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SUMMARY

Drug resistance represents a major challenge to achieving durable responses to cancer
therapeutics. Resistance mechanisms to epigenetically-targeted drugs remain largely unexplored.
We used BET inhibition in neuroblastoma as a prototype to model resistance to chromatin
modulatory therapeutics. Genome-scale, pooled lentiviral open reading frame (ORF) and CRISPR
knockout rescue screens nominated the PI3K pathway as promoting resistance to BET inhibition.
Transcriptomic and chromatin profiling of resistant cells revealed that global enhancer remodeling
is associated with upregulation of receptor tyrosine kinases (RTKSs), activation of PI3K signaling
and vulnerability to RTK/PI3K inhibition. Large-scale combinatorial screening with BET
inhibitors identified PI3K inhibitors among the most synergistic upfront combinations. These
studies provide a roadmap to elucidate resistance to epigenetic-targeted therapeutics and inform
efficacious combination therapies.

IN BRIEF

Using functional screens, profiling of drug resistant cells, and drug combination screens in
neuroblastoma, Iniguez et al. show that PI3K pathway activation via enhancer remodeling and
transcriptional reprogramming confers resistance to BET inhibitors (BETi) and that PI3K
inhibitors synergize with BETi.
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INTRODUCTION

The approval of targeted cancer therapeutics has initiated an age of precision medicine-
based cancer treatment. Several tyrosine kinase inhibitors (TKIs) have seen remarkable
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success in the clinic, including imatinib, a BCR-ABL inhibitor, in chronic myeloid leukemia
(Gambacorti-Passerini et al., 2011); lapatinib, a HER2 inhibitor, in HERZ-amplified breast
cancer (Geyer et al., 2006; Slamon et al., 2001); gefitinib and erlotinib, EGFR inhibitors, in
EGFR-mutant cancers (Gridelli et al., 2010; Sridhar et al., 2003; Vecchione et al., 2011);
crizotinib, an ALK inhibitor, in ALK-positive non-small cell lung cancer (Kwak et al.,
2010); and vemurafenib, a BRAF inhibitor, in BRA~mutant melanoma (Chapman et al.,
2011). In order to optimize their clinical application, extensive preclinical studies were
carried out to identify putative mechanisms of resistance to these TKIs. Shared resistance
mechanisms included mutations in the drug target (most common), reactivation of the
targeted pathway, and activation of compensatory pathways (Ramos and Bentires-Alj, 2015;
Shah et al., 2002). Importantly, these preclinical studies of resistance accurately predicted
resistance in human patients (Cools et al., 2004; Emery et al., 2009; Ercan et al., 2010;
Johannessen et al., 2010).

The second wave of targeted agents is now entering clinical trials, and these molecules are
focused on chromatin regulators. Epigenetic landscapes of tumors are frequently
dysregulated, and mutations in several genes encoding epigenetic regulators have been
identified, including genes involved in DNA methylation, chromatin remodeling complexes,
and histone acetylation and methylation (Pfister and Ashworth, 2017). The mechanisms of
resistance to many classes of epigenetic regulating drugs remain unknown.

BET (bromodomain and extra-terminal domain) protein inhibitors are a class of epigenetic
inhibitors with several molecules being evaluated in clinical trials for the treatment of
lymphoma, acute leukemia, and various solid tumors (Dawson et al., 2011; Delmore et al.,
2011; Filippakopoulos et al., 2010; Mertz et al., 2011; Zuber et al., 2011). The BET family
of proteins are epigenetic readers that regulate transcription through binding to acetylated
lysine residues on histones (Zeng and Zhou, 2002). Previous work by our laboratories and
others identified MY CN-amplified neuroblastoma as a disease sensitive to BET inhibitors
(Henssen et al., 2016; Puissant et al., 2013; Wyce et al., 2013). Neuroblastoma is a good
model system to study epigenetic-based resistance due to its low mutation frequencies with
few genes mutated recurrently other than amplification of MYCN, mutations in ALK, and
enhancer hijacking involving the telomerase reverse transcriptase ( 7ERT) gene (Molenaar et
al., 2012; Pugh et al., 2013; Sausen et al., 2013; Valentijn et al., 2015). The relatively stable
genomes of these tumors implicate epigenetic dysregulation in the pathogenesis of this
cancer.

Here, we present a roadmap for identifying mechanisms of resistance to diverse chromatin
remodeling drugs in various cancers. We took an integrative approach using functional
genomics screens, omic profiling of drug resistant cells and drug combination screens to
nominate mechanisms of resistance to BET inhibitors in neuroblastoma and to discover
efficacious drug combinations for preventing resistance.
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RESULTS

Genome-scale lentiviral ORF and CRISPR rescue screens identify three major pathways
that promote resistance to BET inhibitors

In anticipation of the testing of BET bromodomain inhibitors in neuroblastoma, we set out to
elucidate mechanisms of acquired resistance to BET inhibitors to optimize their clinical
application. We performed a genome-scale, lentiviral open reading frame (ORF) screen in
two MYCN-amplified neuroblastoma cell lines sensitive to BET inhibitors (SK-N-BE(2)-C
and LAN-1) with the BET inhibitors JQ1 and I-BET151. Cells were infected with a pooled
lentiviral ORF library containing 17,255 barcoded ORFs, resulting in the individual
overexpression of 10,135 distinct human genes with at least 99% nucleotide and protein
match (Johannessen et al., 2013; Yang et al., 2011). Cells were then selected, passaged for
3-4 doublings, and an early time point (ETP) was harvested. ORF-expressing cells were
passaged for three weeks in the presence of JQ1, I-BET151 or DMSO control (1 uM JQ1
and 5 pM 1-BET151 for SK-N-BE(2)-C (Figure S1A) and 0.5 pM JQ1 and 5 uyM I-BET151
for LAN-1). Cells were harvested and barcodes sequenced to compare log2 fold changes
(log2(FC)) in ORF distribution under each treatment condition compared to the ETP to
identify ORFs that were able to rescue the anti-viability effects of BET inhibition. ORF
representation for JQ1 and I-BET151 treatment was strongly correlated in both cell lines
(Figure 1A). ORFs were deemed hits if they had z-scores (standard deviations from the
mean) for log2(FC) expression = 2.5 with both JQ1 and I-BET151 vs. ETP. There were 154
OREF hits in the SK-N-BE(2)-C cell line, corresponding to 90 genes (Figure 1A and Table
S1), and 34 ORF hits corresponding to 22 genes in the LAN-1 cell line (Figure 1A and Table
S2). Importantly, top hits did not score in the DMSO control arm as promoting growth on
their own over time in the SK-N-BE(2)-C cell line (Figure S1B). Top scoring hits in LAN-1
cells had a modest growth-promoting effect in the DMSO arm, which was strongly enhanced
under selective drug pressure (Figure S1B). Genes that conferred resistance to both BET
inhibitors were significantly enriched for three primary pathways: PI3K/AKT signaling,
along with upstream growth factors and receptors, apoptosis, and cell cycle (Figure 1A and
Figure S1C, D).

To validate the genome-scale ORF screen, we conducted a secondary screen with 150 ORFs
targeting 150 genes in the LAN-1 cell line and in an additional MYCN-amplified
neuroblastoma cell line, CHP-212. The mini-pool lentiviral library included the top 90 ORFs
that scored as hits with both BET inhibitors in the genome-scale screen in either SK-N-
BE(2)-C or LAN-1 cells, as well as neutral control ORFs and negative control ORFs (Table
S3). ORFs corresponding to genes regulating PI3BK/AKT and cell cycle were validated as
promoting JQ1 resistance in both LAN-1 and CHP-212 cells (Figure 1B, Figure S1E and
Table S3).

In parallel, we performed a complementary genome-scale CRISPR rescue screen using the
same two neuroblastoma cell lines and BET inhibitors as in the ORF screen. Cells were
infected with the AVANA4 CRISPR, barcoded, pooled library containing 74,687 sgRNAS
with ~4 sgRNAs/gene. Infected cells were then selected and passaged for one week. An ETP
was collected and subsequently cells were treated with either JQ1 or I-BET151 for two
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weeks, collected, and sequenced to determine sgRNA distribution. There was a strong
correlation between sgRNAs scoring with both BET inhibitors in both cell lines (Figure 1C).
Genes were nominated as hits if they had a z-score > 2.5 with both BET inhibitors vs. ETP.
In the SK-N-BE(2)-C cell line, there were 39 high-scoring sgRNAS representing 19 genes
(Figure 1C and Table S4). In the LAN-1 cell line, 50 sgRNAs scored corresponding to 31
genes (Figure 1C and Table S4). Strikingly, we found that SgRNAS against genes that
repressed the three pathways nominated in the ORF screen scored very highly in the
CRISPR screen: PI3K signaling, apoptosis and cell cycle.

