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Chromatin accessibility plays an important role in defining cell identity and pheno-
type. With the emergence of novel methods like ATAC-seq, a sequencing method that
maps regions of open chromatin and enables the computational analysis of transcrip-
tion factor (TF) binding at chromatin accessible sites, we can start to dissect the regu-
latory landscape in cancer. I present two vignettes that use ATAC-seq to analyze the

phenotypes of tumor:

1. Pancreatic cancer is expected to become the 2nd deadliest cancer by 2020 in the
US, and few therapeutic options are currently available. Additionally, 50% of
pancreatic cancer patients recur within just one year. Previous genomic analy-
ses of pancreatic tumors, including somatic mutation mapping and gene expres-
sion profiling, did not explain this difference in recurrence. We hypothesized
that epigenetic heterogeneity underlies previously described difference in recur-
rence. We sorted 54 fresh patient tumor samples based on EpCAM (an epithelial
cell marker) to enrich for tumor cells and subjected them to ATAC-seq. Using
supervised learning and generalized linear modeling, we were able to character-
ize the changes in RNA-seq and ATAC-seq between recurrent vs non-recurrent
patients. We characterized TF motifs in accessible peaks across all samples and
used ridge regression to identify differential TF activity enriched in recurrent
patients. Two TF hits, ZSCAN1 and HNF1b, were experimentally validated to

predict recurrence in our cohort and in an independent cohort. These results re-



veal a novel regulatory landscape in recurrent patients of pancreatic cancer and

support the development of individualized therapies.

. Approximately 70% of breast cancers express estrogen receptor (ER) and are
treated with ER-blocking endocrine therapy (e.g. fulvestrant). Despite the ef-
ficacy of such treatments, resistance to anti-hormonal therapy remains a clinical
challenge. We performed an epigenome-wide CRISPR knockout screen on MCF7
ER-positive breast cancer cells, and identified ARID1A to be the top candidate
whose loss limits the sensitivity to fulvestrant. To uncover how ARID1A loss
confers fulvestrant resistance, we undertook a chromatin-based approach. Anal-
ysis from ATAC-seq and RNA-seq assays showed that loss of ARID1A leads to
a widespread chromatin remodeling of the breast cancer epigenome to regulate
the binding of a series of TF that in concert alter gene expression profiles. This
results in a switch from luminal cells to ER independent basal-like cells, which

has adverse prognosis for patients on hormone therapy.
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CHAPTER 1

INTRODUCTION

1.1 Introduction to chromatin biology

The diploid human genome contains 6 billion base pairs of DNA per cell [1]. In order
to store this massive genome, eukaryotic DNA is tightly packaged into chromatin [2].
It was discovered in 1974 that the fundamental unit of chromatin is nucleosome and it
is composed of four core histones (H3,H4,H2A ,H2B) that wraps 147bps of DNA around
each octamer [2, 3]. The two states of chromatin are heterochromatin, a tightly packed
‘closed’ DNA state restricting access to the translational machinery, and euchromatin,
an ‘open’ state of DNA where DNA binding elements can activate or transcribe genes.
This spatial organization of chromatin dictates the most fundamental biological pro-
cesses including gene expression, DNA repair, and DNA replication using transcription

factors (TF), signaling pathways, and other cues [4].

The remodeling of chromatin landscape is altered by tightly regulated processes.
Two major classes of chromatin modifiers are histone modifiers and ATP-dependent
chromatin remodelers. Histone modifiers can alter residues on the histones (e.g. acety-
lation of histone tail by histone acetyltransferase complex) that disrupt contacts be-
tween nucleosomes to "unravel” chromatin [4]. On other hand, ATP-dependent chro-
matin remodelers (e.g. Swi/Snf complex) utilize ATP hydrolysis to alter histone-DNA
contacts and slide nucleosomes to different translational positions or eject them to cre-
ate nucleosome-free DNA [5]. Additionally, special "pioneering TFs”, such as FOXA
and GATA families, can actively open up local chromatin and directly enable binding

of other factors [6].



