resistance to VX-11E (VX) in DMSO or 100 nM
JQ1. JQ1+VX-11E treated cells are normalized to the viability of cells treated with JQ1 alone to account
for nonspecific toxicity. P values denote significance between DMSO and JQ1 treatment. (F) JQ1 GI50
values for the indicated PLX-resistant lines compared to matched parental controls. Significance is
between the parental cell line and each matched resistant derivative. Data are means (SD) from 3
experiments. *P < 0.05; **P < 0.01; ***P < 0.005; ****P < 0.001. See also Supplemental Figure C-2.
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2C and Supplemental Figure C-2E–G). As JQ1 blocks the endogenous transcription of multiple 

genes, we tested its MYC-specific effects using a virally-expressed MYC construct lacking its 

native promoter (Zuber et al., Nature, 2011). We found that while JQ1 could sensitize control, 

luciferase expressing cells to BRAFi, it lost this ability upon ectopic expression of MYC, 

indicating that JQ1’s effects are largely due to on-target inhibition of MYC expression (Figure 4-

2D). Additionally, JQ1 could re-sensitize cell lines with evolved resistance to the ERKi VX-11E 

(Figure 4-2E). Finally, consistent with a shift away from BRAF-dependence and toward MYC-

dependence, we found that evolved resistant lines were always more sensitive to JQ1 

monotherapy than their parental counterparts, and that the sensitivity of parental cell lines to 

JQ1 was inversely related to their basal sensitivity to BRAFi (Figure 4-2F). Together, these data 

demonstrate that MYC activation is both necessary and sufficient for resistance to ERK pathway 

inhibition in diverse models and suggest that BRAF mutant melanoma cell lines exist along a 

continuum between BRAF- and MYC-driven states. 

MYC functions downstream of common resistance pathways 

Although the finding that MYC knockdown could reverse resistance in evolved cell lines 

exhibiting diverse resistance mechanisms suggests that MYC functions as a convergent 

downstream effector of resistance, we sought to further investigate this in a controlled genetic 

system. We stably expressed lentiviral cDNAs constitutively activating the ERK, PI3K, and 

Notch1 resistance pathways in a treatment-naïve, BRAFi-sensitive cell line, UACC-62. 

Activation of the ERK pathway (through expression of activated KRASG12V, activated 

HRASG12V, or activated MEK1(S218D/S222D) (MEK1 DD)), the PI3K pathway (through 

expression of activated, myristoylated AKT1), and the Notch1 pathway (through expression of 

the Notch1 intracellular domain (ICD)) each increased MYC protein levels relative to cells 

expressing a negative control construct (luciferase) or activators of pathways that fail to confer 

resistance (the Janus kinase-Signal Transducer and Activator of Transcription (JAK-STAT) 
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pathway (JAK2V617F) and Hedgehog pathway (truncated Gli2)) (Figures 4-3A and 

Supplemental Figure C-3A–B) 

We next investigated the mechanisms by which each resistance pathway was causing 

increased MYC expression. It has previously been demonstrated that the ERK and PI3K 

pathways can increase MYC levels by enhancing protein stability through phosphorylation 

(Wang et al. 2011). Consistent with these findings, expression of MEK1 DD and myrAKT1 

increased MYC protein levels, but not MYC mRNA levels, relative to luciferase expressing cells 

(Figure 4-3A–C and Supplemental Figure C-3B). Further, MEK1 DD and myrAKT1 expression 

increased MYC stability in a cycloheximide chase assay (Figure 4-3C and Supplemental Figure 

C-3C). Separately, Notch1 is known to activate MYC through transcriptional upregulation

(Palomero et al. 2006; Konieczkowski et al. 2014; Martz et al. 2014; Wood et al. 2012), 

consistent with our findings that cells expressing the Notch1 intracellular domain exhibit 

increased MYC mRNA levels without evidence of increased MYC protein stability (Figure 4-3A–

C and Supplemental Figure C-3B–C). Resistance caused by ERK pathway reactivation can be 

reversed with MEKi and/or ERKi treatment. Consistent with this, we found that both ERK 

pathway activating constructs and evolved cell line models with ERK pathway reactivation lost 

MYC expression upon treatment with MEKi+ERKi, while AKT-driven resistance models retained 

partial MYC expression (Supplemental Figure C-3D). Resistance driven by each of these 

upstream pathways was MYC-dependent, as both shRNA-mediated MYC knockdown and 

treatment with JQ1 were sufficient to fully reverse resistance (Figures 4-3D–E and 

Supplemental Figure C-3E). Finally, cells with forced activation of resistance pathways 

displayed increased sensitivity to JQ1 relative to controls (Figure 4-3F). Collectively, these 

findings demonstrate that major pathways of resistance function through convergent, 

downstream MYC activation and suggest that resistant cells, which have shifted their 
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dependencies from BRAF to MYC, may be selectively sensitive to therapeutic strategies that 

disrupt MYC function. 

BRAF mutant cell lines with intrinsic resistance to BRAFi rapidly upregulate MYC upon 

treatment 

Previously, we and others have described BRAF mutant melanoma cell lines that, like a minority 

of patients, exhibit intrinsic resistance to BRAFi/MEKi (Konieczkowski et al. 2014; Martz et al. 

2014; Wood et al. 2012). Given our finding that evolved resistant cell lines have increased MYC 

expression relative to their parental counterparts, we expected that intrinsically resistant lines 

would have similarly elevated MYC levels. Surprisingly, however, we found no clear correlation 

between MYC expression level and intrinsic resistance status (Figure 4-4A–C and 

Supplemental Figure C-4A–B). However, in contrast to sensitive cells, which tend to lose MYC 

expression following short-term treatment with PLX4720 (24h), intrinsically resistant cell lines 

increase MYC expression following the same treatment (Figure 4-4A–C). Accordingly, sensitivity 

to JQ1 could be potentiated in intrinsically resistant cell lines, but not in sensitive cell lines, 

following a brief, 4-day pre-treatment with PLX4720 (Figure 4-4D). To further investigate MYC 

dynamics, we chronically cultured both a sensitive cell line, A375, and an intrinsically resistant 

line, WM793, in 1 μM PLX4720, measuring JQ1 and PLX4720 GI50 values over time. A375 

gradually developed resistance over the course of 60 days while concurrently developing 

increased sensitivity to JQ1 (Figure 4-4E), changes that correlated with MYC expression over 

time and are consistent with the hypothesis of selection for MYC-driven clones (Figures 4-4F 

and Supplemental Figure C-4C). In contrast, the intrinsically resistant cell line exhibited rapid 

decreases in JQ1 GI50 values that were already apparent at the first measurable time point (3d) 

and remained stable thereafter, while modestly increasing in PLX4720 resistance (Figure 4-4G). 

Changes in drug sensitivity were mirrored by a rapid upregulation of MYC expression over 24 

hours of PLX4720 exposure, which then remained constant for the remaining duration of the 
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experiment (Figures 4-4H and Supplemental Figure C-4D). Additionally, MYC expression 

remained stably elevated following removal of PLX4720 (Figure S4E). MYC knockdown could 

reverse resistance to BRAFi in the intrinsically resistant cell lines (Figure 4-4I), a result that 

could be phenocopied with JQ1 (Supplemental Figure C-4F). Finally, we recently reported that 

these intrinsically resistant cell lines could be re-sensitized to ERKi using combinations of 

inhibitors directed against the upstream PI3K and Notch1 pathways, with minor contributions 

from the estrogen receptor alpha (ERα) pathway (Figure 4-4J) (Martz et al., 2014). Consistent 

with the hypothesis that MYC is a convergent downstream effector of these resistance 

pathways, MYC overexpression fully rescued the sensitizing effects caused by upstream 

inhibition of these pathways (Figure 4-4K). Together, these findings demonstrate that intrinsic 

resistance, like evolved resistance, is driven by MYC activation, that a key distinguishing feature 

of intrinsically resistant lines is their ability to rapidly upregulate MYC expression in response to 

BRAFi, and that dynamic MYC upregulation in these cells results in corresponding changes in 

sensitivity to pharmacological MYC suppression with JQ1. 

. 



128 

Figure 4-4: Melanoma cell lines with intrinsic resistance to BRAFi derive resistance by rapidly 
upregulating MYC following drug treatment. (A) The indicated cell lines were incubated with DMSO or 
1 μM PLX4720 for 24 hrs, then immunoblotted for MYC. Total protein staining is shown in Figure S4A. (B) 
As in A). Total protein staining is shown in Figure S4B. (C) Quantification of immunoblots shown in A) and 
B) showing MYC protein levels normalized to total protein. (D) JQ1 GI50 values for the indicated lines
following pre-incubation with either DMSO or 1 μM PLX4720 for four days. P values indicate significance
between DMSO and PLX4720 pre-treatment. (E) GI50 values in A375 cells for either PLX4720 (solid line)
or JQ1 (dashed line), measured at intervals during continuous culture in 1 μM PLX4720. (F) MYC levels
in A375 at several time points while in culture with 1 μM PLX4720. Quantification shown in Figure S4C.
(G) As in E), for the intrinsically resistant line, WM793. (H) As in F) for WM793. Quantification shown in
Figure S4D. (I) Sensitization of the indicated lines to PLX4720 by expression of two shRNAs targeting
MYC. Differences between shGFP and shMYC are denoted by P values. (J) Signaling pathways
controlling intrinsic resistance to BRAFi/MEKi in intrinsically resistant cell lines and their convergence on
downstream MYC activation. As indicated, previous findings demonstrate that inhibition of the PI3K-AKT-
mTOR and NOTCH1 pathways can sensitize these lines to ERK pathway inhibition. (K) Sensitivity of
indicated lines to the ERKi VX-11E following expression of luc or MYC and treatment DMSO or a
combination of inhibitors (200 nM BEZ235 (PI3K/mTOR inhibitor) for the PI3K-AKT-mTOR pathway and
shNotch1 for the Notch1 pathway for Hs 294T cells; 200 nM BEZ235, shNotch1, and 1 μM fulvestrant for
Lox IMVI, A2058 and WM793 cells). Viabilities of cells treated with pathway inhibitors plus VX-11E are
normalized to the viability of the same cells treated with pathway inhibitors alone to account for
nonspecific toxicity. All data are means (SD) from 3 experiments. *P < 0.05; **P < 0.01; ***P < 0.005;
****P < 0.001; #, the upper bound of the assay was reached. See also Supplemental Figure C-4
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Combined BRAFi and MYC suppression delays the emergence of resistance in vitro and 

in vivo 

The finding that multiple pathways converge to drive resistance through MYC suggests 

that pairing BRAFi/MEKi with MYC suppression may delay the emergence of resistance. To test 

this hypothesis, we stably expressed shRNAs against either MYC or a negative control (GFP) in 

A375 cells, then cultured the cells in 3μM PLX4720 with weekly counting until acquired 

resistance was observed, as indicated by the recovery of exponential growth. As in Figure 4-

4E–F, cells expressing shGFP began proliferating in PLX4720 after three weeks, at which time 

they also began expressing MYC (Figures 4-5A and Supplemental Figure C-5A). In contrast, the 

growth of cells expressing shMYC in PLX4720 was delayed until week 6 of culture, despite the 

fact that these cells proliferated normally in the absence of drug (Figures 4-5A and 

Supplemental Figure C-5A). Given the possibility that clones with incomplete MYC knockdown 

could have been selected to drive resistance, we measured MYC expression over the 

experimental time course. Indeed, cells expressing shMYC began to exhibit high MYC 

expression around week 6, in concordance with their acquisition of exponential grow in 

PLX4720 (Figures 4-5A). To determine if these results could be extended to pharmacologic 

inhibition of MYC expression, we serially passaged A375 cells in PLX4720, JQ1, or the 

combination. Cells treated with JQ1 alone quickly regained nearly normal proliferation rates, 

while cells treated with the combination began proliferating at 7–9 weeks, not recovering a 

population size equal to that of initial seeding until 12 weeks (Figures 4-5B and Supplemental 
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Figure 4-5: MYC suppression delays the emergence of resistance to BRAF inhibition in 
vitro and in vivo. (A) Lines indicate cell numbers calculated from weekly measured growth of 
A375 cells expressing shGFP or shMYC and cultured in 3μM PLX4720 (left axis). Bars indicate 
quantification of MYC levels in extracts made at the indicated times normalized to β-actin levels 
(right axis). (B) Cell numbers calculated from growth rates of A375 cells cultured in 3 μM 
PLX4720, 100 nM JQ1, or the combination. (C) Immunoblot of MYC in cell lines generated in B), 
D) and F). (D) Cell numbers calculated from growth rates of A375-PLX+JQ1 dual resistant cells
cultured in 3 μM PLX4720 or 100 nM JQ1 and 3 μM PLX4720. (E) GI50 values of cell lines
generated in B) and D) treated with PLX4720 or JQ1. Quantification of MYC protein normalized
to total protein and total protein staining is shown in Figure S5C. (F) Cell numbers calculated
from growth rates of A375-PLX resistant cells cultured in 3 μM PLX4720 and 1 μM AZD6244
(MEKi), 100 nM JQ1, or the combination. (G) Growth of A375 xenograft tumors treated with
vehicle, JQ1 (45 mg/kg/d), dabrafenib (Dab, 30 mg/kg/d) plus trametinib (Tram, 0.6 mg/kg/d), or
the combination over time. Data shown are mean tumor volume +/− SEM, with n=6–8 mice per
group. P values were calculated using the one-sided Mann-Whitney test, *p<0.05. (H) Waterfall
plot showing tumor sizes in the indicated groups from panel G) on day 45 of treatment. For B)
and F), dashed line indicates initial seeding number. All data are means (SD) from 3
experiments. *P < 0.05; **P < 0.01; ***P < 0.005; ****P < 0.001. See also Supplemental Figure
C-5.
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Figure C-5B). Further, as in the case of shRNA-mediated MYC suppression, cells that emerged 

with resistance to BRAFi + JQ1 escaped JQ1-mediated MYC suppression (Figure 4-5C and 

Supplemental C-5C). To investigate cells in the PLX4720+JQ1 dual resistant state (‘dual cells’), 

we treated the dual cells with DMSO, PLX4720 or the combination of PLX4720 and JQ1, while 

measuring the cells’ GI50 values to PLX4720 and JQ1 (Figures 4-5D–E). Once both drugs were 

removed, the population gradually shifted back to a BRAFi-sensitive, JQ1-resistant state 

(Figures 4-5E). By contrast, if JQ1 was reintroduced after a two-week holiday, cells could be 

resensitized to the combination, with no outgrowth of resistant clones over 12 weeks (Figure 4-

5D). MYC protein expression was observed in the PLX4720-resistant populations and in the 

dual resistant cells, suggesting that the dual resistance arises through failure of JQ1 to durably 

inhibit MYC expression (Figure 4-5C and Supplemental Figure C-5C). PLX4720-resistant cells 

acquired resistance to the addition of a MEK inhibitor very quickly, although these cells’ 

increased dependency on MYC led to eradication of cells when JQ1 was included in the 

combination (Figure 4-5F). Further, unlike parental cells, PLX4720-resistant cells were highly 

sensitive to JQ1 alone (Figure 4-5F). Both BRAFi- and BRAFi+MEKi-resistant cells exhibited 

high-level MYC expression, while those treated only with JQ1 lost both their BRAFi resistance 

and MYC expression (Figure 4-5C). These results demonstrate that MYC suppression is a 

viable strategy to delay resistance to BRAFi, and further, are consistent with the hypothesis that 

resistance evolution requires MYC activation. Although we were able to generate cells resistant 

to dual BRAF+MYC inhibition, this state was 1) highly unstable, 2) caused by failure of JQ1 to 

inhibit MYC expression, and 3) reversible with a short JQ1 drug holiday. 