To validate the resistance-promoting effects of each rescue ORF, we re-expressed ten top
candidate genes in SK-N-BE(2)-C cells. We confirmed overexpression by V5 expression
(Figure 1D) or by using individual antibodies against the target ORF (Figure 1E-F). We then
treated these stably infected cells with either the vehicle control or JQ1. Overexpression of
PIK3CA and AKT1 promoted resistance to the growth suppressive effects of JQ1 (Figure
1G) and did not promote growth in the absence of drug selection (data not shown).
Additionally, eight ORFs rescued the effects of JQ1-mediated suppression of colony
formation (Figure 1H). Furthermore, low-throughput suppression of PTEN via CRISPR/
Cas9 mediated deletion also rescued the anti-viability effects of JQ1 treatment and conferred
resistance to BET inhibition, confirming results of the CRISPR screen (Figure S1F, G).

Innate and acquired BET inhibitor resistance mechanisms in MYCN-amplified
neuroblastoma

We next sought to identify innate resistance mechanisms to BET inhibition and determine
whether these were related to top pathways scoring in the genetic resistance screens. We
confirmed our previous observation (Puissant et al., 2013) and demonstrated that the

MY CN-amplified neuroblastoma cell line NGP was innately resistant to BET inhibition
(Figure 2A). We next performed proteomic and phosphoproteomic profiling of NGP cells
and the JQ1 sensitive MYCN-amplified cell lines, SK-N-BE(2)-C and CHP-212, for
comparison using a reverse phase protein array (RPPA) (Tibes et al., 2006). Among the top
20 upregulated proteins in NGP cells compared to SK-N-BE(2)-C and CHP-212 cells were
two activating AKT phosphorylation sites: pS473-AKT and pT308-AKT (Figure 2B).
Among the most downregulated proteins was PTEN, a lipid phosphatase and negative
regulator of PI3K (Figure 2C, D, E). These findings suggest high PI3K pathway activation
may underlie innate resistance to BET inhibitors in MYCN-amplified neuroblastoma.

To extend these findings to the context of naturally acquired BET inhibitor resistance, we
generated JQ1 resistant Kelly and SK-N-BE(2)-C cells by treating chronically with 1 uM of
JQ1 over several months. (Figure 2F and Figure S2A). Importantly, these resistant cells
proliferated in the presence of 1 uM JQ1, albeit at a slower rate than untreated parental cells
(Figure 2G and Figure S2B), and were cross-resistant to I-BET151 (Figure 2H and Figure
S2C). Subsequently, we performed RPPA analysis of the SK-N-BE(2)-C resistant cells
(Figure 2I) (Tibes et al., 2006). Similar to the innately JQ1-resistant NGP cells, SK-N-
BE(2)-C cells with acquired JQL1 resistance activated PI3K signaling, indicated by increased
levels of both activating phosphorylation marks on AKT, as well as compensatory increased
levels of the negative regulator PTEN (Figure 21, J). PI3K pathway activation in both JQ1
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resistant cell line models was confirmed by western blot of downstream effectors of PI3K
signaling (Figure 2K and Figure S2D).

Strikingly, genome-scale ORF and CRISPR rescue screens and the profiling of innate and
acquired BET inhibitor resistant cell lines all converged on the PI3K pathway as promoting
BET inhibitor resistance. As such, we hypothesized that BET inhibitor resistant cells would
exhibit dependency on the PI3K pathway. Indeed, both JQ1 resistant SK-N-BE(2)-C and
Kelly cells were markedly more sensitive to three distinct PI3K inhibitors compared to the
naive cells from which they were derived (Figure 2L-N and Figure S2E-G). SK-N-BE(2)-C
and Kelly JQ1 resistant cells were not cross-resistant to cytotoxic chemotherapy agents
(Figure S2H-M). Rather, they were more sensitive to cisplatin and doxorubicin and retained
similar sensitivity to etoposide (Figure S2H-M). Thus, cells with acquired resistance to BET
inhibitors demonstrate resistance mechanisms that are specific to BET inhibitors.

Enhancer remodeling underlies transcriptional changes observed in the resistant state

We next sought to elucidate the molecular basis of PI3K activation in resistance. Whole
exome sequencing of JQ1 resistant SK-N-BE(2)-C and Kelly cells revealed no mutations in
PI13K pathway members, and furthermore, there were no mutations in genes encoding BRD
proteins (not shown). We thus performed RNA-sequencing of JQ1 resistant and naive SK-N-
BE(2)-C and Kelly cells, treated with vehicle or JQ1 for 24 hours, to determine whether
altered transcription was responsible for PI3K pathway upregulation in resistant cells.
Expression of a large panel of housekeeping genes (Eisenberg and Levanon, 2013) was
stable across conditions (Figure S3A-D). We also noted that JQ1 activity in the naive state
downregulated more genes than it upregulated, consistent with the known repressive role of
JQ1 on gene expression (Figure S3E, F). Our previously published gene signature of JQ1
treatment (Puissant et al., 2013) was strongly significantly enriched in JQ1-treated SK-N-
BE(2)-C and Kelly naive cells (Figure S3G, H). We observed global differential gene
expression in resistant vs. naive cells in both cell line models of BETi resistance (Figure 3A,
B). Surprisingly, expression of the majority of genes downregulated by JQ1 in naive cells
did not increase in resistant cells (Figure 3C, D).

We hypothesized that gene expression changes observed in resistance are mediated by
chromatin remodeling since JQ1 has been shown to preferentially repress genes marked by
super-enhancers (SEs), regions in the genome that have high H3K27Ac and BRD4 binding
(Loven et al., 2013). We therefore profiled genome-wide distribution of H3K27Ac by ChiP-
sequencing of JQ1 naive and resistant cells across both cell line models (Fig S3I-P). In
concordance with previous studies, SE-associated genes: HAND1/2, GATA3, and PHOXZB,
were identified in naive cells (Boeva et al., 2017; Chipumuro et al., 2014; van Groningen et
al., 2017, Durbin et al., 2018). SE-marked genes and typical enhancer (TE)-marked genes,
defined by high H3K27Ac signal in enhancer regions, were preferentially repressed by JQ1
(Figure S4A, B). We found that enhancers were remodeled in the resistant vs. naive state
(Figure 3E, F). In fact, there were 311 genes marked by “de novo” SEs and 1,271 genes
marked by “de novo’ TEs, in addition to 136 genes which lost a SE and 750 genes which
lost a TE in the SK-N-BE(2)-C resistant cells (Figure S4C, D). Similar results were
observed in the Kelly resistant vs. naive cells (Figure S4E, F). Enhancers gained in
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resistance were associated with increased transcriptional changes observed in resistance;
whereas enhancers lost in resistance were associated with decreased transcriptional changes
observed in resistance (Figure 3G, H and Figure S4G, H). Among genes transcriptionally
upregulated in resistance and associated with a nearby enhancer, 69.2% and 55.87% gained
H3K27Ac signal in these enhancer regions in SK-N-BE(2)-C and Kelly cells respectively
(Figure S4l, J). Conversely, among genes transcriptionally downregulated in resistance and
associated with an enhancer, the majority either lost H3K27Ac signal or showed no change
in H3K27Ac signal in these enhancer regions (Figure S41, J). Taken together, these results
establish that transcriptional changes characterizing the resistant state are associated with
global enhancer remodeling.

To further explore the mechanism of enhancer remodeling in resistance, we performed
BRD4 ChlP-sequencing in SK-N-BE(2)-C naive and JQ1 resistant cells treated with vehicle
or JQ1 for 24 hr. Consistent with the known activity of BET inhibitors, JQ1 treatment in
naive cells preferentially repressed genes with high levels of BRD4 binding (i.e., SE and TE
marked genes defined by levels of BRD4 AUC signal) (Figure S4K). BRD4 binding in the
resistant state was suppressed at both BRD4-defined and H3K27Ac-defined enhancers and
was further suppressed by JQ1 treatment (Figure 31, J). BRD4 was globally repressed
regardless of alterations (gained or lost) in H3K27Ac signal in the resistant state (Figure
3K). Among genes upregulated in resistance and nearby a BRD4-defined enhancer, BRD4
was gained in 45.09% of cases (Figure S4L). However, among the genes downregulated in
resistance and nearby a BRD4-defined enhancer, BRD4 was lost in the majority, 61.60%, of
cases (Figure S4L). Similar effects were observed for BRD4 signal restricted to H3K27Ac-
defined enhancers. Among genes upregulated in resistance and nearby an H3K27Ac
enhancer, BRD4 was gained in 51.9% of cases (Figure S4M). However, among genes
downregulated in resistance and nearby an H3K27Ac-defined enhancer, BRD4 was lost in
80.9% of cases (Figure S4M).