Using advanced molecular biology technologies, we are able to query various
aspects of the chromatin biology genome-wide using next generation sequencing
(NGS)(figure 1.1). Recruitment of “pioneering” TFs, proteins that can ‘open’ closed
chromatin, to DNA and modifications to specific residues on the histone tail can be
studied using chromatin immunoprecipitation followed by sequencing (ChIP-seq) [7].
The methylation status of CpG loci can be queried using bisulfite sequencing [8]. The
positioning of nucleosomes, which gives information about the nucleosome occupancy
or nucleosome-free DNA at any loci, is studied using micrococcal nuclease digestion
followed by sequencing (MNase-seq) [9]. It has been shown that regulatory regions of
the DNA, such as such as enhancers, promoters, locus-control regions and insulators,
can be marked by looking at accessible chromatin (nucleosome-free regions of DNA)
[10]. Methods such as DNase I hypersensitive site sequencing (DNase-seq) [11] and,
more recently, Assay for Transposase-Accessible Chromatin using sequencing (ATAC-
seq) [12] have given us the opportunity to look at genome-wide maps of chromatin

accessibility.
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Figure showing various NGS technologies available to probe chromatin biology and
their respective differences.’
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1.2 Introduction to ATAC-seq

Sequencing of accessible chromatin maps not only shows the nucleosomal position-
ing by looking at the distance between pair of sequenced read from the same frag-
ment (figure 1.2b, explained further in next section), but also the regulatory elements
that can define the state of a normal or diseased cell. This was first made possible us-
ing DNase-seq, which uses DNasel endonuclease to cleave hypersensitive regions that
are accessible. However, this method has major drawbacks such as complex sample
preparation and requirement of millions of cells as starting material [14]. More re-
cently, ATAC-seq was introduced to overcome these challenges allowing us to probe

chromatin accessibility in clinical and non-clinical samples.

It was shown in vivo that transposons can integrate into active regulatory elements,
thus giving us the maps of accessible chromatin [15]. ATAC-seq uses hyperactive Tn5
transposase, which is loaded with Illumina adaptors and can cleave regions of acces-
sible DNA and add the sequencing adaptors at the same time: a process termed “tag-
mentation” (figure 1.2a). The cleaved DNA can then be PCR amplified and sequenced.
This results in a very straightforward sample preparation that also minimizes loss of
starting material. In fact, one of the major advances of ATAC-seq is the requirement of
only 50,000 cells as starting material, which can be titrated down to as low as 500 cells
(figure 1.2) [14]. This opens the world of chromatin accessibility to many questions
that could not be answered using DNase-seq. Chromatin accessibility maps of samples
with rare cell types and/or precious clinical patient samples can now be queried for

their chromatin accessibility that define their lineage or diseased state.
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Figure 1.2: ATAC-seq schematic and quality control

a.”Regions of accessible chromatin are cleaved by Tn5 transposase (green) loaded with
[llumina sequencing adaptors (red and blue). The cleaved regions then become frag-
ments of DNA that are amplified and sequenced. b. A representative figure from an
ATAC-seq sample which shows the distribution of insert sizes. Enrichment at multiples
of 178bps show nucleosome protected regions.
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1.3 ATAC-seq data analysis

Analysis of ATAC-seq data is a multi-step process compared to now standard sequenc-
ing experiments such as RNA-seq. Below is a brief introduction of the analysis steps

needed to generate chromatin accessibility maps:

« After tagmentation, amplification and sequencing, the raw data from the se-
quencer comes in form of short reads that have to be aligned to the reference
genome using bowtie2 [16], a DNA aligner. Only read pairs that align concor-

dantly (both reads mapping within 2000bp in correct orientation) are retained.

+ Once paired-end reads are mapped, the calculated fragment length for each read
pair can be used to generate an insert-size distribution plot (figure 1.2b). In re-
gions of DNA that are accessible, the Tn5 transposase can cleave the region at
multiple sites giving short fragments from nucleosome-free regions. This results
in insert sizes less than ~150bp and generally accounts for most reads. In regions
where DNA is accessible but still wrapped around nucleosome, Tn5 only has ac-
cess to the linker region giving insert size of ~150bp (mono-nucleosome) or its
multiple (multi-nucleosome). An insert-size distribution plot that shows most
reads present in nucleosome-free regions and decreasing number or reads at a

periodicity of ~150bps demonstrates successful ATAC library preparation.