In order to investigate the relationship between MYC and resistance in vivo, we 

established xenografts from A375 cells in immunocompromised mice. After formation of a 

palpable tumor, mice were treated with either diluent control, the BRAFi/MEKi combination 

dabrafenib (BRAFi, 30 mg/kg/d) and trametinib (MEKi, 0.6 mg/kg/d), JQ1 (45 mg/kg/d), or the 
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combination of dabrafenib, trametinib and JQ1. While tumors were able to grow similarly to 

control in the presence of JQ1, their growth was inhibited by the combination of dabrafenib and 

trametinib, and substantial tumor regressions were observed when JQ1 was added to this 

combination (Figure 4-5G–H). Furthermore, while tumors treated with the dabrafenib/trametinib 

combination began increasing in size after approximately 20 days of treatment, the addition of 

JQ1 led to sustained tumor regression throughout the experimental time course (Figure 5G). To 

assess the ability of JQ1 to sensitize a BRAFi-resistant model to BRAFi+MEKi, we established 

xenografts using a cell line with intrinsic resistance to BRAFi, Hs695T. We observed substantial 

decreases in tumor size when JQ1 was added to the combination of dabrafenib and trametinib 

(Supplemental Figure C-5D). 

MYC activation creates targetable vulnerabilities in resistant cells 

The fact that BRAFi resistant cells exhibit increased MYC dependency suggests that 

synthetic lethal drugging strategies that target the MYC activated state may be selectively toxic 

to resistant cells. Numerous potential MYC synthetic lethal partners have been identified, but 

their applicability to melanomas is unclear given the tissue-specific nature of MYC-driven 

expression programs (Cermelli et al. 2014; Dang 2012). Therefore, to target MYC-driven 

resistance, we leveraged both unbiased and candidate-based methods. First, we screened a 

library of ~1700 bioactive compounds, including diverse targeted inhibitors, natural products, 

and chemotherapeutics, to identify those differentially lethal to PLX4720-resistant A375 cells 

relative to parental cells (Supplemental Table C-3). As expected, compounds targeting the ERK 

pathway were highly selective for sensitive cells (Figure 4-6A, p < 10−12 by one-sided 

Kolmogorov-Smirnov (K-S) test). Conversely, resistant cells exhibited increased sensitivity to 

many compounds, including annotated inhibitors of SRC family kinases (p = 2 × 10−3), c-KIT (p 

= 3 × 10−4), the Hedgehog pathway (p = 0.03), and Aurora kinases (p = 9 × 10−6), the latter of 

which have been previously implicated as MYC synthetic lethal partners (Dang 2012; den 
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Hollander et al. 2010; Yang, Liu, et al. 2010) (Figure 4-6A and Supplemental Figure C-6A–D). 

Another interesting compound identified in the screen was Tigecycline, whose selectivity could 

be extended to several BRAFi-resistant models (Supplemental Figure C-6E). In parallel, we 

examined candidate MYC synthetic lethal partners previously identified in other cancer types 

using a panel of matched parental and BRAFi-resistant cells (Chipumuro et al. 2014; Goga et al. 

2007; Martins et al. 2015; Toledo et al. 2011; Truman et al. 2012; Yang, Liu, et al. 2010). Of 

these candidates, the multi-targeted tyrosine kinase inhibitor, dasatinib, was selectively lethal in 

6 out of 6 MYC-dependent, PLX4720-resistant clones relative to matched parental cells (Figures 

4-6B and Supplemental Figure C-6F). Given that dasatinib inhibits SRC family and other

kinases with nanomolar efficiency (Steinberg 2007), we examined this compound in greater 

detail. The combination of dasatinib and PLX4720 yielded an increase in apoptosis and 

synergistic growth inhibition in PLX4720-resistant cells (Figures 4-6C and Supplemental Figure 

C-6G). Further, by simultaneously targeting both sensitive and resistant cells using PLX4720

and dasatinib, respectively, it was possible to block the emergence of resistance in long-term 

culture (Figures 4-6D and Supplemental Figure C-6H). Dasatinib is estimated to have over 50 

targets with an IC50 of 1 μM or less. In order to begin to elucidate the contributions of these 

targets to MYC synthetic lethality, we examined gene expression data for dasatinib targets 

(“das-genes”) in A375 parental cells, PLX4720-resistant A375 cells, and resistant A375 cells 

expressing a MYC-targeted shRNA. Twenty-eight of 71 das-genes were upregulated in resistant 

cells in a MYC-dependent fashion (Supplemental Table C-4 and Figure 4-6E). Among the 

agents in the screen of 1,700 small molecules, those targeting das-genes upregulated in MYC-

active cells were enriched for selectivity against resistant cells (p = 2 × 10−6), while compounds 

that inhibit non-upregulated das-genes showed no selectivity (p = 1.0) (Figure 4-6F). Together, 

these results: (1) identify families of compounds that selectively target MYC-activated, BRAFi-

resistant melanoma cells, (2) identify dasatinib as a high priority polypharmacology-based 

strategy to target resistant cells, and (3) suggest that the protein products of das-genes with 
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Figure 6. The BRAF/MEK Inhibitor-Resistant, MYC-Activated State Is Associated with 
Targetable Vulnerabilities. Average differential viability between parental A375 and PLX4720-
resistant A375 cells treated at 2 and 10 mM with each of a 1,753-member compound library. 
Compounds targeting SRC family members, c-KIT, and ERK pathway members are indicated. 
(A) Fold change in dasatinib GI50 values in the indicated PLX-resistant lines relative to matched
parental lines. The p values indicate significance between parental and resistant derivatives. (B)
Fold change compared with DMSO treatment in the annexin V+ cell population fraction in
parental or resistant A375 cells treated with 1 mM PLX4720, 100 nM dasatinib, or the
combination for 3 days. The p values indicate significance between each treatment and
PLX4720 treatment alone. (C) Numbers of A375 cells over time during continuous culture in 3
mM PLX4720, 1 mM dasatinib, or the combination. Dashed line indicates initial seeding number.
(D) Change in expression of dasatinib targets as measured by RNA sequencing (RNA-seq) in
A375 parental cells, PLX4720-resistant A375 cells, and resistant cells expressing shMYC. The
approximate IC50 of dasatinib for each target is shown. (E) Average differential viability
between parental A375 and PLX4720-resistant A375 cells treated at 2 mM and 10 mM with
each of a 1,753-member compound library. Compounds targeting dasatinib-target genes with
differential expression in MYC-active versus non-MYC-active cells are indicated. (F) Change in
expression of canonical MYC targets as measured by RNA-seqin A375 parental cells,
PLX4720-resistant A375 cells, andresistantcells expressing shMYC. All data are mean (SD)
from three experiments. *p < 0.05, **p < 0.01, ***p < 0.005, and ****p < 0.001. See also Figure
S6 and Tables S3, S4, and S5.
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increased expression in MYC-activated cells, including LYN, ERBB2, and PDGFRB, warrant 

individual examination as potentially specific targets. Finally, to nominate additional candidate 

targets, we defined expression changes in genes that have been identified as canonical, direct 

MYC targets by combined ChIP-seq and gene expression analysis (Zeller et al. 2003). We 

examined the set of genes whose promotor is bound by MYC and whose expression is changed 

following MYC activation to identify those with changed expression in sensitive versus resistant 

cell lines. Parental and resistant-shMYC samples clustered together (Figure 4-6G), and the 

genes with increased or decreased expression in resistant cells relative to parental and 

resistant-shMYC cells are listed in Figure S6I. Expression changes for all MYC target genes are 

listed in Table S5, including those like the dasatinib target ERBB2 that are upregulated in a 

MYC-dependent fashion in resistant cells and may represent high-priority candidate therapeutic 

targets. 

MYC activation in resistant cells creates targetable metabolic dependencies 

A wide body of work has linked MYC activation, oncogenic progression, and cellular 

metabolic re-wiring (Stine et al. 2015). Further, our statistical analysis outlined in Figure 1 

implicated several metabolic pathways as altered on progression (Supplemental Table C-1). To 

examine if MYC activation drives metabolic changes as cells develop BRAFi resistance, we 

performed integrated gene expression profiling, alongside metabolomics, in PLX4720-sensitive 

A375 cells expressing GFP-targeted shRNA (‘parental cells’), parental A375 cells expressing 

MYCT58A (‘MYCT58A cells’), PLX4720-resistant A375-shGFP (‘resistant cells’) and PLX4720-

resistant A375-shMYC (‘shMYC cells’) (see Materials and Methods). Consistent with the 

concept that MYC drives global gene expression changes, unbiased hierarchical clustering of 

expression data showed that shMYC cells clustered more closely with parental cells than 

resistant, MYC activated cells (Supplemental Figure C-7A). Analysis of steady state metabolite 

levels using pathway enrichment revealed a diverse set of metabolic pathways altered in a 
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MYC-dependent fashion in resistant cells relative to parental cells, as evidenced by the fact that 

reciprocal changes between the resistant and shMYC cells were observed (Figure 4-7A). Of 

note were alterations in glycolysis, serine, and glutamine metabolism, each of which has been 

implicated in MYC-driven oncogenesis (Jin, Alesi, and Kang 2016; Pavlova and Thompson 

2016; Stine et al. 2015). Glycolysis-related gene sets were enriched in BRAFi/MEKi-resistant 

cell lines and human patient tumors (Figure 4-7B), and we observed modest MYC-dependent 

(as well as MYC-independent) changes in the expression of key early glycolytic enzymes (e.g., 

hexokinase 2 (HK2)) and in the steady-state levels of glycolytic intermediates, in particular, 

lactate (Figures 4-7B and Supplemental Figure C-7B–D). Consistent with increases in lactate 

production, observed in a wide panel of parental and resistant derivative cell lines (Figure 4-7B, 

right panel), there was little change in the incorporation of 13C from glucose into citrate and 

other TCA cycle intermediates, indicating that the resistant cells are increasing aerobic 

glycolysis, similar to the switch away from anaerobic glycolysis observed during oncogenesis 

(Supplementary Figure C-7D). For serine synthesis, which occurs through oxidation of the 

glycolytic intermediate 3-phospho-D-glycerate (3PG), we observed enrichment of serine-

synthesis related gene sets in resistant cell lines and human tumors, increased MYC-dependent 

expression of enzymes involved in the metabolism of serine into glycine to fuel one carbon 

metabolism in resistant cells, and corresponding MYC-dependent increases in 13C 

incorporation from glucose into serine, glycine and the purine precursor, IMP, in resistant cells 

(Figure 4-7C) (Locasale 2013). Lastly, glutaminolysis has been shown to be provide important 

biosynthetic precursors in cancer cells that are primarily performing aerobic glycolysis (Filipp et 

al. 2012). We observed increases in glutamine pathway gene sets in resistant cell lines and 

tumors, increased MYC-dependent expression of key enzymes in glutaminolysis and the TCA 

cycle, and increased MYC-dependent incorporation of 13C into glutamate, aspartate, 

duhydroorotate, UTP and TCA cycle intermediates in cells grown in 13C-glutamine (13C-gln) 

media (but not in 13C-glucose media), indicative of preferential use of glutamine to supply  
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Figure 4-7: MYC activation in BRAFi resistant cells induces changes in the activities and 
dependencies associated with targetable metabolic pathways. (A) Top scoring metabolic pathways 
(Metaboanalyst) enriched in either resistant A375-shGFP (R) relative to parental A375-shGFP (P) cells or 
enriched in R relative to resistant A375-shMYC (shM) cells. Pathways are ranked by impact score in the 
former comparison. (B) GSEA analysis (left) of differential gene expression in patient tumors and cell 
lines, in each case comparing resistant samples to their sensitive counterparts. Fold change (middle) in 
lactate levels in resistant and shMYC cells relative to parental. Fold change (right) in extracellular lactate 
in a panel of PLX-sensitive (blue) and PLX-resistant (red) cell lines normalized to cell number. (C) GSEA 
analysis as in B) (left). Fold change in mRNA transcript levels for the indicated serine metabolism genes 
in P, R and shM cells (middle). 13C-glucose incorporation in the indicated metabolites in P, R and shM 
cells cultured after 24 hours in 13C-glucose (13C-Glc) (right). (D) GSEA as in B) (upper left). Fold change 
in mRNA transcript levels for the indicated glutaminolysis pathways in P, R and shM cells (upper right). 
Relative abundance of 13C-glutamine (13C-Gln) for glutamate, aspartate and all TCA cycle intermediates 
(except citrate/isocitrate and dihydroorotate, m+4, and UTP, m+3) in P, R and shM cells cultured for 24 
hours in 13C-Gln (lower left and right, respectively). (E) GI50 values in multiple cell line models treated 
with the glycolysis inhibitor, 2-deoxy-D-glucose. (F) GI50 values of lines treated with 5-FU. (G) GI50 
values of lines treated BPTES. Data in E), F) and G) are means of 3 experiments. P values denote 
significance between parental and each of the resistant groups measured by ordinary one-way ANOVA. 
PLX4720-sensitive cell lines are in blue and resistant cell lines are in red. (H) Projected numbers of A375 
cells over time during continuous culture in 3 μM PLX4720, 5 mM 2-DG, 10 μM BPTES, the double 
combinations, or the triple combination. (I) A375 cell numbers during continuous culture in 3 μM PLX4720 
in either normal DMEM containing 4.5 g/L glucose and 2mM glutamine, DMEM containing 0.45 g/L 
glucose and 2 mM glutamine, DMEM containing 4.5 g/L glucose and 200 μM glutamine, or DMEM 
containing 0.45 g/L glucose and 200 μM glutamine. In H) and I), a dashed line indicates initial seeding 
number. (J) Fold change compared to DMSO in the annexin V+ cell population fraction in parental (P) or 
resistant (R(A)) A375 cells treated with 1 μM PLX4720, 1 mM 2-DG, 10 μM BPTES or the combinations 
for 3 days. P values are shown comparing each treatment to PLX4720 treatment. (K) Summary of 
metabolic changes found between P, R and shM cell lines. Red arrows indicate metabolic flux increased 
in resistant cells and returned to parental levels upon MYC knock down. NADPH: Nicotinamide adenine 
dinucleotide phosphate GSH: glutathione ATP: Adenosine triphosphate NADH: Nicotinamide adenine 
dinucleotide G6P: glucose-6-phosphate 3PG: 3-phospho-glycerate 3P pyruvate: 3-phospho-pyruvate 3P 
ser: 3-phospho-serine Ser: serine Gly: glycine Gln: glutamine Glu: glutamate α-KG: α-ketoglutarate. 
Relationships are derived from a combination of gene expression, metabolite levels and glucose and 
glutamine 13C isotope tracing data. All data except E), F) and G) are means (SD) from 3 experiments. *P 
< 0.05; **P < 0.01; ***P < 0.005; ****P < 0.001. See also Supplemental Figure C-7. 
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biosynthetic building blocks, particularly those for fatty acid synthesis and pyrimidine synthesis 

(Figures 4-7D and Supplemental Figure C-7D). Importantly, the increased activities of the 

glycolysis, serine, and glutamine pathways created new, MYC-dependent vulnerabilities, as 

diverse models of resistance were hypersensitive to the glycolysis inhibitor 2-deoxy-D-glucose 

(2-DG), the thymidylate synthase (TS) inhibitor fluorouracil (5-FU), the serine 

hydroxymethyltransferase (SHMT) inhibitor methotrexate, and the glutaminase inhibitor BPTES 

relative to sensitive cell lines (Figures 7E–G and S7E). We hypothesized that inhibition of these 

pathways may select against the development of resistance to BRAFi. For these experiments, 

we utilized BPTES and 2-DG, the latter of which was chosen for its potential to suppress both 

the glycolysis and serine pathways. While alone, 2-DG and BPTES treatment could delay 

resistance to PLX4720 by 1–2 weeks, their combination completely forestalled resistance 

(Figures 4-7H and Supplemental Figure C-7F). This finding, which could be phenocopied using 

media containing glucose and/or glutamine at 10% of their standard concentrations (Figure 4-7I 

and Supplemental Figure C-7G). At these concentrations, 2-DG, BPTES, and low 

glucose/glutamine media only modestly affected cell growth (Supplemental Figure C-7F–H). 