We then assessed the combined effect of BRD4 and H3K27Ac chromatin remodeling in
resistance. Gains in H3K27Ac signal in enhancer regions were strongly associated with
transcriptional upregulation in resistance; whereas, losses of BRDA4 signal in enhancer
regions were strongly associated with transcriptional downregulation in resistance (Figure
3L). Among genes upregulated in resistance and nearby an enhancer, the vast majority either
gained both H3K27Ac and BRD4 signal or gained H3K27Ac and lost BRD4 signal in
resistance (Figure 3M). In contrast, among genes downregulated in resistance and nearby an
enhancer, the vast majority either lost both H3K27Ac and BRD4 signal, or solely lost BRD4
signal and H3K27Ac remained conserved (Figure 3N). Thus, the global BRD4 loss observed
in the resistant state is able to account for the majority of transcriptionally downregulated
changes in resistance; whereas, H3K27Ac gains can account for the majority of
transcriptionally upregulated changes in resistance.

Differential RTK reprogramming engenders therapeutic vulnerabilities in the resistant state

We hypothesized that the molecular basis of PI3K activation was mediated through
activation of upstream growth factors and receptor tyrosine kinases. We queried the human
kinome (Manning et al., 2002) and found that transcription of 19 RTK family genes were
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upregulated (log2(FC) expression > 1) and also associated with gained H3K27Ac-defined
enhancers in the resistant vs. naive state in SK-N-BE(2)-C cells (Figure 4A). Interestingly,
10 out of the 19 RTK genes were newly expressed in the resistant vs. naive state, with
log2(FPKM+1) expression in the naive state less than 1, and high expression in the resistant
state. The EGFR family member, ERBB4, and its ligand NRG1, were the top scoring growth
factors/RTKs transcriptionally activated in resistance (Figure 4B, C), and both genes
encoding these proteins were associated with de novo enhancers in the resistant vs. naive
state (Figure 4D, E). Co-overexpression of ERBB4 and NRGI in naive cells was sufficient
to activate PI3K signaling (Figure 4F) and to partially rescue JQ1-mediated cell death
(Figure 4G, H). Importantly, overexpression of £RBB4 or NRGI on their own was not
sufficient to promote resistance to BET inhibition (Figure 4G, H), explaining why these
genes did not score in the ORF rescue screen. We also performed similar analyses in the
Kelly resistant model and found that ALK, RET and K/TLG were transcriptionally
upregulated (log2(FC) expression > 1) (Figure S5A-S5D) and also associated with gained
enhancers in the resistant vs. naive state (Figure S5A-G). In the SK-N-BE(2)-C cell line,
upregulation of ERBB4 and NRG1 were observed at the protein level in cells with acquired
BET inhibitor resistance (Figure 41). This upregulation engendered a vulnerability to the
EGFR/ERBBA4 inhibitor, lapatinib (Figure 4J). Importantly, ALK was not upregulated at a
protein level in the resistant state in these cells (Figure 41), and accordingly, the cells were
not differentially sensitive to the ALK inhibitor, crizotinib (Figure 4K). Analogously, in the
Kelly cell line, ALK was strongly upregulated in resistance, while ERBB4 and NRG1 were
not (Figure 4L), engendering vulnerability to crizotinib but not to lapatinib (Figure 4M, N).
Taken together, our data demonstrate that upstream regulators of PI3K signaling undergo
enhancer remodeling associated with their overexpression, and subsequent activation of
PI13K signaling in the resistant state, engendering vulnerability to agents that target these
kinases.

Activation of PI3K signaling induces gene expression changes and enhancer remodeling
associated with the drug resistant state

We next performed RNA-sequencing of SK-N-BE(2)-C cells engineered to overexpress
either a GFP control or PIK3CA (Figure 5A) and found significant enrichment for genes
upregulated in resistance among genes upregulated by PIK3CA overexpression and vice
versa (Figure 5B). We similarly found a significant enrichment for downregulated genes
(Figure 5C). We then performed H3K27Ac ChIP-sequencing of these engineered cells. We
found that PIK3CA overexpression was associated with alterations in enhancers (Figure
5D), and genes that gain enhancers when PIK3CA was overexpressed were on average
transcriptionally upregulated by PIK3CA overexpression (Figure 5E).

In addition, the large majority of genes upregulated by PIK3CA overexpression also gained
an enhancer when PIK3CA was overexpressed; and the majority of genes downregulated by
PIK3CA overexpression lost an enhancer when PIK3CA was overexpressed (Figure 5F).
Importantly, genes associated with gained enhancers when PIK3CA was overexpressed
were, on average, transcriptionally upregulated in JQ1 resistant cells (Figure 5G).
Consistently, the majority of genes upregulated in resistance gained enhancers when
PIK3CA was overexpressed and the majority of genes downregulated in resistance were
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associated with enhancers lost when PIK3CA was overexpressed (Figure 5H). Furthermore,
there was significant overlap between genes upregulated transcriptionally in JQ1 resistance
which gained an enhancer in JQ1 resistance and genes transcriptionally upregulated in
resistance which gained an enhancer when PIK3CA was overexpressed (Figure 51). There
was a similarly significant overlap among genes downregulated in resistance with a lost
enhancer in resistance and genes downregulated in resistance with a lost enhancer with
PIK3CA overexpression (Figure 5J). Finally, H3K27Ac-defined enhancers gained in
resistant vs. naive cells and PIK3CA vs. GFP cells were associated with strong
transcriptional upregulation in resistance; whereas, H3K27Ac-defined enhancer losses were
associated with strong transcriptional downregulation in the resistant state (Figure 5K).
Collectively, these results demonstrate that PI3K overexpression can, in part, recapitulate
both the enhancer remodeling and the transcriptional changes associated with BET inhibitor
resistance.

Identification of upfront synergistic combination therapies

We next sought to systematically identify synergistic combinations of drugs with BET
inhibitors in the naive cell state in order to identify effective combination strategies to block
emergent resistance. We thus screened JQ1 against the Mechanism Interrogation PlatE
(MIPE) library of ~1900 oncology focused compounds possessing diverse mechanisms of
action (Mathews Griner et al., 2014) in the SK-N-BE(2)-C and LAN-1 cell lines (Figure
6A). PI3K inhibitors were enriched among the compounds that scored as synergistic with
JQ1 in both cell lines (Figure 6A and Table S5). Validation of two PI3K inhibitors that
scored in the chemical screen, BKM120 and GDC0941, demonstrated strong synergy with
JQ1 based on the Chou-Talalay combination index (CI) model across a diverse panel of
neuroblastoma cell lines (Figure 6B and Fig S6A-P) (Chou and Talalay, 1984). Importantly,
in the innately BETi resistant NGP cells, treatment with PI3K inhibitors sensitized the cells
to BET inhibition (Fig S6Q). Additionally, strong synergy was observed with PI3K and BET
inhibitors in the NGP cell line (Figure 6B), strengthening the rationale to combine PI3K and
BET inhibitors in the upfront setting. This provides support for the concept that studying
adaptive mechanisms of resistance also allow for the identification of innate mechanisms of
resistance. Furthermore, we screened I-BET151 across 58 compounds selected for validation
from the primary 1900 compound, JQ1 sensitizer screen and used an apoptosis assay as the
readout (Figure S6R). Two PI3K inhibitors scored among the top 9 synergistic combinations
with I-BET151 (Figure S6R), further supporting the rationale for combining PI3K and BET
inhibition.

To assess the /n vivo efficacy of combining PI3K and BET inhibitors, we performed a four-
arm study in an aggressive SK-N-BE(2)-C xenograft mouse model of MYCN-amplified
neuroblastoma. The combination of JQ1 and GDCQ0941 treatment delayed tumor progression
and increased overall survival compared to either single agent alone (Figure 7A, B) with the
combination incurring mild weight loss at 7-11 days of treatment (<15%) (Figure 7C). We
performed additional preclinical studies with JQ1 and GDC0941 as single agents and in
combination in a patient-derived xenograft (PDX) mouse model of MYCN-amplified
neuroblastoma. In this model, JQ1 and GDC0941 strongly decreased tumor progression and
increased survival to a greater extent in combination than as single agents (Figure 7D, E).
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Furthermore, although initial weight loss was observed at fourteen days of treatment, mouse
weights increased and then plateaued after prolonged treatment. In fact, there was no
statistical difference in weight among treatment groups at 28 days when treatment was
ended (Figure 7F). Notably, our studies provide proof-of-concept that identification of
resistance mechanisms to a drug can inform upfront synergistic combination therapies.

DISCUSSION

Systematic analysis of cancer genomes has revealed that pediatric cancers are among the
most genetically stable tumors (Lawrence et al., 2013). Pediatric neuroblastoma tumors in
particular harbor few recurrently mutated genes (Molenaar et al., 2012; Pugh et al., 2013;
Sausen et al., 2013; Valentijn et al., 2015). The low mutation rates of many pediatric cancers
suggest that these tumors are epigenetically dysregulated, making epigenetic regulators
promising therapeutic targets. BET inhibitors are a class of epigenetic-targeting drugs being
evaluated in clinical trials. Currently, there are 16 active clinical trials with BET inhibitors in
various malignancies. Results from many of these trials have not been reported; however,
OTXO015, a BET protein inhibitor developed by OncoEthix, was tested in a phase | study for
acute leukemia and three complete remissions in patients with refractory disease were
documented (Berthon et al., 2016). Additionally, early reports of the BET inhibitor
CPI-0610 have demonstrated anti-tumor effects in B-cell lymphoma and follicular
lymphoma (Pfister and Ashworth, 2017). As initial findings of these trials support further
development of BET inhibitors, studies of resistance mechanisms are needed in order to
optimize their clinical application and to achieve durable responses to treatment. Here, we
deployed a comprehensive genome-scale functional genomics approach to identify
mechanisms of BET inhibitor resistance in neuroblastoma in an effort to prioritize upfront
clinical combination therapies to prevent treatment failure and relapsed disease. The studies
presented here provide a framework to identify mechanisms of resistance to diverse
chromatin remodeling agents in varied cancer types.

Reported mechanisms of BET inhibitor resistance are distinct, implicating the importance of
cellular context in understanding BET protein activity and resistance. BET inhibitor resistant
AML cells have been shown to arise from leukemic stem cells driven by high Wnt signaling
(Fong et al., 2015). Another study found that suppression of the PRC2 complex member,
SUZ12, promoted BET inhibitor resistance in AML (Rathert et al., 2015). Furthermore,
PRC2 suppression was able to restore expression of key target genes of BET inhibitors, such
as MYC, through a WNT-dependent mechanism (Rathert et al., 2015). In triple negative
breast cancer (TNBC), BET inhibitor resistant cells have hyperphosphorylated BRD4 as a
result of decreased PP2A activity and bromodomain independent recruitment of BRD4 to
chromatin (Shu et al., 2016). Consistent with our study, BET inhibitor resistant TNBC cells
gain SEs, resulting in increased transcription of these SE-marked genes (Shu et al., 2016).
Finally, adaptive kinome reprogramming in BET inhibitor resistant ovarian cancer cells was
shown to activate several pro-survival compensatory kinases (Kurimchak et al., 2016). The
molecular basis of kinome reprograming; however, remained unanswered. In the current
study we analyzed proteomic, and epigenetic changes characterizing resistance, to explore
the molecular basis for the adaptive kinome reprogramming observed. Our work
demonstrates that altered enhancer remodeling is strongly associated with activation of PI3K
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signaling driving resistance. We intentionally focused on enhancer regulatory regions due to
the known role of BETi in regulating these genomic locations. Future work is still needed to
identify the contributions of other chromatin marks in defining the drug resistant state. Due
to technical challenges, we have been unable to delete these enhancers via CRISPR to
validate their function. Therefore, future work is also needed to effectively prove that the
enhancer remodeling observed is sufficient to promote BET inhibitor resistance in this
disease.

Importantly, we report that the combination of JQ1 and the PI3K inhibitor, GDC0941,
significantly delayed tumor progression and extended survival of mice compared to either
single agent alone in two aggressive mouse models of MYCN-amplified neuroblastoma.
These studies nominate combination therapies that will enhance the efficacy of each drug
and potentially prevent therapy resistance. Future work is needed to evaluate this
combination in other molecular subtypes of neuroblastoma (hamely, non-MYCN amplified
tumors) as well as to evaluate the efficacy of clinical candidate molecules. Overall, our
findings indicate that divergent chromatin states underlie resistance to BET inhibitors and
engender vulnerabilities that can be exploited to block emergent resistance.

STAR METHODS

Contact for Reagent and Resource Sharing

Requests for resources and reagents should be directed to and will be fulfilled by the Lead
Contact, Kimberly Stegmaier (kimberly_stegmaier@dfci.harvard.edu).

Experimental Model and Subject Details

Cell Culture—Human neuroblastoma cell lines, KELLY, CHP-212, and LAN-1 were
provided by the Broad Institute. SK-N-BE(2)-C and SHSY5Y were purchased from ATCC.
NGP cells were kindly provided by Dr. Rani George. EBC1 cells were kindly provided by
Dr. A. Thomas Look. Cell line identities were confirmed by STR profiling at the Dana-
Farber Cancer Institute.

Generation of JQ1 Resistant Cell Lines—JQL1 resistant neuroblastoma cell lines were
established by exposing naive neuroblastoma cell lines to 1 uM of chronic JQ1 treatment
over several months. Cells that eventually proliferated in the presence of 1 uM JQ1 were
designated as JQ1 resistant cell lines.

In vivo Tumor Models—TFor cell line xenograft studies, eight-week old nude female mice
were subcutaneously implanted with 1x1076 SK-N-BE(2)-C cells in 30% matrigel/PBS. For
PDX studies, a PDX mouse model of MYCN-amplified neuroblastoma was established from
a tumor resected at time of diagnosis (COG-N-424X) from a patient with Stage 4 disease.
Samples were obtained from the Children’s Oncology Group’s Childhood Cancer
Repository. Informed consent was obtained and studies were approved by COG protocols.
1mm3 viably frozen tumor chunks were dipped in matrigel and implanted into the right
flanks of eight-week old nude female mice via minor surgery. Once tumors engrafted and
reached 100-150 mm3, treatment was initiated. Mice were randomized into four groups:
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vehicle, JQ1, GDC0941, or the combination of JQ1+GDC0941. JQ1 was delivered at 50
mg/kg QD IP and solubilized in 10% DMSO and 90% HPBCD. GDC0941 was delivered at
100 mg/kg QD PO and solubilized in 10% DMSO, 5% Tween20, 85% water. Mice were
treated for 14 days or 28 days for the SK-N-BE(2)-C xenograft and PDX studies
respectively, and followed for survival. Tumors were measured by calipers 2x week. Mice
were weighed 2x week. Animals were sacrificed when tumors reached 2 cm in any one
dimension. All dosing was performed at the Dana-Farber Cancer institute, and all animal
protocols were approved by the Dana-Farber Cancer Institute Animal Care and Use
Committee. Nude mice were maintained according to institutional guidelines.

Method Details Chemicals

JQ1 was synthesized by Dr. Jun Qi (Dana-Farber Cancer Institute). All other compounds for
in vitro synergy experiments were obtained from Selleck. GDC0941 used for /n vivo studies
was obtained from ApexBio.

Western Blotting—~Proteins were extracted using Lysis Buffer (Cell Signaling
Technology) supplemented with Complete, EDTA-free Protease Inhibitor Cocktail (Roche
Diagnostics). Protein samples were separated by SDS-PAGE and subsequently transferred to
PVDF membranes, which were blocked in 5% BSA and incubated with primary antibodies
against V5 (Life Technologies Cat. No. R960-25), GAPDH (Santa Cruz Cat. No.
sc-137179), HSP90 (Abcam Cat. No. ab13492), Vinculin (Abcam Cat. No. 18058), pRPS6
(Cell Signaling Technology Cat. No. 2215), p-AKT (Cell Signaling Technology Cat. No.
9271), p-4EBP1 (Cell Signaling Technology Cat. No. 2855), total RPS6 (Cell Signaling
Technology Cat. No. 2217), total AKT (Cell Signaling Technology Cat. No. 9272), total
4EBP1 (Cell Signaling Technology Cat. No. 9644), ALK (Cell Signaling Technology Cat.
No. 3633), PTEN (Cell Signaling Technology Cat. No. 9552), ERBB4 (Cell Signaling
Technology, Cat. No. 4795), NRG1 (Abcam Cat. No. ab180808), BCL2L1 (Cell Signaling
Cat. No. 2762), and BCL2L2 (Sigma Cat. No. SAB4502627). Membranes were washed in
TBS-T and incubated with the appropriate horseradish peroxidase-conjugated secondary
antibodies. Signal was detected by enhanced chemi-luminescence (ThermoFisher Scientific).

Colony Formation Assays—Using a 16 gauge blunt end needle, 6 mL of ClonaCell-
TCS Medium (Stemcell Cat. No. 03814) was added to 1.5 mL of neuroblastoma cells
resuspended at 5,000 cells/mL. The solution was vortexed and 3 mL of methylcellulose/cells
was added to a 6 cm dish in technical duplicate. Colonies were stained with MTT for 1 hr at
37°C and counted 10-14 days after plating when visible by the naked eye.