(Similarly delayed resistance was observed in cells treated with PLX4720 and low dose 

methotrexate (10nM) (Supplemental Figure C-7I).) Finally, the combination of 2DG and 

PLX4720 or BPTES and PLX4720 led to synergistic growth inhibition and apoptosis in 

PLX4720-resistant cells (Figures 4-7J and Supplemental Figure C-7J). MYC-dependent 

metabolic changes described here, and their associated targetable vulnerabilities, are 

summarized in Figure 4-7K. 

DISCUSSION 

The importance of MYC in tumorigenesis has long been appreciated, dating to its initial 

discovery through the investigation of oncogenic retroviruses (Sheiness, Fanshier, and Bishop 

1978). One of the most commonly deregulated oncogenes, MYC’s activity is tightly linked to 
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major oncogenic signaling pathways. For example, the ERK and PI3K pathways are believed to 

regulate MYC protein levels through direct modulation of protein stability, while MYC activation 

downstream of Notch1 occurs via transcriptional activation (Dang 2012; Palomero et al. 2006; 

Sears 2004). MYC activation is linked to therapeutic resistance, for example in breast cancer 

cells treated with PI3K pathway inhibitors and in c-Met-addicted cancers treated with c-Met 

inhibitors (Ilic et al. 2011; Muellner et al. 2011; Shen et al. 2015). In melanoma, our finding that 

MYC is a nexus of convergent resistance is consistent with a recent report that used network 

modeling to nominate MYC as a synergistic target with BRAF, then verified this finding by 

demonstrating synergy between JQ1 and vemurafenib treatment in a cell line (Korkut et al. 

2015). Our findings are also interesting in light of a report suggesting that the eukaryotic 

initiation factor 4F (eIF4F) complex may act as a point of convergence between the ERK and 

PI3K resistance pathways in melanoma, as MYC and eIF4F interact in a well-characterized 

synthetic lethal feedforward loop to support tumorigenesis (Boussemart et al. 2014; Lin et al. 

2008; Lin et al. 2012). The molecular mechanisms by which MYC is regulated by the major 

pathways of resistance in melanoma are therefore important areas for future study. 

The finding that MYC is a convergent downstream effector of resistance in melanoma 

reconciles disparate observations from the literature. First, it provides a mechanistic explanation 

for the observation that diverse resistance pathways can lead to a phenotypically convergent 

state and clarifies why certain oncogenic pathways can drive resistance while others seemingly 

cannot (Hugo et al. 2015; Martz et al. 2014; Rizos et al. 2014). Second, the fact that MYC is 

regulated both transcriptionally and post-translationally, and its activation downstream of major 

resistance pathways does not require alteration of its genomic locus, provides an explanation 

for why it was not uncovered in previous, in-depth genomic investigations of therapeutic 

resistance (Hugo et al., 2015; Moriceau et al., 2015; Rizos et al., 2014; Shi et al., 2014b; Van 

Allen et al., 2014; Wagle et al., 2014). Third, the concept of MYC-driven convergent resistance 
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provides a rationale for the recent observations that cells with NRAS-driven resistance exhibit 

increased glutamine dependence and synergy between BRAF and glycolysis inhibition (Baenke 

et al. 2016; Hernandez-Davies et al. 2015; Parmenter et al. 2014). Finally, this work 

demonstrates that cells with intrinsic versus acquired resistance – which are driven by similar 

pathways (Martz et al., 2014) – are distinguished by their differential abilities to mobilize MYC 

following BRAF inhibition. 

The data here reveal that as melanomas become resistant to BRAFi/MEKi, they become 

more dependent on MYC, suggesting that combination therapies that simultaneously target both 

states may have the unique property of selecting against resistance. The observation that 

combined BRAF/MEK/BET bromodomain inhibition exerts a more potent and durable effect in 

tumor models in vivo further supports this idea. Although BRD4/BET bromodomain targeting is 

one promising approach to block MYC activity, we also demonstrated that the MYC-dependent 

state in resistant melanomas can be targeted by exploiting other co-dependencies. However, it 

is clear that additional MYC synthetic lethal partners are likely to exist and may include 

regulators of transcription, nucleotide biosynthesis, the SUMOylation machinery, and the 

spliceosome, among other targets (Cunningham et al. 2014; Hsu et al. 2015; Kessler et al. 

2012; Wang, Zhang, et al. 2015). Systematic studies to define and credential these MYC-

dependent synthetic lethal partners in the specific context of BRAFi/MEKi-resistant melanoma 

are therefore warranted. Finally, it is tempting to speculate that other oncogene-driven cancers, 

including BRAF-driven non-melanoma tumors, may also exhibit convergent resistance to 

targeted therapy, and as such, this concept may provide a generalizable framework for 

designing robust therapies that select against resistance evolution. 

METHODS 

Statistical modeling of genomic data 
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See Extended Experimental Methods in Appendix C for details. 

Cell lines 

Malme-3M, WM793, WM1745, SK-MEL-28, Lox IMVI, Hs294T, A2058 and RPMI-7951 

cell lines were obtained from L. Garraway (Harvard University, Dana-Farber Cancer Institute). 

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

submitted to STR profiling by the Duke University DNA Analysis Facility to confirm their 

authenticity. See Extended Experimental Methods in Appendix C for culture conditions. 

Chemicals 

2-Deoxy-D-glucose (2-DG) and BPTES were purchased from Sigma-Aldrich. JQ1 and

dasatinib were purchased from Apexbio Technology (Houston, TX). BS-181 was purchased 

from MedChem Express (Monmouth Junction, NJ). All other inhibitors were purchased from 

Selleck Chemicals (Houston, TX). For stock preparations, see Extended Experimental Methods 

in Appendix C. 

GI50 and sensitization assays 

In order to measure the GI50 values of specific inhibitors and quantify the effect of 

resistance pathway inhibition on the sensitivity of cell lines to ERK pathway inhibition, small 

molecule sensitization assays were performed as previously described (Martz et al., 2014). For 

details, see Extended Experimental Methods in Appendix C. 

Combinatorial index value calculation 

In order to assess synergy, the GI50 value of each inhibitor in the indicated cell lines 

was determined. 5,000 cells were plated per well in 96-well cell culture plates. Twenty-four 
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hours later, the cells were treated with a 2-fold dilution series ranging from 4(GI50) to ¼(GI50) 

singly and in combination at a fixed ration of GI50 of inhibitor1: GI50 of inhibitor2. After 36 hours 

of treatment, cell viability relative to control was assessed and CI values were calculated 

according to the Chou and Talalay method (Chou and Talalay 1984), using CompuSyn software 

(ComboSyn, Inc., Paramus, NJ). 

Immunoblotting 

To measure protein levels, aliquots of cell extracts prepared in lysis buffer (see 

Extended Experimental Methods in Appendix C) were submitted to SDS-PAGE. After 

electrophoretic transfer to PDMF, filters were blocked in 5% BSA and probed overnight at 4°C 

with primary antibodies (see Extended Experimental Methods in Appendix C). After washing in 

TBS-T, filters were incubated for 1 hour at room temperature with alkaline phosphatase-coupled 

goat anti-rabbit antibodies (Santa Cruz) and developed with Western Lightning Plus (Perkin 

Elmer, Inc., Waltham, MA). 

Immunohistochemistry Staining 

Melanoma patient samples (paraffin embedded slices) were obtained from Harvard 

(Dennie Frederick) and were then sent to the Duke Pathology Research Immunohistology Lab 

for c-MYC (Abcam 32072) staining. Samples were then sent to a pathologist (Shannon McCall) 

to be scored for nuclear c-MYC. Scoring was performed blinded to the staging of the samples. 

Lentivirus preparation and DNA constructs 

All expression clones were prepared in lentiviral form as previously described (Martz et 

al., 2014). See Extended Experimental Methods in Appendix C. 

In vitro adaption of inhibitor resistant cells 
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PLX4720 or VX-11E-resistant cell lines were produced by 1 of 2 methods as previously 

described (Martz et al., 2014). See Extended Experimental Methods in Appendix C. 

Clonogenic growth assay 

To measure the ability of cell lines to form colonies from a single cell, clonogenic growth 

assays were performed as previously described (Singleton et al. 2015). Briefly, 100 cells were 

seeded per well in 12-well plates. After 24 hours, the indicated treatments were added and the 

assay was incubated for 14 days with the addition of fresh media and inhibitors after 7 days. 

Cells were fixed and stained with 0.5% (w/v) crystal violet in 6.0% (v/v) glutaraldehyde (Thermo 

Fisher Scientific, Waltham, MA). 

Time to progression assay 

To evaluate the relative ability of treatments to delay the reemergence of logarithmic cell 

growth in vitro (i.e. resistance), cells were plated in triplicate in 15 cm plates at 3,000,000 cells 

per plate in normal growth media. After 24 hours, the growth media was replaced with the 

indicated treatment. Seven days later, the cells were lifted with 0.25% trypsin (Life 

Technologies) and counted using a Z2 Coulter Particle Count and Size Analyzer (Beckman 

Coulter, Pasadena, CA). All cells up to 3,000,000 were centrifuged at 1200 RPM for 5 minutes 

and resuspended in 1 mL of media and then plated in a 15 cm plate with fresh treatment. This 

procedure was repeated weekly for 8–20 weeks, depending on the kinetics of resistance. 

Weekly growth rates (μ) were calculated from the number of cells plated the previous week (N0) 

and the number counted the current week (N) according to the formula: 

lnN = lnN0 + μ.t 
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where t = elapsed time or 168 hours. These growth rates were then used to project total cell 

number as if no cells had been discarded. 

Annexin V apoptosis assay 

The induction of apoptosis was quantified as described previously (Martz et al., 2014). 

See Extended Experimental Methods in Appendix C. 

Xenograft model 

Animal procedures were approved by the Center for Animal and Comparative Medicine 

in Harvard Medical School in accordance with the NIH Guild for Care and Use of Laboratory 

Animals and the Animal Welfare Act. Nude mice were inoculated subcutaneously with 3 × 106 

human melanoma A375 or Hs695T cells in 200 μL PBS. Tumor volumes were measure twice a 

week and calculated with the formula [(length) × (width)2 × 0.52]. Once tumor volume reached 

~300 mm3, mice were randomly divided into treatment groups and treated daily with BET 

inhibitor, JQ1 [45 mg/kg/day, intraperitoneal (i.p.) injection]; MEK inhibitor, GSK1120212 [0.6 

mg/kg/day, oral gavage (o.g.)] and BRAF inhibitor, GSK2118436 (30mg/kg/day, o.g.); or a 

combination of JQ1, GSK1120212, and GSK2118436. Mice were treated daily for up to 45 days. 

RNA extraction and quantitative real-time PCR 

The total RNA of cells was isolated with QIAshredder Homogenizers and the RNEasy 

Mini kit (Qiagen) according to the manufacture’s instruction after a 72-hr treatment with DMSO 

or 1μM PLX4720. cDNA was then synthesized from 1μg RNA using iScript cDNA Synthesis kit 

(BioRad). Quantitative real-time PCR was conducted with iQ SYBR Green Supermix and a 

CFX384 Touch Real-Time PCR Detection System (BioRad). For PCR primers and conditions, 

see Extended Experimental Methods in Appendix C. 
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Gene expression analysis 

RNA was isolated from whole cells with QIAshredder Homogenizers and the RNEasy 

Mini kit (Qiagen). RNA integrity was confirmed with an Agilent 2100 Bioanalyzer (Agilent 

Technologies, Inc., Santa Clara, CA). RNA [20ng/μL] was submitted to the Duke University 

Sequencing and Genomic Technologies Core Facility. For sequencing conditions and data 

processing details, see Extended Experimental Methods in Appendix C. 

Patient tumor samples 

Serial tumor and blood samples were collected from male and female adult patients with 

Stage IV BRAF mutant melanoma under an IRB approved protocol at the Massachusetts 

General Hospital (DFHCC 11-181; PI: Boland). Patients were treated with combined BRAF + 

MEK inhibition. All patients provided written consent for both tissue acquisition and analysis, 

including all analyses performed in this study. 

Metabolomics analysis 

Cells were seeded in 6-well plates at an initial seeding density such that 1×106 cells 

would be harvested after 48 hours in culture. After 24-hrs growth, cells were rinsed with PBS 

and RPMI-1640 (Life Technologies), RPMI-1640 with 1g/L D-glucose 13C6 (Cambridge Isotope 

Laboratories, Inc., Tewksbury, MA) or RPMI-1640 with 300mg/L L-glutamine 13C5 (Sigma-

Aldridge) was added in triplicate. After 24 hours, cells were harvested in 80% methanol. Cell 

extracts were pelleted and dried by speed vacuum. Metabolomics study was performed on 

liquid chromatography-high resolution mass spectrometer (LC-HRMS) Q Exactive plus (Liu, Ser, 

and Locasale 2014). The peak area was used to present relative abundance and to calculate 

the isotopologue distribution. The natural abundance correction was done based on previously 

published method (Yuan, Bennett, and Rabinowitz 2008). 
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Chemical Screen 

A375 cells or a PLX4720-resistant A375 derivative were plated into a 384 well-plate 

(Corning 3707) at 200 cells/well using an automated liquid dispenser (BioTek EL406). The next 

day, 50 nL of bioactive compounds in DMSO were added to the assay plate via pin transfer to 

give a final compound concentration of 10 and 2 μM, respectively. Three days after compound 

treatment, cell viability was measured with CellTiter-Glo (Promega). Luminescence values were 

obtained using a multimode plate reader, and percent viability was calculated by comparison to 

DMSO-treated cells. 

Statistics 

All results are shown as means±SD. Unless noted otherwise, P values were determined 

using unpaired, two-tailed Student’s t tests. Unless otherwise noted, n=3 independent, biological 

replicates. 
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SUMMARY 

The goal of my thesis work has been to identify novel combination therapies for patients 

with Ras pathway-driven cutaneous melanomas. Despite recent advances in therapies for these 

patients, the current standard of care is often not curative, and thus there is an unmet clinical 

need for more effective therapies.  

In Chapter 2, I identified combined USP7 and Ras/ERK pathway inhibition as a novel 

targeted treatment regimen for NRAS- and BRAF-mutant melanomas. Importantly, this 

therapeutic combination has the potential to be translated to patients, as USP7 inhibitors are 

currently in development at several biotech companies. Through transcriptional and epigenetic 

analyses, we show that the mechanism of action is through the deregulation of USP7-EPOP-

ELOB/C complexes, which regulate H2B ubiquitination. Moreover, loss of either USP7 or EPOP 

triggers an increase in RNA and protein expression of CABLES1, a tumor suppressing protein 

that stabilizes p53 family proteins. Interestingly, GSEA analysis of our RNA sequencing data 

revealed that p63 and p53 transcriptional targets increase in response to USP7 and MEK 

inhibitors, even in TP53-mutant cell lines. P63 and p73 have both been shown to 

transcriptionally regulate p53 targets, and therefore, we hypothesize that CABLES1 causes 

apoptosis in melanomas through p63 and/or p73 stabilization. Importantly, we have shown that 

USP7/MEK inhibitors cause an increase in p63 and p73 protein levels. Ongoing functional 

genomic studies investigating the effects of p63 and p73 ablation will determine if they are in 

fact mediating these effects. Nevertheless, we have shown that USP7 critically regulates USP7-

EPOP-ELOB/C complexes, H2Bub, and the expression of the CABLES1 tumor suppressor, 

which is required for cell death. 

In Chapter 3, we show that genetic and chemical inhibition of HDAC3 potently 

cooperates with Ras/ERK pathway inhibition in BRAF-, NRAS-, and NF1-mutant melanomas. 