Lentiviral Infections—Lentivirus was generated by transfecting HEK-293T cells with the
indicated vectors and the packaging plasmids, delta8.9 and VSVG, following the Fugene 6
protocol (Promega). Neuroblastoma cells were infected with 2 mL of virus and 8 pg/mL
polybrene. Cells were selected with puromycin containing media 48 hours after infection.

Low-throughput JQ1 Rescue Experiments—Lentiviral infected cells were seeded
onto 6 well plates in technical duplicate and were treated with DMSO or 1 uM JQ1. For
ERBB4/NRGL1 rescue experiments, cells were treated with 100 ng/mL recombinant human

Cancer Cell. Author manuscript; available in PMC 2019 December 10.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Iniguez et al.

Page 13

NRG1 (R&D systems) twice per day. Cumulative population doublings were calculated by
manually counting cells every 3—4 days for a total of 14 days.

ORFeome and CRISPR Library Titration—Accurate virus volumes to use in large
scale were determined in each cell line in order to achieve 30-40% infection efficiency,
corresponding to a multiplicity of infection (MOI) of ~ 0.5-1. Spin-infections were
performed in 12-well plate format with 3 x 10% and 1.5 x 106 cells each well for SK-N-
BE(2)-C and LAN-1, respectively, with virus volumes (0,100, 200, 300, 400, 500 uL) with a
final concentration of 8 pg/mL polybrene. Cells were spin-infected for 2 hours at 2000 rpm
at 30 degrees. 24 hours later, cells were trypsinized and 2 x 10° SK-N-BE(2)-C cells and 3.5
x 10° LAN-1 cells from each infection, were seeded into duplicate wells in 6-well plates,
each with complete medium and one treated with puromycin. 72-96 hours after selection,
cells were counted to determine the amount of virus that yielded ~30 — 40% infection
efficiency, and this amount was used for screening.

Genome-scale ORF Rescue Screens—The ORFeome barcoded library contains
17,255 barcoded ORFs overexpressing 10,135 distinct human genes with at least 99%
nucleotide and protein match. Screening-scale infections of the ORFeome library were
performed to achieve a representation of at least 1000 cells per ORF (~2 x 107 surviving
cells containing 17,255 ORFs). Infections were performed with the optimized virus volume
in 12-well format and pooled 24 hours post-infection. Approximately 24 hours after
infection, all wells within a replicate were pooled and 48 hours after infection, cells were
selected with puromycin. After selection was completed, 3 x 107 cells were divided into
drug treated (1 uM JQ1 and 5 uM I-BET151 for SK-N-BE(2)-C and 0.5 pM JQ1 and 5 uM
I-BET151 for LAN-1) and vehicle treated arms. Cells were passaged in fresh media
containing drugs every 3—4 days, and throughout the screen we maintained an average
representation of 1,000 cells per ORF construct. Cells were harvested 14-15 days after
initiation of treatment. For both ORF screens, genomic DNA (gDNA) was isolated using
Maxi (2 x 1071 x 108 cells) or Midi (5 x 10% -3 x 107cells) kits according to the
manufacturer’s protocol (Qiagen). PCR and sequencing were performed as previously
described (Doench et al., 2016). We performed three replicates for the ETP and four
replicates for the late time point for each cell line and each drug.

Genome-scale CRISPR Rescue Screens—CRISPR rescue screens were carried out
using the CRISPR Avana library containing 74,687 guide RNAs corresponding to 4 gRNAs
per gene (Doench et al., 2016). Infections were performed to achieve a representation of at
least 500 cells per guide. The infection rate was confirmed to be ~30-50%. Approximately
24 hours post-infection, cells were pooled and selected in puromycin. Seven days later, cells
were divided into drug treated arms (1 uM JQ1 and 5 uM of I-BET151 for SK-N-BE(2)-C
and 0.5 uM JQ1 and 5 uM I-BET151). Cells were passaged in fresh media containing drugs
every 3—4 days, and throughout the screen we maintained an average representation of 500
cells per sgRNA. Cells were harvested 14-15 days after initiation of treatment. Genomic
DNA extraction and sequencing were carried out as in the ORF screen. We performed two
replicates for the ETP and four replicates for the late time point for each cell line and each
drug.
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Reverse Phase Protein Array (RPPA)—RPPA data were generated by the RPPA core
facility at the MD Anderson Cancer Center (Tibes et al., 2006). Cell lysates were serially
diluted and arrayed on nitrocellulose-coated slides. Slides were probed with 287 unique
antibodies by tyramide-based signal amplification and visualized by DAB (3,3’-
diaminobenzidine) staining. Stained slides were quantified by Array-Pro Analyzer. All
protein expression was normalized for protein loading before LogFCs were calculated
between conditions.

RNA-sequencing—RNA was extracted from cells with the RNeasy Kit and on-column
DNA digestion (Qiagen). For RNA-sequencing of SK-N-BE(2)-C cells, polyA mRNA was
isolated and libraries were prepared using the TruSeq Stranded mRNA Kit (Illumina)
according to the manufacturer’s protocol. For RNA-sequencing of Kelly cells, polyA mRNA
was isolated using the NebNext PolyA mRNA magnetic isolation module (NEB #E7490)
according to manufacturer’s instructions. Libraries were prepared using the NebNext Ultra Il
Directional RNA library prep kit for Illumina (NEB #E7760) and NEBNext Multiplex
Oligos for Illumina (E7355) according to the manufacturer’s protocol. All samples were
sequenced on a NextSeq500 instrument with single-end 75bp reads to a depth of 30-50M
reads/sample.

RNA-sequencing Data Processing—Quality control tests for the mapped reads were
performed using the FASTQC software (www.bioinformatics.babraham.ac.uk/projects/
fastqc/). The reads were aligned to the GRCh37/hg19 human genes by using Tophat2 v2
(Kim et al., 2013). Quality control tests for the aligned reads and for the replicate
consistency were performed by using the qualimap v2.2 (Garcia-Alcalde et al., 2012) and
the SARTools (Hugo Varet, 2015) pipelines. The total number of reads for individual
samples ranged from 35 to 54 Mb. The average percentage of uniquely mapped reads in the
aligned data was 92.3%, with a standard deviation 1.8%.

Gene level reads and gene level expression estimated as log2(FPKM) scores were computed
using the Feature Counts method implemented in the Bioconductor v3.2 RSubread package
(Liao et al., 2014). The genome-wide expression data were projected onto a heatmap by
using the Morpheus platform, (https://software.broadinstitute.org/morpheus). The overall
significance of the differential expression between the control and treatment phenotypes was
estimated by using the EdgeR method available from the Bioconductor v3.2 EdgeR library
(Robinson et al., 2010) with the significance cut-offs: absolute fold change for log2(FPKM
+1) expression = 1, £< 0.05, Benjamini-Hochberg false discovery rate (FDR) < 0.05.

Gene Set Enrichment Analysis (GSEA)—GSEA v3.0 software (Mootha et al., 2003;
Subramanian et al., 2005) was used to identify functional associations of the genome-wide
molecular profiles. Significance cut-offs were assessed based on the GSEA standard
recommendations: absolute Normalized Enrichment Score (NES) = 1, p < 0.05, Benjamini-
Hochberg false discovery rate < 0.25.
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ChlP-sequencing

H3K27Ac ChlP-sequencing: Neuroblastoma cells were plated in 15 cm dishes and grown
to 70-80% confluence. Twenty million cells per condition were collected and washed twice
in ice cold PBS. Cells were then crosslinked with 1% formaldehyde in cell culture media for
4 minutes and then quenched with 0.125 M glycine and 0.1M Tris HCI pH 7.5. Cells were
lysed in 50 mM Tris-HCI pH 8.1, 5 mM EDTA, 0.5% SDS, 0.2% sodium azide and 100 mM
NaCl supplemented with protease inhibitors (Roche). Debris was spun off. Cells were
incubated in a 2:1 mixture of lysis buffer:dilution buffer (100 mM Tris HcL, pH 8.6, 100
mM NaCl, 5 mM EDTA, 0.2% sodium azide, and 5% Triton X-100). Chromatin was sheared
to ~250 bp fragments using a Covaris instrument. Subsequently, 0.5% of the lysate was
removed as the input control. The remaining lysate was incubated with 50 uL of protein A
dynabeads (Thermofisher) and 5 ug of H3K27Ac antibody (ab4729, Abcam) at 4°C
overnight (antibodies and beads were incubated together for 30 min at 4°C prior to the
addition of cell lysate). The precipitated lysate was then washed sequentially in two washes
of each of the following buffers: ice cold low salt buffer (20 mM Tris-HCI pH 8.1, 150 mM
NaCl, 2 mM EDTA, 1% Triton-X100, 0.1% SDS), high salt buffer (20 mM Tris-HCI pH 8.1,
2 mM EDTA, 500 mM NaCl, 1% Triton-X100, 0.1% SDS), LiCl buffer (10 mM Tris-HCI
pH 8.1, 0.25 M LiCl, 1 mM EDTA, 1% deoxycholic acid, 1% IGEPAL CA-630) and TE
buffer (10 mM Tris-HCI pH 8.1, 1 mM EDTA). Samples were eluted in 1% SDS, 0.1M
sodium bicarbonate for 15 min at RT. RNase A, proteinase K, and 0.2M NaCl was added to
the elution buffer and samples were incubated at 65°C for >4 hours to reverse cross-linking.
DNA was purified using AMPure XP beads (Agencourt). ChlP libraries were prepared using
the Rubicon Genomics Thruplex DNA-seq prep kit according to the manufacturer’s
protocol, and libraries were sequenced on a single-end 75bp NextSeq run.

BRD4 ChlP-sequencing: Neuroblastoma cells were plated in 15 cm dishes and grown to
70-80% confluence. 100 million cells per condition were used. Cells were crosslinked in the
dishes with 1% formaldehyde in cell culture media for 15 minutes, swirling every five
minutes, and then quenched with ~0.2M Tris HCI pH 7.5. Cells were scraped off the plate
and washed in ice cold PBS. 10 ug of BRD4 antibody (Bethyl, Cat. No. A301-985A100)
was incubated with 100 pL of Protein G Dynabeads per condition overnight at 4°C. During
the incubation, cells were lysed in Nuclei EZ lysis buffer (Sigma) for 5 min at 4°C. Debris
was spun off and cells were incubated in buffer containing: Hepes-KOH, NaCl, EDTA (pH
8.0), EGTA (pH 8.0), Triton X-100, sodium deoxycholate and SDS and sonicated overnight
on a Covaris instrument to shear chromatin to ~250-300 bp fragments. 2.5% of the lysate
was removed as the input control. The antibody: bead solution was then added to the
sonicated samples overnight at 4°C. The precipitated lysate was then washed sequentially
with sonication buffer, high-salt sonication buffer, LiCl buffer, and TE. Samples were eluted
and decrosslinked in 0.05 M Tris-HCI (pH 8.0), 1% SDS, and 10 mM EDTA at 65°C
overnight. DNA was purified using Phenol:Chloroform:lsoamyl alcohol. ChIP libraries were
prepared using the Rubicon Genomics Thruplex DNA-seq prep Kit according to the
manufacturer’s protocol, and libraries were sequenced on a single-end 75bp NextSeq run.

ChlP-sequencing Data Analysis—All of the ChIP-sequencing data sets were aligned
using bwa-mem v0.7.15 (Li and Durbin, 2010) with the parameters -M -t 8, to the build
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version NCBI37/hg19 of the human genome. Quality control tests were performed based on
the FastQC v.0.11.2 software (Babraham Bioinformatics, http://
www.bioinformatics.babraham.ac.uk/projects/fastqc/) and by using the ChIPQC library
available from Bioconductor v3.2 (Carroll et al., 2014).

The ChlP-sequencing peaks for H3K27Ac and BRD4 were identified using MACS v1.4.3
(Feng et al., 2012). The significance cut-off for the p value was set < 1e-09 for all the
H3K27Ac and BRDA4 peaks, except for the H3K27Ac peaks on the SK-N-BE(2)-C naive and
JQ1 resistant cells for which the cut-off was set < 1e-05. The peaks were annotated by using
the Annotate Peaks function available in the Homer v4.7 package (Heinz et al., 2010).
Active enhancers were defined as significantly enriched regions which are outside promoters
(i.e., not fully contained within +2 kb region flanking the promoter) (Loven et al., 2013).
The active enhancers within 12.5 kb of one another were stitched together, and the stitched
regions spanning more than two promoters were excluded. The total ChIP occupancy signal
at enhancers expressed in units of reads per million mapped reads per bp (rpm/bp) was
computed by using the DeepTools v2.2.3 software (Ramirez et al., 2014) as the area under
curve formula based on the H3K27Ac normalized signal with background input signal
subtracted. The stitched active enhancers (“enhancers” for short) were ranked based on
increasing total ChIP occupancy normalized signal and an inflection point in the signal
distribution was geometrically detected. Super-enhancers (SEs) were defined as those
stitched active enhancers with total ChIP occupancy signal above the inflection cut-off.
Typical enhancers (TEs) were defined as those stitched active enhancers with total ChIP
occupancy signal below the inflection cut-off. For the purpose of our study, we refer to SEs
and TEs as “enhancers” for short.

Differential SE regions between resistant vs. naive states were defined as in (Brown et al.,
2014). Area under curve (AUC) for background subtracted H3K27Ac signal was calculated
for all enhancer regions considered super in at least one condition. SEs were classified based
on the log2 fold change signal: >1 gained, <-1 lost, and between —0.25 — 0.25 conserved.
Differential TE regions between resistant vs. naive states were defined similarly, based on
the signal changes in non-SE, enhancer regions considered typical in at least one condition.
Differential enhancer regions between resistant vs. naive states were defined similarly, based
on the signal changes in enhancer regions, with no other further requirement. Genes were
annotated to enhancers based on the hg19 RefSeq basal+extension association rule: 5000 bp
upstream, 1000 bp downstream, 100 kb max extension, curated regulatory domains included
(McLean et al., 2010).

Cell Viability and Synergy Studies—Cells were resuspended at 25,000 cells/mL and
seeded at 40 pl/ well onto 384-well plates. Cells were then treated with a single agent or
combination of compounds and analyzed for cell viability on days 0, 3, 5 and 7 post-
treatment using the Cell-TiterGlo luminescent assay kit (Promega) according to the
manufacturer’s protocol. Luminescence was read on a Fluostar Omega Reader (BMG
Labtech).

Synergy Analysis—To assess whether individual treatment combinations were
synergistic, additive, or antagonistic we computed the combination index (CI) scores for
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Loewe Additivity based on the Chou-Talalay Median Effect model (Chou, 2006; Chou,
2010; Chou and Talalay, 1984) as implemented in CalcuSyn v2.11 (http://
www.biosoft.com/w/calcusyn.htm). The median effect model states that the effect x of a
dose of a drug is described by the equation x{1-x) = (d/D;cs0)™ , where D\csg is the ICs
dose of the drug, and m is a parameter that is estimated from the dose-effect curve kinetics
of the drug: m =1 (hyperbolic), m> 1 (sigmoidal), m < 1 (flat sigmoidal). Loewe additivity
is a dose-effect model which states that additivity occurs in a two-drug combination if the
sum of the ratios of the dose vs. the median-effect for each individual drug is d1/Djcsp, 1 +
do/Dycsp, 2 = 1, where dy, dy are the doses for the two drugs, and Dcsp, 1 and Dycsg 2
represent the 1Csg concentrations (median-effect) for the two drugs, respectively. Chou and
Talalay (Chou and Talalay, 1984) showed that Loewe equations are valid for enzyme
inhibitors with similar mechanisms of action -- either competitive or non-competitive toward
the substrate.

The Chou-Talalay Combination Index for Loewe Additivity model assigns a quantitative
measure to any given effect x produced by the combination of dose d; of drug 1 and dose d,
of drug 2: Cl = d1/Dxq + do/D Xy, where Dx; is the dose of drug 1 that alone produces the
effect xand Dx; is the dose of drug 2 that alone produces the effect x, as estimated from the
median effect model. The drug combinations were analyzed based on two types of
diagnostic plots:Effect-oriented plots (combination index plots): the effect x of the drug
combination on the X axis, and Cl = d1/D,; + do/Dy, on the Y axis, and Dose-oriented
(isobologram) plots: d1/D 4 on the X axis, do/Dp on the Y axis, along with the Loewe
additivity isobole line: d1/Djcsp, 1 + d2/Djcsp, 2 = 1. In the combination index plots,
synergistic drugs have a Cl < 1, whereas antagonistic combinations havea Cl > 1. TheC =1
when the drugs are additive. For the isobolograms, the red line represents the line of
additivity. Synergistic combinations fall below the line; whereas antagonistic combinations
fall above the line.