Specifically, we found that entinostat, which inhibits HDAC1 and HDAC3, synergizes with 
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Ras/ERK pathway inhibitors, causing apoptosis to occur and profound tumor regression in 

multiple mouse models of melanoma. Additionally, we identified MGMT expression as a 

biomarker that predicts sensitivity to Ras/ERK pathway and HDAC1/3 inhibition. Because 

MGMT expression is already used in clinical practice as a predictive biomarker for treatment 

response in glioblastoma, this preexisting clinical test can be readily implemented to select 

melanoma patients for clinical trials. Interestingly, MGMT-expressing melanomas that respond 

to Ras/ERK pathway and HDAC1/3 inhibition exhibit broad defects in DNA repair genes, and 

the combination therapy cooperates by inducing irreparable DNA damage due to coordinated 

suppression of HR and NHEJ repair pathways.  

In Chapter 4, we found through statistical modeling of genomic BRAF-mutant melanoma 

patient data that major pathways of BRAF and MEK inhibitor resistance converge to activate the 

transcription factor MYC, and that MYC activation is necessary and sufficient for resistance. The 

combination of Ras/ERK pathway and BET inhibition suppressed MYC expression and caused 

profound tumor regression in two xenograft models of BRAF-mutant melanomas. Additionally, 

we found that Ras/ERK pathway inhibitor resistant melanomas with MYC activation are also 

sensitive to suppression of targetable metabolic pathways, such as glycolysis, serine, and 

glutamine pathways. 

In conclusion, this thesis (1) describes a novel unbiased negative-selection genome-

scale CRISPR-Cas9 screen that identifies dependencies in NRAS-mutant melanomas, (2) 

provides a strong base of evidence for pursuing Ras/ERK pathway and USP7, HDAC3, or BET 

inhibition in three types of Ras pathway-driven melanomas, and (3) explores important 

transcriptional nodes and dependencies in melanoma. From this work, I hope that further clinical 

investigation of these three combination therapies will continue, particularly in NRAS-mutant 

melanomas where there is an urgent need for more effective therapies.  
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DISCUSSION 

CRISPR-Cas9 screens to identify synthetic lethal drug targets 

In Chapter 2, we performed a negative selection, genome-scale CRISPR-Cas9 screen 

using a strategy that differs from other previously published screens. To enrich for hits that are 

outside of the Ras/ERK pathway, we used a predetermined cytostatic dose of the MEK inhibitor 

trametinib instead of a dose based on IC50 results. Previously published screens typically 

determine their screen dose based on IC50 study results, not through cell proliferation assays 

that directly visualize cell death. In these circumstances, incomplete inhibition or over-inhibition 

of the Ras/ERK pathway (which can trigger feedback activation) often results in the identification 

of hits that are primarily components of the Ras/ERK pathway. Dr. Ryan Corcoran highlighted 

this issue in a public seminar hosted by The Society of Translational Oncology, where he 

showed results from an unpublished screen in KRAS-mutant colorectal cancer performed by his 

lab (Corcoran 2019). In this study, his laboratory used a high dose of the MEK inhibitor 

AZD6244 and found that aberrant pathway feedback occurred, leading to an increase in 

phosphorylated ERK after a few days of treatment. After performing a negative selection screen 

with this dose of AZD6244, the most significantly depleted hits were all within the Ras/ERK 

pathway. Therefore, we sought to avoid this issue by using a minimal cytostatic dose of the 

MEK inhibitor trametinib and by making sure that sufficient suppression of phosphorylated ERK 

occurred during the four days of treatment.   

Additionally, we shortened the treatment time within our screen to four days instead of 

extending the study to allow many cell population doublings so that we would specifically enrich 

for cytotoxic, and not cytostatic, hits. Previous work from our lab has found that three to four 

days of treatment is sufficient to observe a cytotoxic effect in melanoma cell lines in vitro 

(Maertens et al. 2019). Additionally, we believe that treating cells for a longer time period selects 
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for both cytostatic and cytotoxic targets because cytostatic targets will continue to drop out over 

time when compared to targets that do not affect cell proliferation. Therefore, we believe that 

these longer studies will increase the identification of false-positive hits that do not actually 

cause cell death. We believe that this point is particularly important because therapies that 

induce cytotoxic rather than cytostatic responses are likely to be more effective in the clinic. 

There are additional challenges that remain with any negative selection whole genome 

CRISPR-Cas9 screen, despite the efficiency of many CRISPR systems, and we addressed 

these challenges through further validation of our hits (Yin, Xue, and Anderson 2019). First, 

despite improved sgRNA design, libraries still have off-target effects, and in this way, false-

positives emerge. We mitigated this by validating any screen hits and were able to successfully 

validate many of our top hits, including the positive controls RAF1 and BRAF. Secondly, 

aberrant genomic copy number can cause false-positive results in CRISPR screening studies. 

For example, a number of labs have found that sgRNAs targeting amplified genes can lead to 

replication stress and G2-M cell cycle arrest, likely owing to excessive DNA damage induced by 

CRISPR cutting (Sheel and Xue 2016; Aguirre et al. 2016; Munoz et al. 2016). To address this 

concern, we verified that any hit identified in our screen was not amplified in our cell line. Lastly, 

another shortcoming of genome-wide CRISPR-Cas9 screens is that CRISPR-mediated 

targeting of exons encoding functional protein domains can increase the occurrence of null 

mutations, therefore decreasing the likelihood of functional gene disruption (Shi et al. 2015). We 

addressed this concern by thoroughly validating our hits with additional CRISPR guides, 

shRNA, siRNA, and chemical perturbation.  

Finally, the cell line that we chose for the screen, SKMEL2, has previously been shown 

to have defects in genes important for homology-directed repair (Maertens et al. 2019). 

Because of this, we hypothesize that we will have improved knock-out of CRISPR targets in our 

screen, and therefore, this will also mitigate some of the off-target effects highlighted in this 
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section. It should also be noted that our goal was to perform a rigorous genomic screen in one 

cell line, and then confirm hits in a panel of cell lines. Based on all of the combinatorial 

therapeutic studies that our laboratory has conducted in many different tumor types, any given 

therapeutic combination tends only to be effective in 30-60% of the cell lines. Our goal was to 

identify a combination and then confirm efficacy in at least 50% of genetically defined cell lines 

(e.g. NRAS-mutant). This goal was achieved and surpassed. We believe that this strategy was 

more cost-effective and perhaps superior than performing a screen with multiple cell lines, 

which would have likely eliminated many important hits due to this heterogeneity.   

In conclusion, through informed screen design and further validation of screen hits, 

pooled CRISPR-Cas9 negative selection screens are indeed powerful tools to identify drug 

targets that cause cell death with other drugs that, on their own, only cause a cytostatic effect. 

Novel combination therapies for NRAS-mutant melanomas 

Treatment of NRAS-mutant melanoma is challenging because NRAS-GTPase is difficult 

to target directly and efforts to inhibit its downstream pathways are limited by feedback 

activation of the Ras/ERK pathway as well as parallel pathways such as the PI3K/AKT pathway. 

Therefore, compared to BRAF-mutant melanomas, there is an unmet need for new therapies 

that potentiate the effect of MEK inhibition in NRAS-mutant melanomas. In this thesis, we 

identified three novel combination therapies that are clinically relevant to NRAS-mutant 

melanomas. Exclusively considering NRAS-mutant melanomas, in Chapter 2, we demonstrated 

that combined USP7 and MEK inhibition is efficacious in six different NRAS-mutant melanoma 

cell lines, and that tumor regression is observed in vivo with no apparent toxicities in two 

different NRAS-mutant xenograft mouse models. Additionally, with our CRISPR-Cas9 screen, 

we identified other hits that cooperate with MEK inhibitors, which I will highlight briefly in the 

future directions section of this thesis. In Chapter 3, we found that combined HDAC and MEK 
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inhibition is efficacious in NRAS-mutant melanoma cell lines and xenograft models. Finally, in 

Chapter 4, though we did not explore whether MYC-driven convergent resistance occurs in 

NRAS-mutant melanomas in our publication, previous studies have found that cells with NRAS-

driven resistance to Ras/ERK pathway inhibitors exhibit increased glutamine dependence and 

synergy between BRAF and glycolysis inhibition (Parmenter et al. 2014; Rao et al. 2016; 

Kimmelman 2015). Therefore, we hypothesize that NRAS-mutant melanomas may inherently be 

sensitive to the combination of MEK and BET inhibitors. In fact, in the future directions section 

of this thesis, I briefly summarize unpublished results where I found that MEK and BET 

inhibitors do cooperate to induce potent cell death and tumor regression in NRAS-mutant 

melanomas. Overall, these three chapters highlight exciting combination therapies for clinical 

development for NRAS-mutant melanomas. 

USP7 loss may lead to stabilization of p63 and p73 through CABLES1 

In Chapter 2, to identify the mechanism of action of USP7 inhibition, we performed a 

global transcriptional analysis and found that loss of USP7 causes an upregulation of p63 and 

p53 transcriptional targets. Additionally, we performed USP7 ChIP sequencing to identify where 

USP7 binds in the genome and whether this correlates with genes that are upregulated with 

USP7 perturbation. Interestingly, we found that CABLES1, which stabilizes p53 family proteins 

p63 and p73, was upregulated with USP7 perturbation and was additionally bound by USP7 at 

the promoter region in control cells. CABLES1, also known as ik3-1, has been shown to 

stabilize p63 and p73, preventing them from proteasomal degradation (Wang et al. 2010; Tsuji 

et al. 2002). For example, CABLES1 directly stabilizes TAp63 during genotoxic stress after 

ionizing radiation exposure in mouse oocyte cells (Wang et al. 2010). CABLES1 is frequently 

lost in cancer, and Cables1-/- mice have an increased incidence of endometrial cancer (Dong et 

al. 2003; Zukerberg et al. 2004; Tan et al. 2003; Park et al. 2007). CABLES1 has also been 

shown to act as a tumor suppressor by inhibiting intestinal tumor progression in ApcMin mice 
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(Arnason et al. 2013). Importantly, I found that CABLES1 suppression rescued cell death in 

response to combined MEK and USP7 inhibition in NRAS-mutant melanoma cell lines, revealing 

an unappreciated role for CABLES1 in melanoma.  

While USP7 regulates MDM2 stability in other settings, we have shown that the effects 

of USP7 inhibition in this therapeutic context are p53 independent. First, three cell lines 

(SKMEL2 [NRAS-mutant], MM485 [NRAS-mutant], and SKMEL28 [BRAF-mutant]) that respond 

to the combination of Ras/ERK pathway and USP7 inhibition are either TP53-mutant or do not 

express TP53. Secondly, when we knock down TP53 with siRNA, we still observe cell death in 

response to combined USP7 and MEK inhibitors in NRAS- and BRAF-mutant cell lines. Finally, 

disruption of the MDM2-p53 interaction using nutlin-3a does not phenocopy USP7 inhibition, 

further demonstrating that the observed cell death from USP7 and MEK inhibition is not due to 

effects of USP7 on the MDM2/p53 axis. 

Accordingly, we hypothesize that CABLES1 stabilizes p63 and/or p73 proteins in 

response to combined USP7/MEK inhibition. The activation of p63 is further supported by GSEA 

analysis of our RNA-sequencing studies. P63, p53, and p73 contain similar protein domains, 

including an N-terminal transactivation (TA) domain, a central DNA-binding domain (DBD), and 

an oligomerization domain (OD) (DeYoung and Ellisen 2007). The highest degree of homology 

among the three proteins are observed within the DBD, with a 60% amino-acid (AA) identity 

between p53 and both p63 and p73, and a 85% AA identity between p63 and p73, including 

conservation of all essential DNA contact residues (De Laurenzi and Melino 2000). All three 

members of the p53 gene family give rise to multiple protein products resulting from alternative 

promoter usage and mRNA splicing. For p63 and p73, TAp63 and TAp73 isoforms are capable 

of transactivating subsets of p53-regulated genes involved in cell-cycle arrest and apoptosis as 

well as gene sets independent of p53 targets (Zhu et al. 1998; Dohn, Zhang, and Chen 2001; 
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Harms, Nozell, and Chen 2004). In contrast, ΔNp73 and ΔNp63 isoforms can sometimes act as 

dominant negatives of TAp63 and TAp73, inhibiting these proteins.  

Notably, the p53 and p63 transcriptional target genes that are up-regulated by USP7 and 

MEK inhibition in our NRAS-mutant cell line are all associated with the tumor suppressive 

functions of p53 and p63. For example, three prominent p53-regulated targets that are up-

regulated are the pro-apoptotic genes BIK, PERP, and BCL2L11. In other cancers, similar 

findings have been observed – for example, in uveal melanoma, p63 has been found to induce 

PERP-mediated apoptosis (Awais et al. 2016). Additionally, TP53 upregulation and subsequent 

transcriptional activation of p53-regulated pro-apoptotic genes have been found to cooperate 

with MEK inhibition in NRAS-mutant melanomas (Najem et al. 2017). Therefore, we hypothesize 

that CABLES1 is stabilizing the tumor suppressive isoforms of p63 and/or p73, and that these 

isoforms are transcriptionally regulating p53 targets. Our data demonstrate that total p63 and 

p73 protein levels increase after USP7 and MEK inhibition. We are now teasing out the effect of 

CABLES1 upregulation on the tumor suppressive isoforms of p63 and p73 specifically. If true, 

these studies will reveal a new mechanism by which USP7 regulates other p53 family proteins. 

This is especially interesting because USP7 inhibitors have been found to reduce cell viability in 

TP53-mutant cancers in other studies, and thus our study may demonstrate how this might 

occur (Tavana, Sun, and Gu 2018; Wang et al. 2017). 

If USP7 inhibition increases CABLES1 expression and causes the subsequent 

stabilization of p63 and/ or p73, then why does this sensitize melanoma cells to Ras/ERK 

pathway inhibitors? The presence of genotoxic stress in cells has been shown to correlate with 

increased phosphorylation of p63, preventing its ubiquitination and degradation by the 

proteasome (Li, Zhou, and Chen 2008). Increased stabilization then leads to apoptosis and cell 

death. Interestingly, previous work in the Cichowski lab has demonstrated that melanomas 

exhibit unconventional defects in DNA repair, and Ras/ERK pathway inhibitors further contribute 
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to this by reducing the expression of several key homologous repair and BRCA pathway genes, 

triggering a “BRCA-like” state (Lord and Ashworth 2016; Maertens et al. 2019). Therefore, I 

hypothesize that Ras/ERK pathway inhibitors increase genotoxic stress in melanoma cells, and 

that USP7 inhibitors, by further stabilizing p63, contribute to further activation of apoptotic 

pathways, leading to irreversible cell death. However, more studies are needed to further 

elucidate this vulnerability. 

Identifying and targeting epigenetic regulators in melanoma 

Overall, my thesis highlights three exciting therapeutic strategies that combine the 

current standard of care for melanomas (Ras/ERK pathway inhibitors) with agents that target 

transcriptional nodes important for melanoma. This further emphasizes the promise of targeting 

epigenetic regulators in melanomas and other Ras-driven malignancies. As mentioned in my 

introduction, epigenetic dysregulation occurs in melanoma and has been found to drive tumor 

progression. For example, work using zebrafish models to study melanoma initiation identified 

that some melanoma progenitor cells may be epigenetically primed to be cancerous (Kaufman 

et al. 2016). MEK inhibition has been associated with epigenetic reprogramming in melanomas, 

with inhibition resulting in widespread SOX10 recruitment through the genome, increasing 

melanocyte lineage specific and pigmentation genes and potentially contributing to MEK 

inhibitor resistance (Fufa et al. 2019). Mutations in epigenetic regulators have been observed in 

melanoma as well, further highlighting the importance of studying and potentially targeting the 

epigenetic landscape. Recently, activating mutations within the SET domain of the histone 

methyl transferase G9a were identified and found to lead to repression of a negative regulator of 

the WNT pathway (Kato et al. 2020). In my thesis, I focus on three targets that also affect the 

epigenetic landscape of melanoma, contributing to resistance to Ras/ERK pathway inhibitors. 
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Although many oncogenes are frequently mutated and activated in melanoma, we and 

others have found that targeting their associated downstream pathways does not necessarily 

lead to cell death. Therefore, identifying and targeting nodes that are synthetic lethal with 

inhibitors of oncogenic pathways is critical. This concept is known as “non-oncogene addiction,” 

in that the tumorigenic state depends on the activities of a wide variety of genes and pathways, 

many of which are not inherently oncogenic themselves (Luo, Solimini, and Elledge 2009). 