Small-molecule library drug combination screening—A high-throughput screen
was conducted in 1536-well white flat bottom plates (Corning) on a Kalypsys robotic system
(Michael et al., 2008). Either LAN-1 or SK-N-BE(2)-C cells were dispensed at a density of
500 cells in 4 pL of media, seeded into plates pre-spotted with 2 pL of media (MultiDrop
Combi, Thermofisher Scientific), making a total volume of 6 uL media per well. Following a
4 hour incubation, compounds were added using the EDC ATS100 acoustic dispenser (EDC)
creating 6 by 6 (6x6) blocks using a method described previously (Mathews Griner et al.,
2014). Briefly, a 6-concentration-point (including a zero concentration), 3-fold dilution of
JQ1 was transferred to the screen plates (10 nL), and the library compounds were then
transferred by acoustic dispensing (10 nL) into the same plates with each compound plated
in six-point dilution series at five-fold serial dilutions. After 72 hours of incubation, 3 pL of
Cell-TiterGlo reagent (Promega) was added to each well. Following 10 min incubation,
luminescence was read using the Viewlux microplate reader (PerkinElmer). Plate data were
normalized to in-plate controls (bortezomib as positive control, DMSO as negative control)
and the normalized data was deconvoluted to individual dose combination matrices using in-
house software. We employed the Bliss model of additivity (Bliss, 1956) to characterize the
presence or absence of synergy for each combination. The synergistic activity of the /n vitro
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combinations was assessed based on the Delta Bliss Sum Negative (DBSumNeg) score with
the conservative synergy cutoff DBSumNeg < -3 (Mott et al., 2015). The DBSumNeg score
was introduced as a hew metric to quantify the synergy of the combination of two drugs
across all dose combinations tested and was computed simply as the sum of the synergistic
deviations from the Excess over Bliss model (Bliss, 1956). Combinations that demonstrated
synergy based on the DBSumNeg scores in the primary screen were retested against both the
SK-N-BE(2)-C and LAN-1 cell lines. The conditions for the confirmation screen were as
described above, but a 10-concentration-point dose window was used for each agent, as a
*10x10’ block. For medium-throughput screening with a second BET inhibitor, SK-N-
BE(2)-C cells were treated with I-BET151 in 10x10 combination with 58 compounds
showing prominent synergy in the primary screen. At 12, 18 and 24 hr post drug dispensing,
3 UL Caspase-Glo 3/7 (Promega) was dispensed, and plates were read to assess Caspase 3/7
activity.

Quantification and Statistical Analyses—GSEA v2.1.0, GraphPad PRISM 7, R 3.2.3
and Python 2.7.2 software packages were used to perform the statistical analyses. Statistical
tests used are specified in the Figure legends. Errors bars represent standard deviation,
unless otherwise stated. The threshold for statistical significance is p < 0.05, unless
otherwise specified.
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HIGHLIGHTS
. PI3K overexpression promotes resistance to BET inhibitors in neuroblastoma.
. BET inhibitor resistance engenders dependency on PI3K signaling.
. Enhancer remodeling is associated with transcriptional changes in BETi
resistance.
. PI3K and BET inhibitors are synergistic /n vitroand /n vivo in

neuroblastoma.
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SIGNIFICANCE

Recent pan-cancer genome studies have revealed that pediatric cancers have markedly
lower mutation rates than adult cancers. These low mutation rates suggest that epigenetic
dysregulation plays an important role in pediatric cancer development. The BET family
of proteins are epigenetic readers which regulate transcription through bromodomain
motifs. Ongoing clinical trials in hematologic and solid tumors support the further
development of BET inhibitors (BETi); however, modest and short-lived responses
suggest that drug resistance remains a major clinical challenge to their optimization.
Here, we demonstrated that BETi resistant cells undergo enhancer remodeling and
transcriptional changes engendering tumor cell vulnerabilities that can be exploited for
therapeutic benefit. Moreover, we demonstrate that PI3K and BET inhibitors are highly
synergistic in the upfront setting.
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Figure 1: Genome-scale lentiviral ORF and CRISPR screens identify candidate drivers of BET
inhibitor resistance in MYCN-amplified neuroblastoma.

A. Scatter plots of z-scores for log2 fold changes (log2(FC)) in ORF expression for JQ1 vs.
ETP (y-axis) and I-BET151 vs. ETP (x-axis) in SK-N-BE(2)-C (left) and LAN-1 (right)
cells. Genes with z-scores = 2.5 with both BET inhibitors (dashed gray line) were nominated
as candidate genes conferring resistance and classified as significant ORFs. B. Scatter plot
showing the distribution of the JQ1 vs. ETP z-scores for the 150 ORFs included in the
validation mini-ORF rescue screen in the LAN-1 cell line. C. Genome-scale pooled lenti-
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CRISPR screen in SK-N-BE(2)-C (left) and LAN-1 (right) cells under JQ1 and I-BET151
drug selection. Genes with z-scores = 2.5 with both BET inhibitors (dashed gray line) were
nominated as candidate SgRNAs conferring resistance and classified as significant sgRNAs.
D-F. Western blots confirming overexpression of the indicated ORF hits with V5 antibody in
cases where the V5 tag was expressed (D), or by antibodies directed against the ORF or
downstream effectors (E, F) (p-AKT = pT308-AKT). G-H. Long-term viability assays (G)
and colony formation assays (H) in SK-N-BE(2)-C cells overexpressing the indicated ORFs
and treated with vehicle or 1 puM JQ1. Luciferase (LUC), LacZ, MMP15, and TANGO6
ORFs are included as negative controls. Data is presented as mean values of triplicate points
+ standard deviation (SD), NT CTRL = non-targeting control ORF. NV= no virus. (* p value
< 0.05, ** p value < 0.01, *** p value < 0.001, **** p value < 0.0001, Mann-Whitney
nonparametric test). See also Figure S1 and Tables S1-S4.
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Figure 2: Characterization of innate and acquired BET inhibitor resistant MYCN-amplified
neuroblastoma cell lines.

A. Viability analysis of JQ1 treatment in four MYCN-amplified neuroblastoma cell lines. B-
C. RPPA data demonstrating the top 20 upregulated (B) and downregulated (C) proteins and
phosphoproteins in JQ1 resistant NGP cells compared to JQ1 sensitive SK-N-BE(2)-C and
CHP-212 cells. D. Quantification of pS473-AKT, pT308-AKT, total AKT and PTEN
expression levels based on RPPA data. E. Western blots for p-AKT and PTEN in
neuroblastoma cell lines. (p-AKT = pT308-AKT). F. Effects of JQ1 treatment on the
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viability of naive and JQ1 resistant (Res) SK-N-BE(2)-C cells. G. Absolute growth rates of
SK-N-BE(2)-C naive cells treated with vehicle control and two replicates of JQ1 resistant
cells treated with 1 uM JQ1. H. Effects of I-BET151 treatment on the viability of naive and
JQ1 resistant SK-N-BE(2)-C cells. I. RPPA data demonstrating the top 20 most
differentially expressed proteins in JQ1 resistant vs. naive SK-N-BE(2)-C cells treated with
vehicle (Meh) or JQ1. J. Quantification of pS473-AKT, pT308-AKT, and total AKT levels
from data shown in (). K. Western blot of PI3K pathway activity in JQ1 resistant and naive
cells. (p-AKT = pT308-AKT). L-N. Effects of the PI3K inhibitors GDC0941 (L), BYL719
(M), and BKM120 (N) on the viability of JQ1 resistant vs. naive SK-N-BE(2)-C cells.
Results are presented as representative dose response curves of three independent
experiments. Data is presented as mean values of eight technical replicates + SD. See also
Figure S2.
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Figure 3. Enhancer remodeling is associated with the transcriptional changes in the BET

inhibitor resistant state.

A-B. Volcano plots highlighting the genes differentially expressed in resistant vs. naive SK-
N-BE(2)-C (A) and Kelly (B) cells. The number of differentially expressed genes are shown
in parentheses. C-D. Pie charts depicting the percent transcriptional changes in the resistant
cells for genes downregulated by JQ1 in naive cells SK-N-BE(2)-C (C) and Kelly (D) cells.
E-F. Heatmaps showing H3K27Ac binding among gained, conserved and lost enhancers in
resistant vs. naive SK-N-BE(2)-C (E) and Kelly (F) cells. Regions are ranked by H3K27Ac
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binding signal in naive cells. Metaplots for average binding intensities across the gained
(red), conserved (gray) and lost (black) enhancer regions are shown on top. G-H. Dot plots
showing log2(FC) in expression for the genes associated with gained, conserved, and lost
enhancers in SK-N-BE(2)-C (G) and Kelly (H) JQ1 resistant vs. naive cells. (**** p value <
0.0001 un-paired two sample Student t-test with Welch correction). Data are presented as
mean values + SD. I. Metaplot showing the average BRD4 binding signal (rpm/bp) on
BRD4-defined enhancer regions +/- 10 kb in naive and resistant SK-N-BE(2)-C cells treated
with vehicle control or JQ1. J. Metaplot showing the average BRD4 binding signal (rpm/bp)
on H3K27Ac-defined enhancer regions +/— 10 kb in naive and resistant SK-N-BE(2)-C cells
treated with vehicle control or JQ1. K. Heatmaps showing BRD4 binding on gained,
conserved and lost H3K27Ac-defined enhancer regions in resistant vs. naive SK-N-BE(2)-C
cells. Regions are ranked by BRD4 binding signal in naive cells. Metaplots for average
binding intensities across the gained (red), conserved (gray) and lost (black) enhancer
regions are shown on top. L. Heatmap showing AAUC for H3K27Ac and BRD4 signal in
enhancers in resistant vs. naive SK-N-BE(2)-C cells ranked by log2(FC) expression changes.
M-N. Barplots depicting the number of upregulated (M) and downregulated (N) genes
nearby enhancers in resistant vs. naive SK-N-BE(2)-C cells grouped according to gained,
conserved or lost combinations of H3K27Ac and BRD4 levels in enhancer regions. For
heatmaps, each row represents a single genomic region (+/— 10 kb) from the enhancer
center. Genomic occupancy is shaded by binding intensity in units of reads per million per
base pair (rpm/bp). See also Figure S3 and S4.
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Figure 4: Enhancer remodeling is associated with transcriptional upregulation of RTKs
upstream of PI3K signaling engendering therapeutic vulnerabilities.