BRD4, HDAC3, and USP7 are all genes that are expressed in both melanoma cells and normal 

cells and targeting these three proteins individually does not kill cells. However, when combined 

with Ras/ERK pathway inhibitors, BRD4, HDAC3, or USP7 inhibition cooperate to cause potent 

cell death through stress overload. In the case of USP7 inhibitors, they target pro-survival 

pathways important for tumorigenesis. HDAC3 inhibition increases DNA damage stress by 

inhibiting proteins important for NHEJ, which then cooperates with HR dysregulation caused by 

Ras/ERK pathway inhibitors. Finally, BRD4 inhibition targets MYC and inhibits alternative 

metabolic pathways important for melanoma growth and escape from Ras/ERK pathway 

inhibitors.  

FUTURE DIRECTIONS 

Clinical outlook 

Despite the existence of clinical trials investigating the combination of Ras/ERK pathway 

inhibitors with other small molecule therapies, I believe there still is an unmet need for new 

combination therapies to enter the clinic, especially therapies for which biomarkers exist. 

Additionally, preliminary data from some of the current combination therapy clinical trials, such 

as the combination of MEK and CDK4/6 inhibitors, is not promising, with many patients still not 

responding to these combination therapies. Out of the three combination therapies highlighted 

in this thesis, the combination of Ras/ERK pathway inhibitor and HDAC inhibitors could be the 
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most straightforward to translate as 1) HDAC inhibitors are approved for other indications and 2) 

we identified a clear biomarker, MGMT expression, which already is used in the clinic to identify 

treatment-resistant glioblastomas. The existence of a biomarker will make clinical trials easier to 

organize. Additionally, a common reason for failure of clinical trials is the lack of a clear 

biomarker, which we would be able to avoid (Townsend and Arron 2016). It should be noted that 

while we emphasized entinostat in our study, we also showed that pan-HDAC inhibitors were 

also very effective. Because entinostat is no longer being developed, these broader HDAC 

inhibitors could be tested instead in the clinic. In addition, in the course of this work, we also 

showed that PARP and MEK inhibitors are effective in these melanomas, and this therapeutic 

combination could also be developed into a clinical trial. 

The combination of Ras/ERK pathway inhibitors and BET inhibitors additionally 

represent a promising clinical option, as there are currently BET inhibitors in clinical trials as 

single agents, which I summarized in the introduction of this thesis. Notably, we have initiated 

trials combining AZD6244 and AZD5153 (MEK/BETi) with our clinical collaborators and 

AstraZeneca in another tumor type. Therefore, the tolerability and initial efficacy of this 

combination may be known soon. Finally, the combination of USP7 and Ras/ERK pathway 

inhibitors is very promising, but of course will depend on the successful introduction of USP7 

inhibitors into clinical trials and its tolerability in humans. 

An additional future direction related to all three of these inhibitor combinations could 

also be to determine if they cooperate with current immunotherapies. Treatment of melanoma 

cells with HDAC inhibitors has been shown to rapidly reduce the expression of multiple HDAC 

proteins as well as levels of PD-L1, PD-L2, and ODC, thus enhancing the anti-tumor efficacy of 

anti-PD-1 and anti-CTLA4 antibodies (Booth et al. 2017). BET and USP7 inhibition have also 

been linked to antitumor immunity – pharmacological inhibition of USP7 impairs regulatory T 

cells, and BET inhibition has been found to block PD-L1 signaling (Zhu et al. 2016; Wang, 
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Kumar, et al. 2016). Therefore, these combination therapies might cooperate with anti-PD-1 and 

anti-CTLA4 antibodies in the clinic, however, more research is needed in immune-competent 

mouse models of melanoma. 

Targeting other Ras-driven malignancies 

Additional future directions for the therapies outlined in my thesis are to investigate if 

these therapies are efficacious in other Ras-driven malignancies, such as KRAS-mutant 

colorectal cancer. The combination of USP7 and MEK inhibitors may cooperate in other Ras-

driven cancers, especially in cancers with low expression of CABLES1. For example, 45% of 

non-small cell lung cancers and 65% of colorectal cancers have low expression of CABLES1, 

and these two cancers frequently are driven by KRAS mutations (Tan et al. 2003; Park et al. 

2007). Therefore, inhibition of USP7 and subsequent upregulation of CABLES1 may lead to cell 

death in these tumors when combined with MEK inhibition.  

Members of the Cichowski laboratory have also found that the combination of BET and 

MEK inhibitors are efficacious in KRAS-mutant lung cancer and the NF1-driven malignancies 

(De Raedt et al. 2014; Guerra et al. 2020). However, the mechanism of response is not through 

the regulation of MYC, but rather through alternative pathways regulated by BRD4, such as the 

transcription of Ras signature genes and the transcription factor HOXC10 in non-small cell lung 

cancer. This hints at a tissue-specific role of BRD4, and more studies are needed to investigate 

the observed differences in responses to MEK and BET inhibition. 

Though in our initial publication we did not investigate the effect of BET and MEK 

inhibition in NRAS-mutant melanoma (Katherine R. Singleton 2017), one project that I pursued 

briefly in addition to my work on the CRISPR-Cas9 screen was to determine whether NRAS-

mutant melanomas were indeed sensitive to this combination. Interestingly, I found that NRAS-

mutant melanoma cell lines responded to this combination in vitro, with potent cell death after 3 
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days of treatment (Figure 5-1A). Additionally, I found that the combination caused a cytotoxic 

effect in a NRAS-mutant tumor xenograft mouse model, although this combination could be 

more potent in other models, which should be tested (Figure 5-1B). Based on this preliminary 

data, further research is needed to determine if this response is through MYC, or if it is through 

a different pathway as has been observed in other Ras-driven malignancies. 

Figure 5-1: BET/MEK inhibition in NRAS-mutant melanomas in vitro and in vivo 

(A) Waterfall plot of cell counting assay results after 3 days of treatment with MEKi trametinib and BETi 
JQ1 in 5 different NRAS-mutant melanoma cell lines.

(B) (Left) Waterfall plot depicting tumor volume change in NRAS-mutant melanoma xenograft model 
SKMEL2 after 17 days of treatment. Each bar represents an individual tumor. (Right) Growth of 
SKMEL2 tumors over time. Each data point is mean+/-SEM. MEKi= 0.6mg/kg/day trametinib, oral 
gavage; BETi = 45mg/kg/day JQ1, intraperitoneal injection. Mice were enrolled when tumors 
reached ~300mm3. * p>0.05
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Future questions about CABLES1 and p63/p73 regulation 

Within Chapter 2, several important questions remain for investigation, most importantly 

with respect to the functions of CABLES1, p63, and p73. I found that CABLES1 is a bona fide 

USP7-EPOP-ELOB/C complex target in melanoma and that it is significantly upregulated in 

response to USP7/MEK inhibitors in NRAS-mutant melanomas. Moreover, this upregulation 

correlated with upregulation of p53 and p63 transcriptional targets. Interestingly, CABLES1 

protein is normally very lowly expressed in melanoma cell lines. Therefore, these studies reveal 

a previously unstudied dependency in NRAS- and BRAF-melanomas that contributes to de 

novo resistance to Ras/ERK pathway inhibitors. Prior work has shown that CABLES1 acts as a 

tumor suppressor by stabilizing p53 family proteins, and therefore, we surmise that CABLES1 is 

causing apoptosis by stabilizing p63 and/or p73. However, additional ongoing studies need to 

be completed to confirm this hypothesis. For example, an important experiment is to prove that 

p63 and/or p73 are necessary to cause apoptosis in melanoma cell lines treated with 

USP7/MEK inhibitors. Additionally, we need to tease out the intricacies of how p63 and p73 are 

expressed and regulated – is CABLES1 stabilizing the apoptotic TAp63 and/or TAp73 isoforms? 

Or is it stabilizing all p63 and p73 isoforms? What functions downstream of p63 and p73 to 

cause apoptosis, and why does it synergize with MEK inhibition? As noted earlier, our RNA 

sequencing results indicate that common pro-apoptotic p53 and p63 transcriptional targets are 

up-regulated with MEK and USP7 inhibition, such as PERP, BIK, and BCL2L11. Therefore, I 

also plan to verify the increased expression of these targets and determine whether they are 

necessary for cell death. 

Further investigation of CRISPR-Cas9 screen targets 

Lastly, from my negative selection CRISPR-Cas9 screen, we identified many other 

targets of interest which I decided not to pursue further in the course of my dissertation, but will 
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be investigated in future projects in the Cichowski laboratory. Two hits in particular, MARCH5 

and CDC7, scored strongly in my screen, have been validated in different NRAS-mutant 

melanoma cell lines, and would be extremely interesting to follow up in the future (Figure 5-2). 

Figure 5-2: CDC7 and MARCH5 are validated as potential hits from CRISPR-Cas9 screen 

(A) Cell counting assay results after 4 days of treatment with or without knock-down of CDC7 with 
shRNA and MEKi trametinib in 2 different NRAS-mutant melanoma cell lines.

(B) Waterfall plot depicting cell counting assay results in 5 NRAS-mutant melanomas cell lines treated 
with MEKi and/or CDC7i XL413.

(C) Waterfall plot depicting cell counting assay results in 5 NRAS-mutant melanomas cell lines with 
siRNA against control or MARCH5 and treated with or without MEKi over 4 days.
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Supplementary Figure A-1. Genome-scale CRISPR screening identifies USP7 as a potential 
therapeutic target in NRAS-mutant melanomas 

(A) Essential genes that dropped out in both MEKi arm compared to day 0 and vehicle arm compared to
day 0. As expected, cell type specific essential gene NRAS dropped out in both arms. In red are
genes that have been found to be common essential genes in other CRISPR screens in melanoma.

(B) GO analysis of essential genes identified pathways that are commonly essential as well.
(C) NRAS-mutant melanoma line SKMEL2 was infected with shRNA against control or USP7. After

knockdown was confirmed, cells were treated with DMSO or trametinib (MEKi, 10nM) for 96 hours.
Graphs represent log2 transformation of the fold change in cell number at day 4 versus day 0. Right
axis shows percent change in cell number relative to day 0. Negative values represent a decrease in
cell number over time and positive values represent an increase in cell number. Immunoblots show
levels of USP7, phosphorylated ERK (pERK), and total ERK (ERK) after 24 hours of indicated
treatment.

(D) Immunoblots demonstrating knock-down of USP7 in different NRAS-mutant melanoma cell lines:
SKEML2, Hs936T, and WM3670.

(E) Cell counting assays with corresponding immunoblots demonstrating the effect of USP7 knock-out in
the NRAS-mutant melanoma cell line Hs936T.
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Supplementary Figure A-2. MEK and USP7 inhibitors potently synergize, trigger apoptosis, and 
induce the regression of NRAS-mutant melanomas in vivo 

(A) Cell counting results after 4 days of treatment with USP7i P5091 and MEK inhibitor binimetinib
(MEK162) in SKMEL2 NRAS-mutant melanoma cell line.

(B) Cell counting results after 4 days of treatment with USP7i P5091 (10uM) and MEK inhibitor
trametinib (10nM) in 293T.

(C) Relative weight of YUDOSO xenograft NSG mice over time of treatment. >20% loss in weight
demonstrates toxicity.

(D) Relative weight of MM415 xenograft mice over time of treatment. >20% loss in weight
demonstrates toxicity.

(E) Relative weight of A375 xenograft mice over time of treatment. >20% loss in weight demonstrates
toxicity.
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Supplementary Figure A-3. USP7 inhibitors function by suppressing the USP7-EPOP-ELOB/C 
complex in melanomas 

(A) Cell counting assays and corresponding immunoblots for two NRAS-mutant melanomas (SKMEL2
and MM415) and one BRAF-mutant melanoma (MALME3M) with siControl or siP53 knock-down.

(B) Cell counting assay for SKMEL2 and MM415 NRAS-mutant melanoma cell lines treated with MEKi
trametinib (10nM) and/or MDM2 inhibitor nutlin-3a (10uM) for 4 days. Dose of nutlin-3a determined
by previous papers.

(C) Cell counting assays and corresponding qPCR results for two NRAS-mutant melanomas Hs936T
and WM3629 with siEPOP and siEPOP.

(D) Cell counting assays and corresponding immunoblots for two NRAS-mutant melanomas (Hs936T
and WM3629) with shControl and shELOB.
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Figure B-1. A subset of melanoma cell lines and control cell lines do 
not respond to BRAF/MEK/HDAC inhibitor therapy. Therapeutic responses are unrelated to 
MITF status or expression changes. (A--D) melanoma cells (A2058), transformed human 
embryonic kidney cells (HEK293T) and fibroblasts (IMR90 and NIH3T3) were treated with DMSO, 
100nM dabrafenib and 10nM trametinib (DT), 2μM vorinostat (V), 1μM entinostat (E) and the 
combination of MEK/BRAF and HDAC inhibitors. Cells were manually counted prior to the addition 
of compounds and 3 days after treatment. Graphs represent log2 transformation of the fold change 
in cell number at day 3 versus day 0. Right axis shows percent change in cell number relative to day 
0. Immunoblots show levels of phosphorylated ERK (p--ERK), total ERK, histone H3 acetylation at
lysine 9 (H3K9Ac) and total H3 after 48 hours of indicated treatment. (E) Real--time quantification of
apoptotic cell death using the live cell imager IncuCyte Zoom. Red (nuclear restricted NucLight Red
fluorescent protein for quantifiying live cells) and green (Apoptosis--3/7 Green reagent for
quantifying apoptotic cells) fluorescent objects were monitored in the Incucyte ZOOM acquiring
images every 2 hours (for 72 hours) following treatment with vehicle (DMSO) or drugs (MEK
inhibitor, BRAF inhibitor, HDAC inhibitor) and then quantified with the IncuCyte integrated analysis
software. (F) quantification of MITF protein levels of cell lines sensitive and resistant to MAPK/HDAC
inhibition, as shown in Fig. 1A and Fig. 3D. (G) Western blots depicting MITF protein levels in
different melanoma cell lines (high/low baseline MITF levels and sensitive/resistant to MAPK/HDAC
inhibition) after 48hrs of treatment with vehicle (Veh), MEK inhibitor (MEKi) and/or HDAC inhibitors
(vorinostat, VOR;; entinostat, ENT). Vinculin serves as a loading control. (H) Western blots depicting
HDAC1, HDAC2 and HDAC3 protein levels after 48hrs of treatment with vehicle (--), HDAC inhibitor
(entinostat, E) and combined MEK/BRAF/HDAC inhibitor (DTE). GAPDH serves as a loading
control.
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Figure B-1 (continued) 
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Figure B-2. Differential expression of MGMT in NRAS--
mutant cell lines.  
(A) Western blot depicting baseline MGMT protein
expression levels in NRAS--mutant human melanoma cell
lines shown in Fig. 3-2E.
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Supplementary Figure B-3. Therapeutic effects are not mediated by ROS. 
(A) Sensitive cell lines (Hs695T and SKMEL2) treated with DMSO, 100nM dabrafenib (D) and/or 10nM
trametinib (T), 1μM entinostat (E) and the combination of MEK/BRAF and HDAC inhibitors for 24hrs (or
1mM H2O2 for 4hrs as a positive control) were stained with dichlorofluorescein diacetate (DCFDA), a dye
that measures ROS. Graphs indicate relative mean DCFDA fluorescence intensity. ROS levels slightly
decrease in Hs695T cells in response to DTE whereas they increase in SKMEL2 cells, due to the effects
of T. (B,C) Sensitive melanoma cells (Hs695T and SKMEL2) were treated with DMSO, 100nM dabrafenib
(D) and/or 10nM trametinib (T), 1μM entinostat (E) or the specified drug combinations, alone and in
combination with the ROS scavenger NAC and the anti--oxidant Vitamin C. Graphs
represent log2 transformation of the fold change in cell number at day 3 versus day 0.
Right axis shows percent change in cell number relative to day 0. Negative values
represent cell death and a decrease in cell number. NAC is toxic in Hs695T cells. Vitamin
C does not suppress, but rather potentiates the therapeutic response. NAC is tolerated in SKMEL2 cells
and has no effect on the therapeutic response. (D) Resistant melanoma
cells (A2058 and RPMI7951) were treated with DMSO, 100nM dabrafenib and 10nM trametinib (DT), 1μM
vorinostat (VOR) or the specified drug combinations, alone and in combination with the ROS inducer
buthionine sulfoximine (BSO, 200μM). Graphs
represent log2 transformation of the fold change in cell number at day 3 versus day 0.
Right axis shows percent change in cell number relative to day 0. Negative values
represent cell death and a decrease in cell number. BSO does not make resistant cells become sensitive
to this combination. (E) Baseline ROS levels for 3 sensitive and 3
resistant melanoma cell lines as measured by DCFDA staining, demonstrating that ROS levels do not
correlate with sensitivity.
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Figure B-3 (continued) 
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Figure B-4. Induction of DNA repair genes in melanoma cells. 
(A) Melanoma cells, transfected with control (siLuc) or pooled
siRNAs targeting BRCA2 were irradiated with 10Gy. Cells were fixed 5 hours later and analyzed
by immunofluorescence for RAD51 and gamma H2AX. Insets show magnification of merged
gamma H2AX and RAD51 signals in sensitive and resistant cell lines, respectively. (B) Heatmap
of only non--cell cycle regulated DNA repair genes in MGMT+ versus MGMT-- melanomas.
Heatmap of differentially expressed DNA repair genes not regulated by the cell cycle in (MGMT+)
versus (MGMT--) melanomas at significance level p=0.001. “High” expression (MGMT+) was
defined as the top 10% of tumors in the TCGA SKCM provisional dataset stratified by MGMT
mRNA expression, whereas “low” (MGMT--) was defined as the bottom 10%.
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Figure B-4 (continued) 



210 

Figure B-5. 
(A) Immunoblots confirming siRNA target suppression for
experiment shown in Figure 6D. (B) mRNA levels of ELK1 and ELK3 in sensitive
cells after 24hrs of treatment with vehicle (Veh), 100nM dabrafenib and 10nM
trametinib (DT) and/or 1μM entinostat (ENT) as determined by quantitative PCR.
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Figure S1. Characterization of MYC activation in melanomas with acquired resistance to BRAF 
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PI3K-AKT-mTOR pathway bypass signaling resistance mechanism. Cells that were resistant to PLX4720 
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Figure S2. Functional characterization of MYC in BRAFi resistant melanomas , related to Figure 2. A)
Ectopic expression of MYCT58A or empty vector control in treatment-naïve, BRAFi-sensitive BRAF mutant
melanoma cell lines, determined by immunoblotting. Quantification, bottom panel; total protein, right top
panel; V, pBABE empty vector. B) The indicated cell lines (P, parental and R, resistant), expressing either
shGFP (C) or one of two independent shRNAs targeting MYC (#1 or #2), were immunoblotted for
expression of MYC and vinculin as a loading control to validate protein knockdown. Quantified, bottom
panel. C) The ratio of GI50 values for PLX4720 in parental and resistant cell lines expressing shMYC
(hairpins 1-2) and shGFP. D) MYC protein level was scored on a scale of 1-10, with 10 indicating highest
MYC protein expression and correlated to cell line doubling time. E) A375 R(N) cells were treated with the
indicated doses of JQ1 for 72 hours. Whole cell lysates were immunoblotted for expression of MYC and
vinculin as a loading control. Quantified, right panel. F) Evolved PLX4720-resistant cell lines could be re-
sensitized to PLX4720 or AZD6244 (Malme-3M) by the addition of JQ1 (100 nM) as determined by GI50
assay or clonogenic growth assay (in 3 µM PLX4720). JQ1 + BRAFi treated wells are normalized to the
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significance between DMSO and JQ1 treatment in each cell line. G) Effect on clonogenic growth of A375
cells (P) treated with increasing doses of PLX4720 in the presence or absence of JQ1 (100nM). Data are
means (SD) from three experiments. *P < 0.05; **P < 0.01; ****P < 0.001.
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Figure S3. MYC activation and suppression in melanoma cells with
engineered activation of major resistance pathways , related to Figure 3. A)
A375 cells expressing the pathway activating constructs indicated were
immunoblotted for Notch1, phospho-ERK and phospho-AKT1 (Th308) as
evidence of activation of each pathway (left panel). Total protein is shown in the
center panel and protein expression normalized to total protein is shown in the
right panel. B) Quantification of immunoblots shown in Figure 3A. C) Total protein
staining for immunoblots shown in Figure 3C. D) Immunoblot of MYC, phospho-
ERK and ERK1/2 levels in the indicated cell lines treated with DMSO or 1 µM
AZD6244 (“A”, a MEKi) and 1 µM VX-11E (“V”, an ERKi) for 24 hours. At right,
total protein staining. E) UACC-62 cells expressing luciferase or the indicated
pathway activating construct in combination with shGFP (C) or two independent
shMYC constructs (#1 or #2) were immunoblotted for expression of MYC and
vinculin as a loading control. Blots are quantified in the right panel.
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Figure S4. Characterization of the dynamics of MYC expression in intrinsically BRAFi resistant
melanoma cells , related to Figure 4. A) Total protein staining for immunoblot shown in Figure 4A.
Samples are ordered left to right as in Figure 4A. B) Total protein staining for immunoblot shown in
Figure 4B. Samples are ordered left to right as in Figure 4B. C) Quantification of immunoblot in Figure
4F. D) Quantification of immunoblot in Figure 4H. E) WM793 cells were treated with 1 µM PLX4720 for
24 hours after which PLX4720 was withdrawn from the culture media and the cells were cultured
normally for an additional 7 days. Whole cell lysates were prepared at the indicated time points and
immunoblotted for expression of MYC and vinculin as a loading control. Blots are quantified in the right
panel. F) Intrinsically BRAFi-resistant cell lines could be sensitized to PLX4720 by the addition of the
indicated dose of JQ1. JQ1+PLX4720 treated cells are normalized to the viability of cells treated with
JQ1 alone to account for nonspecific toxicity. P values denote significance between DMSO and JQ1
treatment in each cell line. Data are means (SD) from three experiments. *P < 0.05; **P < 0.01; ***P <
0.005; ****P < 0.001.
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Figure S6. Identification of pharmacological strategies to target MYC activated, BRAFi-resistant
melanoma cells , related to Figure 6. Analysis of compound screening data. A) Distribution of Aurora
kinase inhibitors in the primary screen. Secondary GI50 validation assays with B) the RAF inhibitor
PLX4720, C) selected c-KIT inhibitors, and D) selected SRC family kinase inhibitors. E) Fold change in
tigecycline GI50 values of the indicated PLX-resistant lines relative to parental lines. P values indicate
significance between parental and resistant derivatives. F) Fold change in GI50 of the indicated inhibitors in
various PLX4720-resistant evolved cell lines compared to their parental counterparts. Cases where PLX-
resistant cells were more resistant to the indicated inhibitor than their parental line are shaded in red and
cases that the PLX-resistant lines are sensitized are shaded blue. Cases where GI50 was not reached are
indicated with ‘R’ or ‘S.’ G) Combinatorial Index (CI) values for parental A375 or PLX-resistant derivatives at
a range of GI50 values for the combination of PLX4720 and dasatinib. Synergy is indicated by CI values less
than 1. H) A375 cells were cultured in 3 µM PLX4720, 1 µM dasatinib, or the combination for 12 weeks and
cells were counted weekly. Growth rates were calculated from the cell counts and plotted. The growth rate
of parental cells treated with DMSO is indicated with a dashed line. Data are means (SD) of three
experiments. I) List of MYC target genes with differential expression in resistant compared to parental and
shMYC A375 cells.
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Figure S7. Metabolic dependencies in MYC activated, BRAFi-resistant melanoma cells , related to Figure 7. A)
Hierarchical clustering of gene expression data (RNA-seq) from A375 parental cells (Parental), PLX4720-resistant clonal
derivatives (Resistant), resistant A375 cells expressing shMYC (Resistant-shMYC), and parental A375 cells expressing MYCT58A
mutant (Parental-T58A). BRAFi-resistant, MYC-activated models are shown in red; BRAFi-sensitive, MYC-inactive models are
shown in blue. Changes in B) glycolytic intermediates and C) expression of glycolytic enzymes among A375 (P), PLX4720-
resistant A375 (R), and resistant cells expressing shMYC (shM). D) Changes in the incorporation of glucose into TCA cycle from
labeled D-glucose. E) GI50 values of various PLX4720-sensitive (blue) and resistant (red) cell line models treated with
methotrexate. F) A375 cells were cultured in 3 µM PLX4720, 5 mM 2-DG, 10 µM BPTES or the combinations for 12 weeks and
cells were counted weekly. Growth rates were calculated from the cell counts and plotted. G) A375 cells were cultured in 3 µM
PLX4720 and either DMEM with 4.5 g/L glucose and 2 mM glutamine, DMEM with 0.45 g/L glucose and 2 mM glutamine,
DMEM with 4.5 g/L glucose and 0.2 mM glutamine, or DMEM with 0.45 g/L glucose and 0.2 mM glutamine for 12 weeks and
cells were counted weekly. Growth rates were calculated from the cell counts and plotted. The growth rate of parental cells in
DMEM with 4.5 g/L glucose and 2 mM glutamine is indicated with the blue dashed line. The growth rate of parental cells in
DMEM with the various depleted media is indicated with the dashed lines. Growth rates in the depleted media were calculated
from daily cell counts over 7 days of culture. H) The growth rate of A375 cells in DMEM containing 0.45 g/L glucose and 0.2 mM
glutamine was measured daily over 7 days. This growth rate was used to calculate total cell numbers over 12 weeks of growth in
the double depleted media and compared to cell counts with PLX4720 treatment. I) Projected cell numbers of A375 cultured in 3
µM PLX4720, 10 nM methotrexate or the triple combination. J) Combinatorial Index (CI) values for parental A375 or PLX-
resistant derivatives at a range of growth inhibition (GI) values for the combination of PLX4720 and 2-DG or the combination of
PLX4720 and BPTES. Synergy is indicated by CI values less than 1. Data are means (SD) from three experiments.
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EXTENDED EXPERIMENTAL PROCEDURES

1 Statistical Modeling of Genomic Data

Gene Expression Data and Preprocessing Procedures

Microarray gene expression data (Rizos et al., 2014) was collected that included 59 BRAFV600-mutant

melanoma metastatic samples with 38 progressing and 21 matched pretreatment samples collected from

30 patients. Only two patients, indexed as 5 and 10, were analyzed pre-treatment, on-treatment, and on-

relapse (which we term as “progression”). We only utilized the samples in this dataset which had matched

pre-treatment and progressed tumors (this included patients 5 and 10). To increase the sample size of the

on-treatment tumors used to obtain the BRAFi/MEKi response signature, we added matched pre- and on-

treatment microarray gene expression data of melanoma cell lines from two sets of data: M229, M238, and

M249 (Nazarian et al., 2010); and SkMel1, SkMel5, SkMel19, SkMel28, and Malme3M (Pratilas et al.,

2009). These data are publicly available and can be accessed in the NCBI’s Gene Expression Omnibus

under the GEO SuperSeries accession numbers: GSE50509 (Rizos et al., 2014), GSE24862 (Nazarian et al.,

2010), and GSE10087 (Pratilas et al., 2009).

Collapsing Probes and Data Normalization

Expression data were obtained using the Illumina HumanHT-12 V4.0 Expression Beadchip (Rizos et al.,

2014), the Affymetrix Human Gene 1.0 ST Array (Pratilas et al., 2009), and the Affymetrix Human

Genome U133A 2.0 Array (Nazarian et al., 2010), respectively. we took the following preprocessing and

normalization steps to correct for batch effects and other possible confounders. First, using the annotations

of each Affymetrix/Illumina Chip/Platform, each probe of each sample in each experiment was mapped to

its corresponding HUGO gene name and symbol. Next, assuming that there is no principled way to account

for “missingness”, we eliminate the probes that did not match to known genes. For each sample in all

three experiments, we follow previous works (Li et al., 2011) and took the probes that mapped to multiple

genes and averaged their expression values. Next, we identified the mapped genes that were common in

all three chips/platforms and only used these genes in subsequent statistical and pathway analyses. All

three datasets were RMA corrected and log2-transformed. We utilize base 2 because any transformed
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2-fold ratio will be converted to an ±1 scale. This interpretation of fold change helped with interpreting

of BAKR regression coefficients and the underlying marginal covariate interactions. Lastly, we perform a

final cross-platform quantile normalization (Rudy and Valafar, 2011) on the combined dataset. The goal

of the cross-platform normalization was to dilute some of the random noise created by chip-to-chip batch

effects and strengthen biological signal in the data. After completing these steps, we were left with a final

data set consisting of n = 68 samples and p = 11,657 genes.

Splitting the Data: Phases I and II

The data were split into two phases: Phase I (i.e. generation of the BRAFi/MEKi response signature)

corresponded to pre-treatment versus on-treatment samples (n = 39); Phase II (i.e. identification of genes

that return to pre-treatment status) corresponded to on-treatment versus post-treatment samples (n = 39).

Deriving a Gene Signature

In this section, we will use the Phase I dataset to infer a BRAFi/MEKi response signature G of MAPK

pathway addiction. In this study, we use a logistic version of the Bayesian approximate kernel regression

(BAKR-logit) model (Crawford et al., 2017) to derive this collection of genes. Note that this methodology

is advantageous for statistically analyzing cancer genomic data such as this for a few notable reasons. One,

there is no reason to assume a linear relationship between the changes in gene expression and the effect

of a given therapeutic strategy. Moreover, crosstalk between signaling pathways, as well as between the

genes and nodes within these pathways, has been suggested to be associated with drug response (Bostock,

2005; Bender and Nahta, 2008; Yamaguchi et al., 2014).

Notation

Let X denote the observed n× p genotype matrix, where each element xij is the expression value of the j th

gene from the i th sample. Next, let y = [y1, ... , yn] represent the following n-dimensional binary response

vector with

yi =


1 if MAPK pathway is activated (pre-treatment);

0 if MAPK pathway is deactivated (on-treatment).
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Alternatively, we say that y is drawn as n-independent Bernoulli random variables, such that yi
iid∼ Bern(πi ).

Logistic Bayesian Approximate Kernel Regression Model

Consider the following logit link function between the gene expression and binary treatment classes:

logit(E[yi | xi ]) = logit(πi ) = log
(

πi
1− πi

)
= x⊺i β,

where x⊺i is the i th row of the n × p expression matrix X, and β = [β1, ... ,βp] is an unknown vector of

regression coefficients for each gene j = 1, ... , p. To facilitate statistical inference and interpretation of

this logistic model setup, we define a latent variable z = [z1, ... , zn] such that yi = 1 if zi > 0, and yi = 0

otherwise (Kinney and Dunson, 2007). In other words, each zi is logistically distributed with location

parameter x⊺i β, with a corresponding probability density function:

L(zi ;β) =
exp{−(zi − x⊺i β)}

[1 + exp{−(zi − x⊺i β)}]2
. (1)

It was shown that this relationship is approximately a non-central tν-distribution with location parameter

x⊺i β and scale parameter σ2ε (Kinney and Dunson, 2007). This means that we may express (1) as a scale

mixture of normals, represented in matrix notation as the following:

z = Xβ + ε, ε ∼ MVN(0,σ2εΩ
−1), (2)

where Ω = Diag(ω1, ... ,ωn) is an n × n diagonal matrix and MVN(µ,Σ) denotes a multivariate normal

distribution with mean vector µ and covariance matrix Σ.