A. Heatmap demonstrating the average expression in naive and resistant cells for all
RTK/GF genes associated with 1-4 gained enhancers and log2(FC) expression > 1 in
resistant vs. naive cells. B-C. Average log2 FPKM expression for ERBB4 (B) and NRG1
(C) across JQ1 naive and resistant samples. Error bars represent SD. D-E. H3K27Ac ChiP-
sequencing tracks for ERBB4 (D) and NRGI (E). Enhancers gained in resistance are
underlined in red. F. Western blot of SK-N-BE(2)-C cells engineered to overexpress GFP or
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ERBB4 and stimulated with vehicle (Veh) or recombinant NRG1 for 6 hr. Western blots are
probed for downstream effectors of PI3K signaling. G. Long-term viability assays in SK-N-
BE(2)-C cells overexpressing the indicated proteins and treated with vehicle (DMSO) or 1
UM JQ1. Data are presented as percent viable cells relative to the DMSO arm for each
condition. Shown are mean values of quadruplicate points + SD. (ns = not significant, ****
p value < 0.0001, un-paired two sample Student t-test with Welch correction). H.
Representative images of data presented in (G). 1. Western blot analysis of naive and JQ1
resistant SK-N-BE(2)-C cells probed for ALK, ERBB4, and NRG1. Cells were treated with
vehicle (Meh) or JQ1 for 24 hr. J-K. Effects of lapatinib (J) and crizotinib (K) treatment on
viability in naive and JQ1 resistant SK-N-BE(2)-C cells. L. Western blot analysis of naive
and JQ1 resistant Kelly cells treated with vehicle (Veh) or JQ1 for 24 hr. M-N. Effects of
lapatinib (M) and crizotinib (N) treatment on viability in naive and JQ1 resistant Kelly cells.
See also Figure S5.
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Figure 5: Transcriptomic analysis of BET inhibitor resistant cells reveals overexpression of PI3K
signaling recapitulates enhancer remodeling and transcriptional changes characterizing the
resistant state.

A. Western blot of SK-N-BE(2)-C cells engineered to overexpress an empty vector (pIXEV),
pIXGFP or pIxPIK3CA. B. GSEA demonstrating enrichment of genes upregulated in
resistance among genes upregulated by PIK3CA overexpression (left) and vice versa (right).
C. GSEA demonstrating enrichment of genes downregulated in resistance among genes
downregulated by PIK3CA overexpression (left) and vice versa (right). D. Heatmaps
showing H3K27Ac binding in gained, conserved and lost enhancer regions in PIK3CA vs.
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GFP samples. Each row represents a single genomic region +/- 10 kb from the enhancer
center. Genomic occupancy is shaded by binding intensity in units of reads per million per
base pair (rpm/bp). Regions are ranked by H3K27Ac binding signal in GFP cells. Metaplots
for average binding intensities across the gained (red), conserved (gray) and lost (black)
enhancer regions are shown on top. E. Dot plots showing log2(FC) in expression in PIK3CA
vs. GFP cells for the genes associated with gained, conserved, and lost enhancers with
PIK3CA overexpression (**** p value < 0.0001 un-paired two sample Student t-test with
Welch correction). F. Pie charts showing the percentages of genes with gained, conserved or
lost nearby enhancers with PIK3CA overexpression, among genes which are upregulated or
downregulated by PIK3CA overexpression. G. Dot plots showing log2(FC) in expression in
resistant vs. naive SK-N-BE(2)-C cells for the genes associated with gained, conserved, and
lost enhancers with PIK3CA overexpression (**** p value < 0.0001, ns= not significant, un-
paired two sample Student t-test with Welch correction). H. Pie charts showing the
percentages of genes with gained, conserved and lost nearby enhancers with PIK3CA
overexpression, among genes which are upregulated or downregulated in resistance. I. Venn-
diagram showing the overlap of genes upregulated in resistant SK-N-BE(2)-C cells with
nearby gained enhancers in resistance vs. genes upregulated in resistant SK-N-BE(2)-C cells
nearby gained enhancers in PIK3CA overexpressing SK-N-BE(2)-C cells. Significance
estimated based on two-tailed Fisher exact test. J. Vlenn-diagram showing the overlap of
genes downregulated in resistant SK-N-BE(2)-C cells with nearby lost enhancers in resistant
SK-N-BE(2)-C cells vs. genes downregulated in resistant SK-N-BE(2)-C cells with nearby
lost enhancers in PIK3CA overexpressing SK-N-BE(2)-C cells. Significance estimated
based on two-tailed Fisher exact test. K. Heatmaps showing AH3K27Ac AUC signal in
enhancers for resistant vs. naive and PIK3CA vs. GFP samples ranked by log2(FC)
expression in resistant vs. naive SK-N-BE(2)-C cells. Enhancers in this figure were defined
by H3K37Ac binding. Dot plots in this figure are presented as mean values + SD.
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Figure 6: Chemical combinatorial screening identifies PI3K inhibitors as highly synergistic with
JQ1 in MYCN-amplified neuroblastoma.

A. JQ1 screened against the Mechanism Interrogation PlatE (MIPE) library in SK-N-BE(2)-
C and LAN-1 MYCN-amplified neuroblastoma cell lines. Synergy was assessed using the
Bliss model. DBSumNeg is defined as the sum of negative deviations from the Bliss model.
Dotted black lines indicate threshold for synergy. B. Synergy was assessed by Chou-Talalay
combination index (CI) for JQ1 and the PI3K inhibitors, BKM120 and GDC0941, across the
indicated cell lines. For CI plots, the x-axis represents fraction inhibited and the y-axis
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represents 10og,0(CI). Normalized isobolograms depict CI scores over a range of
concentrations. The coordinates of the CI scores are d1/Dx1 and d2/Dx2, where Dx1 is the
concentration of drug 1 (JQ1) that alone produces the fractional inhibition effect x, and Dx2
is the concentration of drug 2 (PI3Ki) that alone produces the fractional inhibition effect x.
The red line displayed is the line of additivity.

See also Figure S6 and Table S5.
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Figure 7. BET inhibitors and PI3K inhibitors are strongly synergistic in mouse models of MYCN-

amplified neuroblastoma

A. Tumor volume measurements for SK-N-BE(2)-C xenograft nude mice treated with
vehicle control, 50 mg/kg JQ1 IP QD, 100 mg/kg GDC0941 PO QD, or the combination of
JQ1 and GDC0941 for 14 days. Data for a given time point were plotted if >50% of mice in
the group were alive. Data are plotted as mean values £ SD (n = 8). B. Kaplan-Meier
survival curves for the experiment described in (A). C. Relative weight measurements of
mice from experiment described in (A). Data are plotted as mean values +SEM (n=8). Each
treatment condition was compared to the vehicle treatment. D. Tumor volume measurements
of a PDX mouse model of MYCN-amplified neuroblastoma treated with vehicle control, 50
mg/kg JQ1 IP QD, 100 mg/kg GDC0941 QD PO, or the combination of JQ1 and GDC0941
for 28 days. Data for a given time point were plotted if >50% of mice in the group were
alive. Data are plotted as mean values + SD (n = 7). E. Kaplan-Meier survival curves for the
experiment described in (D). F. Relative weight measurements of mice from experiment
described in (D). (ns = not significant, * p value < 0.05, ** p value < 0.01, *** p value <
0.001, **** p value < 0.0001). For tumor volume and weight measurements, significance
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was determined by 2-way ANOVA with Tukey post hoc test. For survival analysis,
significance was determined by log-rank Mantel Cox test.
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