As in most gene expression studies, the number of samples is far fewer than the number of genes

(i.e. p ≫ n). For this reason, low rank factorizations of the design matrix X are used both for numerical

stability as well as for statistical efficiency (West, 2003; Liang et al., 2007; Liang et al., 2009; de los Campos

et al., 2010; Crossa et al., 2014; Crawford et al., 2017). In addition, there is no reason to assume a linear

relationship between the latent variable z and the changes in gene expression as is assumed in Equation

(2). To increase predictive power, we used a nonlinear regression model that can capture higher-order

interactions between genes, while also providing effect size estimates for each gene. This model builds on

the classical Gaussian process — or the reproducing kernel Hilbert space(RKHS) model — and is formerly
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referred to as the Bayesian approximate kernel regression (BAKR) model (Crawford et al., 2017). We

summarize the relevant aspects of the BAKR model that we used to infer signatures.

We first specify a RKHS model — a class of models used extensively in machine learning, as well as in

genetics, to improve predictive accuracy, and capture higher order nonlinear effects (Gianola et al., 2006;

Liang et al., 2007; Liang et al., 2009; de los Campos et al., 2010; Crossa et al., 2014; Howard et al., 2014):

z = Kα+ ε with α ∼ MVN(0,σ2αK−1) and ε ∼ MVN(0,σ2εΩ
−1), (3)

where K is an n × n kernel matrix whose entries are nonlinear functions of pairs of expression profiles,

and α is an n-vector of random kernel coefficients. By definition, the kernel matrix K is symmetric and

semi-positive definite:

(1) k(xi , xj) = k(xj , xi ) ∀ i , j ,

(2)
∑

i

∑
j k(xi , xj)αiαj ≥ 0 ∀ αi ,αj ∈ R.

The model form in Equation (3) turns a p-dimensional optimization problem into an optimization problem

over just n parameters.

A key feature of the BAKR modeling framework is its ability to infer effect sizes for genes while implicitly

modeling all possible higher-order interactions between them (Crawford et al., 2017). In high-dimensional

settings, this is something that is not feasible for linear models (Yu et al., 2006; Logsdon et al., 2010;

Zhang et al., 2010; Guan and Stephens, 2011; Lippert et al., 2011; Zhou and Stephens, 2012; Zhou et al.,

2013) or other variable selection testing strategies (Hauck Jr and Donner, 1977; Kleinbaum and Klein,

2010; Li et al., 2011; Wu et al., 2011).

The advantage of BAKR over standard RKHS models is that RKHS models cannot provide estimates of

effect sizes for each variable. BAKR overcomes this hurdle by using properties of shift-invariant kernel func-

tions and employing a map between the RKHS model (i.e Equation (3)) and a linear model (i.e. Equation

(2)). More specifically, shift-invariant kernel functions can be written as a weighted infinite sum of Fourier

bases {ψi (x)}∞i=1 = ψ(x), such that k(∥xi − xj∥) = ψ(xi )
⊺ψ(xj). Though never constructed in practice,

under Bochner’s Theorem (Bochner, 1934), a p-dimensional approximation of these bases may be con-

structed using the Fourier Transform of the kernel function such that k(∥xi − xj∥) ≈
∑p

j=1 ψj(xi )
⊺ψj(xj) =

k̃(∥xi − xj∥) (Rahimi and Recht, 2007; Băzăvan et al., 2012). This allows for a reformulation of Equation
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(3) using an approximate kernel matrix of the form:

z = K̃α+ ε with α ∼ MVN(0,σ2αK̃−1
) and ε ∼ MVN(0,σ2εΩ

−1). (4)

Going forward, we denote Ψ as the infinite Fourier basis matrix such that K = Ψ⊺Ψ, and Ψ̃ to represent

the p-term finite approximation such that K ≈ Ψ̃
⊺
Ψ̃ = K̃. These approximate bases can be used in a linear

mapping to relate α to β in order to extract an effect size for each gene (Crawford et al., 2017). Because

of this linear mapping, BAKR can obtain posterior samples of β to quantify phenotype association strength

and identify associated genes. This is key to defining a robust BRAFi/MEKi response signature. BAKR

has the flexibility to take on the approximation of any shift-invariant kernel to model a variety of different

genetic architectures; however, we detail our model strictly under the approximation of the Gaussian kernel

function (Williams and Seeger, 2001; Vert et al., 2004; Chang et al., 2010):

k̃(∥xi − xj∥) ≈ k(∥xi − xj∥) = exp
{
−1

p
||xi − xj ||2

}
,

where ||x||2 =
∑n

i=1 x2 is the ℓ2-norm.

Complete Model Specification

We now state the complete specification of BAKR-logit. Since the approximation of any shift-invariant

kernel matrix is also symmetric and semi-positive definite, we took advantage of a low-rank approximation

of the nonlinear kernel matrix K̃ to dramatically reduce computational cost (West, 2003; Liang et al., 2007;

Liang et al., 2009; de los Campos et al., 2010; Crossa et al., 2014; Crawford et al., 2017). This was done

by using the spectral decomposition of the approximate Gaussian kernel matrix K̃. Specifically:

yi =


1 if zi > 0

0 if zi ≤ 0

for i = 1, ... , n

z = Ũθ + ε, ε ∼ MVN(0,σ2εΩ
−1) (5)

θ ∼ MVNq(0,σ
2
θΛ̃) (6)

ωi ,σ
−2
θ ∼ Γ(ν/2, ν/2), σ2ε =

ν − 2

3ν
π2 (7)
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where Γ(a, b) is used to represent a Gamma distribution with shape a and rate b. In practice, we follow

previous studies (Kinney and Dunson, 2007) and fix ν = 7.3. Note that we utilize the empirical kernel factor

representation where K̃ = ŨΛ̃Ũ⊺ and θ = Λ̃Ũ⊺
α. For numerical stability and reduction of computational

complexity, eigenvectors corresponding to smaller eigenvalues were truncated (West, 2003; Lopes and West,

2004; Liang et al., 2007; Pillai et al., 2007; Liang et al., 2009); so without loss of generality, we implement

BAKR by considering Ũ to be an n × q matrix containing the eigenvectors of K̃ (i.e. ŨŨ⊺
= In), and Λ̃

as a q × q diagonal matrix of the top q eigenvalues of K̃. This consideration represented an even greater

reduction in required computation since q ≤ n ≪ p. In this study, we chose q to represent the number of

eigenvalues that explain 99% of cumulative variance in K̃.

Because K̃ approximates a matrix that is shift-invariant, we utilized an inverse mapping that allows for

inference to be made on the p-dimensional genes β in the original genetic space (Crawford et al., 2017):

β̃ = X†Ψ̃
⊺
(Λ̃Ũ⊺K̃−1

Ψ̃
⊺
)−1θ̂,

where θ̂ is an estimate of the kernel factor coefficients drawn from the posterior distribution p(θ | y).

Furthermore, since we were strictly concerned with a case in which p ≫ n, the inverse of XX⊺ exists and

hence we let X† = X⊺(XX⊺)−1. By plugging in this quantity, the linear map simplified to

β̃ = X⊺(XX⊺)−1Ũθ̂. (8)

We implemented the mapping from the standard RKHS model to effect sizes as a deterministic step in an

MCMC Gibbs sampler resulting in empirical draws β̃ from an implied posterior distribution p(β | y).

Posterior Sampling and Inference

Based on the complete BAKR-logit specification, a standard Gibbs sampler was derived from the following

joint posterior distribution:

p(z,θ,σ−2
θ ,Ω | y) ∝

[
n∏

i=1

(
σ2ε
ωi

)− 1
2

exp
{
− ωi

2σ2ε
(zi − ũ⊺

i θ)
2

}
1(Ai )

]
×

n∏
i=1

ω
ν
2
−1

i exp
{
−ν
2
ωi

}
× (σ2θ)

− q
2 exp

{
− 1

2σ2θ
θ⊺Λ̃

−1
θ

}
× (σ−2

θ )
ν
2
−1exp

{
−ν
2
σ−2
θ

}
(9)
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where 1(·) is an indicator function and each member of the set A = [A1, ... , An] is defined as

Ai =


{zi : zi > 0} if yi = 1,

{zi : zi ≤ 0} if yi = 0.

(10)

After a selection of initial values, samples of parameters and hyper-parameters were drawn sequentially from

their respective complete conditional posterior distributions, which we detail below. At each algorithmic

step, with all conditioning parameters fixed at their most recent values, we updated the iterates until we

created a set of relevant MCMC draws. The complete posterior distributions are given:

(1) For i = 1, .., n

z(t+1)
i | z(t),θ,σ2θ ,Ω, y ∼


N(ũ⊺

i θ,σ
2
εω

−1
i )1(z(t)i > 0) if z(t)i > 0,

N(ũ⊺
i θ,σ

2
εω

−1
i )1(z(t)i ≤ 0) if z(t)i ≤ 0;

(2) θ | z,σ2θ ,Ω, y ∼ MVN(m∗
θ,V∗

θ) where V∗
θ = σ2εσ

2
θ(σ

2
εΛ̃

−1
+ σ2θŨ⊺

ΩŨ)−1 and m∗
θ =

1
σ2
ε
V∗

θŨ
⊺
Ωz;

(3) β̃ = X⊺(XX⊺)−1Ũθ;

(4) σ−2
θ | z,θ,Ω, y ∼ Γ(a∗θ, b

∗
θ) where a∗θ = 1

2(ν + q) and b∗θ = 1
2(ν + θ

⊺Λ̃
−1
θ);

(5) For i = 1, .., n

ωi | z,θ,σθ, y ∼ Γ(a∗ω, b
∗
ω) where a∗ω = 1

2(ν + 1) and b∗ω = 1
2σ2

ε
(νσ2ε + e2i ), with ei = zi − ũ⊺

i θ.

In this study, we obtained over 20,000 MCMC samples from the BAKR-logit Gibbs sampler. These samples

were selected from a run of a 110,000 iterations, where we keep every 5th sample, and then follow up with

burn-in of 2,000 samples.

Variable Selection: Local False Sign Rate

We are reminded that the purpose of using the BAKR-logit in this study is to discover a set of genes G

(i.e. a gene signature) whose expression levels robustly change following treatment with BRAFi/MEKi in

BRAF -mutant melanomas. We used the estimate of the original effect sizes β̃ as a metric of the relevance

for each gene. Specifically, the metric we used to determine the members of G is the local false sign rate

(lfsr), which is analogous to the local false discovery rate (Efron, 2007). The lfsr provides a measure of
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confidence in the sign of the effect rather than confidence of the effect being non-zero (Stephens, 2017).

Alternatively, we say that we were more concerned with controlling the minimization of “type S errors”

(i.e. the errors of sign), rather than the traditional type I errors (Gelman and Tuerlinckx, 2013). Therefore,

we choose to be confident in the directional change of a gene’s regulatory pattern (i.e. up-regulation or

down-regulation) in the presence of drug. Given posterior samples β̃ for each gene j , we defined the

corresponding local false sign rate as (Stephens, 2017)

lfsrj = min[p(βj ≥ 0 | y, β̃), p(βj ≤ 0 | y, β̃)]. (11)

This selection procedure is a post-hoc deterministic computation applied to the MCMC samples of β. The

BRAFi/MEKi response signature G is then defined as the set of genes that satisfy G = {j : lfsrj ≤ c}. In

this study, we subjectively choose c = 0.01. This resulted in a BRAFi/MEKi response signature of p∗ = 68

genes.

Model Comparisons

To illustrate the utility of the BAKR-logit model, we compared our approach to two linear models which

use t-distributed test statistics to identify differentially expressed genes. The first method is a gene-wise

association analysis that uses a parametric empirical Bayes approach to borrow strength between genes in

order to moderate effect sizes and residual variances (Smyth, 2004). These resulting summary statistics

are used to compute Benjamini-Hochberg corrected p-values (BH q-values) for every observed gene, where

those with q-values below q ≤ 0.05 are called significantly differentially expressed. We fit this model using

the publicly available R package limma (Ritchie et al., 2015). The second approach that we considered

identifies differentially expressed genes using the classical likelihood ratio test (LRT) (Peng et al., 2002).

Briefly, for each gene in turn, we computed a likelihood ratio comparing an alternative model with the

gene’s expression level to a null model containing just the intercept. Similarly, we then considered those

genes with multiplicty corrected p-values below 0.05 as those associated with MAPK inhibition. We fit

this score test for nested parametric linear models using the lrtest function in the publicly available R

package lmtest (Zeileis and Hothorn, 2002).

Here, we evaluated the ability of the BAKR-logit model, limma, and the LRT to identify genes that fully

characterize MAPK inhibition in BRAF -mutant melanoma. We are reminded that using the BAKR-logit
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resulted in a BRAFi/MEKi response signature of p∗ = 68 genes. Comparatively, the limma model detected

16 BRAFi/MEKi response signature genes, while the LRT BRAFi/MEKi response signature contained only

8 genes. Notedly, there was substantial overlap between the signature genes identified by the LRT, and

those selected by the limma and the BAKR-logit models (see Tables S1 and S7). Again, we want to

highlight that the advantage of the BAKR framework is the fact that it also implicitly considers a marginal

notion of interaction effects between a given gene and all other genes (Crawford et al., 2017). Hence,

BAKR identifies genes as being significant that the other linear modeling approaches fail to detect. For

instance, while all three methods select the proto-oncogene MYC as being a key downstream component

in MAPK inhibition, BAKR is the only methodology to also select genes such as ID2 and SKI as being

potential predictors of BRAFi/MEKi response. Briefly, overexpression of the ID2 gene has been shown to

be required for MYC signaling (Lasorella et al., 2000). Similarly, oncogenic interactions between SKI and

MYC, coupled with repression of the TGF-β signaling pathway, has been suggested to be consequential to

long term treatment strategies in human melanomas (Sun et al., 1999). Therefore, we conclude that the

BRAFi/MEKi response signature derived by the BAKR-logit model gives a more complete illustration of

MAPK inhibition in BRAF -mutant melanoma than both the limma linear model and the LRT.

Lastly, we want to stress the one caveat that this model comparison is strictly empirical in nature.

Given that our aim here is to make novel discoveries, we are not afforded any “true” answers like there

would be in a typical power simulation study. Nonetheless, BAKR identified the same signature genes as

the opposing methods, as well as notable others that the literature suggests to be contextually relevant. A

more fundamentally comprehensive review of BAKR, its predictive accuracy, and its power to detect true

causal genes and other genetic variants can be found in the original publication (Crawford et al., 2017).

Software and Model Implementation

Software for implementing the BAKR modeling framework is carried out in R and Rcpp code, which is

freely available at https://github.com/lorinanthony/BAKR.

Identifying Elements of Relapse

Inference of MAPK signaling pathway activity was just the first step in discovering the genes and/or the

cellular processes that are important for therapeutic resistance and melanoma reoccurrence. To search for

a potential convergent effector of resistance, we began by reasoning that such an effector should follow
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two transitional rules: (1) it should be regulated downstream of the driver oncogene, and (2) it should

rebound to at least pre-treatment expression or activation states at resistance, independent of the upstream

mechanisms driving resistance. We considered signature genes that satisfy this criteria as a signature for

patient relapse and we referred to this set as R. Specifically, we used Bayes factors (BF) and marginal

likelihoods to determine which of the p∗ = 68 members of G belonged in R.

Bayes Factor Computation

In this section, we develop the methodology for identifying an expression signature for melanoma progression

(i.e. the members of R). We begin by introducing the Bayes factor, which is the probability of observing

the data under one condition relative to another (Kass and Raftery, 1995). In particular, we used the Phase

II dataset to obtain R. We redefine the binary phenotype y∗, where now y∗i = 1 denotes a progressed

(relapsed) tumor and y∗i = 0 corresponds to a treated sample. Now let p(y∗ |M) be the probability

of observing the phenotype under some model M, and p(Θ∗ |M) be a prior belief about that model’s

parameters (i.e. gene coefficients in our case). The Bayes factor between two models M1 and M0 is then

defined as

BF10 =
p(y∗ |M1)

p(y∗ |M0)
=

∫
p(y∗ |Θ∗

1,M1)p(Θ
∗
1 |M1)dΘ

∗
1∫

p(y∗ |Θ∗
0,M0)p(Θ

∗
0 |M0)dΘ

∗
0

. (12)

Here, the subscript identifies which models are being compared, while the corresponding order denotes

which model is in the numerator and which is in the denominator. As previously shown (Kass and Raftery,

1995; Rouder and Morey, 2012), the Bayes factor is interpretable without recourse to additional criteria

or qualification. For example, BF10 = 5 means that the data are 5 times more probable under M1 than

under M0.

We are particularly interested in individual members of the gene signature that track that well with

progression — meaning R ⊆ G. In other words, we want to identify the genes that positively contribute

to the explanation of melanoma reoccurrence, conditioned on none of the other genes being present. The

reason for this approach is that we are strictly concerned with finding potential drivers of resistance. This

is accomplished by computing Bayes factors, while comparing an intercept term (null model, M0) to

the addition of each signature gene independently (alternative models, Mj for j = 1, ... , p∗). Typically,

Equation (12) can be computationally expensive as one considers all possible combinations of explanatory
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variables (Berger and Pericchi, 1996; Barbieri and Berger, 2004). However, given the scope of the problem

in question, our logic reduces this search to just p∗ = 68 Bayes factors that needed to be calculated. Again,

we define p∗ as the number of genes included in our melanoma signature, (i.e. |G| = p∗ = 68).

We used the Laplace method (Guan and Stephens, 2008) to approximate the Bayes factor for the binary

responses. Assume that each phenotype is modeled by a logistic regression model,

Mj : log
(Pr[y∗i = 1]

Pr[y∗i = 0]

)
= µ+ x∗ijβ∗j = f (µ,β∗j ), (13)

where x∗ij is the j th element of the i th row in the n × g expression matrix X∗ containing the treated and

progressed samples from our data and the genes from our signature (i.e. a subset of the Phase II dataset).

Hence, β∗j is defined as the effect parameter for the j th signature gene in G. Lastly, we define µ as a

common intercept. Then under the logistic function, Equation (13) can be stated as:

Mj : π∗i = Pr[y∗i = 1] =
exp{f (µ,β∗j )}

1 + exp{f (µ,β∗j )}
. (14)

By using Equation (14), the log-likelihood of the data is specified as

ℓ(y∗;µ,β∗j ) =
∑
i

[y∗i logπ∗i + (1− y∗i )log(1− π∗i )]

=
∑
i

y∗i f (µ,β∗j ) +
∑
i

log(1 + exp{f (µ,β∗j )}). (15)

Under the null model, M0 with j = 0, we assume that β∗j = 0 and a normal prior on µ

p(µ |M0) ∝ exp
{
− 1

2σ2µ
µ2

}
.

For the alternative models, where j = 1, ... , p∗, we put a normal prior on the gene coefficients where

p(Θ∗ |Mj) = p(µ,β∗j |Mj) ∝ exp
{
− 1

2σ2µ
µ2 − 1

2σ2βj

β∗2j

}
,

with Θ∗ = (µ,β∗). Hence for each j , Equation (12) then becomes the following:

BFj0 =
p(y∗ |Mj)

p(y∗ |M0)
=

∫
ℓ(Θ∗; y∗,Mj)p(Θ

∗ |Mj)dΘ
∗∫ (16)ℓ(µ; y∗, M0)p(µ | M0)dµ 
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Following previous studies (Guan and Stephens, 2008), we may approximate each of the integrals by the

Laplace method

∫
exp {h(Θ∗)} dΘ∗ ≈ (2π)

d
2 |HΘ∗∗ |−

1
2 exp {h(Θ∗∗)} . (17)

where d is the dimension of the integral being approximated, Θ∗∗ is the value at which h is at its maximum,

and |HΘ∗∗ | is the absolute value of the determinant of the Hessian matrix of h evaluated at Θ∗∗. Under

the null, M0, and alternative models, Mj , respectively:

h(µ) = ℓ(µ; y∗) + log p(µ);

h(Θ∗) = ℓ(Θ∗; y∗) + log p(Θ∗).

The derivation of the Hessian matrices in each model case are given in full detail in cited works (Guan and

Stephens, 2008).

Bayes Factor Interpretation

We computed the Bayes factor in Equation (16) using the approximation in Equation (17) a total of p∗

times — each time comparing one signature gene in G to the null model containing just the intercept.

Taking the log of each ratio j , we examined across results and considered genes with logBFj0 > 0 to track

well with progression. Therefore, the set of signature genes satisfying this condition are called relapse genes

and said to be members of the set R. Alternatively, we say that R = {j : logBFj0 > 0}. To further aid in

this interpretation, we also implement a t-test on the relapse genes to show that the Bayes Factor results

also mirror that of a standard p-value (see Table S1).

Gene Set Analysis

To investigate the biological relevance of the signature G and drivers of relapse R, we cross referenced each

member of the two sets with gene sets compiled in the molecular signature database (MSigDB) compiled at

the Broad Institute (Subramanian et al., 2005). We used gene set enrichment methods to identify classes

of genes that are over/underrepresented given a signature, for example G or R. In this study, we utilized

the global test (Goeman et al., 2004) and its corresponding R package gloabaltest for gene set analysis.
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Briefly, this statistical approach points to whether or not significantly enriched/depleted groups have a

higher association with a given phenotype than what is expected by chance. Specifically, it utilizes a logistic

regression model on expression measurements to describe a binary phenotype (e.g. 1 ≡ treated sample;

0 ≡ pre-treated sample). The null hypothesis assumes that all regression coefficients for the members in

a particular gene set are zero. Alternatively, we describe this procedure as a test to see if the components

within a tested gene set have substantial predictive ability for classifying the targeted phenotypic response

(Goeman et al., 2004). This is determined by analyzing the random biological variation between subjects,

rather than comparing a gene set with random counterparts. As previously shown (Goeman et al., 2006;

Goeman et al., 2011), the global test is designed to have optimal power in the situation where a gene set

has many small non-zero regression coefficients. Hence, it is directed to find gene sets for which many

genes are associated with the phenotype, even if said relation is minimal. We therefore use the global test

model as a way to look for “dysregulation” and differential expression among gene sets. A gene set is

considered to be dysregulated if it has a Benjamini-Hochberg corrected p-value (BH q-value) below 0.05.

Determining MYC Reactivation on Relapse

Here, we detail the procedure used to determine the probability of MYC reactivation in each of the pro-

gressed tumor samples. Once again, we defined reactivation as a gene that satisfies the aforementioned

transitional requirements. For this computation, we specifically looked at the percent change in MYC

expression between each pre-treated tumor and its matched relapse sample(s). The intuition behind com-

puting this change is that if MYC is said to be reactivated when a patient relapses, then its expression

levels should be about the same or greater in the corresponding matched progressed tumors. For every

patient i , we used the following to compute the percent change in MYC expression:

%change(i) = pre(i)− post(i)
pre(i) × 100% for i = 1, ... , n.

These percent changes were then standardized into z-scores and the probability of reactivation was com-

puted via the transformation 1 − Φ(z), where Φ is the cumulative distribution function of the standard

normal distribution. Qualitatively, this value Φ(z) is similar to a lower one-tailed p-value and is interpreted

as the probability of seeing something more extreme than what has already been observed in the data. In

our context, this value can be defined as the probability of seeing MYC deactivated when a patient re-
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lapses. Therefore, we took the complement of a patient relapsing, which we state as 1−Φ(z), to represent

the probability of seeing MYC reactivated when a patient relapses. Progressed tumor samples that had

probability above 0.5 (i.e. greater than random chance) were said to have MYC reactivated.

2 Cell Lines

A375, Colo679, UACC-62, Malme-3M, WM793 and WM1745 cells were grown in RPMI 1640 (Life Tech-

nologies Corporation, Carlsbad, CA) supplemented with 10% fetal bovine serum (Sigma-Aldrich Cor-

poration, St. Louis, MO) and 1% penicillin/streptomycin (Life Technologies Corporation). SK-MEL-

28, SK-MEL-5, A2058, RPMI-7951, Lox IMVI and Hs294T cells were cultured in Dulbecco’s modified

Eagle’s medium (DMEM) (Life Technologies Corporation) with 10% fetal bovine serum and 1% peni-

cillin/streptomycin.

3 Chemicals

2-DG was prepared in PBS at 1 M. VX-11E, piperlongumine and PD0332 were prepared as 20 mM stock

solutions in DMSO. CHIR-99021, HMR-1275, AZD1152, LY2603618, and AZD7762 were prepared in

DMSO at 10 mM. CYC202 was prepared in DMSO at 5 mM. All other inhibitors were prepared as 100 mM

stock solutions in DMSO.

4 GI50 Assay

To measure the GI50 values of specific inhibitors, cells were trypsinized and seeded at 5,000 cells/well in

96-well plates. After a 24-hour incubation, diluent (typically DMSO) or concentrated 10-fold dilutions

of the indicated inhibitors (at 1:1000) were added to the cells to yield the highest concentration (see

Chemicals). After a 3-day incubation with the treatment, cell viability was assessed with the CellTiter-Glo

luminescent viability assay (Promega Corporation, Durham, NC) according to manufacturer’s instructions.

Growth inhibition was calculated as a percentage of diluent-treated cells and GI50 values were determined.
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5 Sensitization Assays

In order to quantify the effect of resistance pathway inhibition on the sensitivity of cell lines to ERK pathway

inhibition, small molecule sensitization assays were performed as previously described (Martz et al., 2014).

The ERK pathway inhibitor GI50 values were determined as described in the previous section with the

addition of DMSO added to the media at a 1:1000 dilution. The ERK pathway inhibitor GI50 values were

also determined with the indicated inhibitor in the background at the indicated dose. GI50 values were

then determined to be the dose of ERK pathway inhibitor that resulted in half-maximal growth inhibition

relative to the viability of non-ERK pathway inhibitor-only wells.

6 Immunoblotting

In order to measure protein levels in whole cell lysates, aliquots of cell extracts prepared in lysis buffer

(0.5% Triton X-100, 50 mM β-glycerophosphate (pH 7.2), 0.1 mM Na3VO4, 2 mM MgCl2, 1 mM EGTA,

1 mM DTT, 0.3 M NaCl, 2 µg/mL leupeptin and 4 µg/mL aprotinin (Sigma-Aldrich)) were submitted to

SDS-PAGE. Where indicated, proteins were run on Mini-PROTEAN TGX Stain-Free Precast Gels (Bio-

Rad) and total protein was visualized on the ChemiDoc Imaging System (Biorad). After electrophoretic

transfer to PDMF, filters were blocked in 5% BSA and probed overnight at 4◦C with the following pri-

mary antibodies and dilutions: c-MYC (1:200; #764 Santa Cruz Biotechnology, Dallas, TX or 1:10,000

ab32072 Abcam, Cambridge, MA), phospho-ERK (1:1000; #4376 Cell Signaling Technology, Danvers,

MA), ERK1/2 (1:1000; #4695 Cell Signaling Technology), Notch1 (1:1000; #3608 Cell Signaling Tech-

nology), phospho-AKT1 (1:1000; #13038 Cell Signaling Technology), AKT1 (1:1000; #4691 Cell Signaling

Technology), vinculin (1:500; #4650 Cell Signaling Technology), α-tubulin (1:1000, #2125 Cell Signal-

ing Technology), β-actin (1:1000, #4970 Cell Signaling Technology). For quantification of immunoblots,

where indicated, densitometry was performed with ImageJ software, background was subtracted and band

intensity was normalized to loading control intensity. Alternatively, total protein images and Image Lab

software (Bio-Rad) was used to normalize band intensity to total lane protein content.
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7 Lentivirus Preparation and DNA Constructs

All expression clones were prepared in lentiviral form as previously described (Martz et al., 2014). In brief,

vectors were packaged in 293T cells with an overnight incubation with Fugene (Promega Corporation),

p∆VPR and pVSV-G. The virus-containing media was collected after 48 and 72 hours and filtered with

a 0.45 µm filter and stored at -80◦C until use with 16 µg/mL polybrene (Sigma-Aldrich). The shRNA

constructs and other expression vectors are listed in Table S6.

8 In vitro Adaption of Inhibitor Resistant Cells

Parental cells were either exposed to escalating doses of inhibitor until logarithmic growth resumed or

exposed to a high dose (3 µM) of inhibitor (PLX4720, AZD6244 or VX-11E) and the resultant resistant

clones were expanded and cultured. Parental cell lines were cultured concurrently with DMSO. Resistant

cell lines were maintained in routine culture with the addition of 3 µM inhibitor. All resistant and DMSO

parental control lines were submitted to STR profiling by the Duke University DNA Analysis Facility upon

the acquisition of resistance in order to confirm their authenticity.

9 Annexin V Apoptosis Assay

The induction of apoptosis was quantified as described previously (Martz et al., 2014). Briefly, cells were

plated in triplicate at 200,000 cells per well in six-well plates. The following day, the growth media was

removed and replaced with fresh media containing the indicated dose of drug or diluent (typically DMSO).

After a 72-hour incubation in drug, cells were washed in PBS twice and resuspended in a buffer composed of

10 mM HEPES, 140 mM NaCl and 2.5 mM CaCl2 (BD Biosciences, San Jose, CA). Apoptosis was quantified

using allophycocyanin-conjugated Annexin V and viability was assessed with 7-Amino-actinomycin D (BD

Bioscience). Gating was defined using untreated/unstained cells and treatments were evaluated at 20,000

counts using BD FACSVantage SE.
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10 RNA Extraction and Quantitative Real-Time PCR

PCR primers were obtained from Integrated DNA Technologies and are as follows: ACTB forward 5’-

CTTCCAGCCTTCCTTCCTGG-3,’ reverse 5’-AATGCCAGGGTACATGGTGG-3,’ MYC forward 5’-CCACC

AGCAGCGACTCTG-3,’ reverse 5’-TGTGAGGAGGTTTGCTGTGG-3’. Average cycle threshold (Ct) values

were determined for MYC and normalized to the reference gene, β-actin. Relative gene expression was

determined using the ∆∆Ct method.

11 Gene Expression Analysis

A375 cells (parental and evolved PLX4720-resistant clonal derivatives) expressing shGFP (parental and

resistant) or shMYC (resistant only) were grown to ∼80% confluency in triplicate in normal growth media

and submitted to gene expression analysis. RNA-Seq libraries were generated using I-L-070 Kapa stranded

mRNA-seq kit (Kappa Biosystems (Wilmington, MA) and the final libraries checked for quality control on

a Qubit Fluorometer (Thermo Fisher) and Agilent 2200 Tapestation (Agilent Technologies), which was

followed by sequencing on the Illumina HiSeq2000/2500 V4 (Illumina). RNA-seq data was processed by

the Duke University Genome Analysis and Bioinformatics Core Facility using the TrimGalore toolkit which

employs Cutadapt to trim low quality bases and Illumina sequencing adapters from the 3’ end of the

reads. Only reads that were 20nt or longer after trimming were kept for further analysis. Reads were

mapped to the GRCm37r75 version of the human genome and transcriptome (Kersey et al., 2012) using

the STAR RNA-seq alignment tool (Dobin et al., 2013). Reads were kept for subsequent analysis if they

mapped to a single genomic location. Gene counts were compiled using the HTSeq tool. Only genes that

had at least 10 reads in any given library were used in subsequent analysis. Normalization and differential

expression was carried out using the DESeq2 (Love et al., 2014) Bioconductor (Huber et al., 2015) package

with the R statistical programming environment. The false discovery rate was calculated to control for

multiple hypothesis testing. Gene set enrichment analysis (Mootha et al., 2003) was performed to identify

differentially regulated pathways and gene ontology terms for each of the comparisons performed.
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