+ Reads that map to multiple locations in the genome (multi-mapping reads) are

collapsed to choose only the highest alignment score location.

« Previous studies have shown that Tn5 transposase binds as a dimer leaving an
offset of 9bp in the cleaved DNA [17]. To account for this offset, + strand reads

are shifted by +4 bps and - strand reads are offset by -5bps.



« Since ATAC-seq data shows a peak structure similar to ChIP-seq, MACS2 [18]
is used for peak calling with some modifications. In particular, MACS2 assumes
signal from only one protein or histone mark. Since ATAC-seq is a composite
of many different signals and the read is at the cleavage event rather than at
fragment ends flanking the peak, extension size and shift parameters have to be
fixed instead of MACS2 estimating it from the data. In addition, estimation of
local background noise has to be set to a larger region (local range of 5000bps

and 20000bps) to account for larger multi-signal peaks.

« To find peaks that are reproducible among replicates, irreproducible discovery
rate (IDR) framework is used. Peak calling is performed on each individual
replicates separately and then again after pooling all the samples together. The
pooled peak call evenly defines the boundaries of each peak across all sam-
ples. Each peak in the pooled peakset can be used to query the its rank in
replicate samples. Then, the IDR framework fits a bivariate rank distribution
over the ranks of each peak in the replicate samples to seperate signal from
noise based on a predefined IDR threshold. This method is implemented in

https://github.com/nboley/idr

« After running this reproducibility analysis across all samples, each peak from
the pooled peak calling can be checked for whether it was reproducible in at
least one sample and non-reproducible peaks can be pruned. The resulting set

of reproducible peaks are called an atlas of reproducible peaks.

+ The atlas of peaks is then annotated using a reference transcriptome by assigning
to the nearest gene and reads are counted from each sample for downstream

analysis, such as assessment of differential peak accessibility among conditions.
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1.4 Differential transcription factor binding analysis

In addition to ATAC-seq showing nucleosome positioning, we can also deduce tran-
scription factor binding events from the same chromatin accessibility signals. The oc-
cupancy of DNA by transcription factor protects the region from being cleaved [14]
and therefore we can use the DNA sequence information at the peaks to decode the
transcription factors that can potentially bind at these locations. Moreover, we often
have one or many conditions in an experiment, and we are interested in finding tran-

scription factor binding events that are differential among the conditions.

Traditionally, tools such as HOMER [19] are used to define TF binding events based
on enrichment in a given set of sequences relative to the background. However, these
tools are just given the sequences present in condition-specific peaks and cannot eval-
uate the level to which each transcription factor contributes to differential chromatin
accessibility. For this reason, we carried out novel analysis of differentially accessible
peaks using ridge regression to define transcription factors that explain the change in
accessibility between two conditions. This method is illustrated in figure 1.3 and briefly

described below:

1. The DNA sequence of each peak in the atlas is scanned using FIMO [20] and the
CIS-BP motif database [21] to find statistically significant transcription factor
motif occurrences. The result is then converted to a binary matrix (X, peak x TF)

with presence/absence of a TF.

2. Differential accessibility analysis is carried out using DESeq2 across whole peak
atlas and the resulting log2 fold change between condition of interest becomes

the output y vector



3. The above X matrix and y vector are used in a ridge regression framework
to predict which transcription factors can explain the change in accessibility.
Since there are many variables and not enough training examples, ordinary least
squares (OLS) regression will lead to an overfitted model that cannot generalize
easily to future data. To control for overfitting, regularized regression can con-
strain the optimization using a penalty over the coefficients. Regression model
that use L; penalty is called lasso regression and model that uses L, penalty is
called ridge regression. Additionally, since TF activity can be co-linear, ordinary
least squares regression can give unstable estimates with high variance. Using
lasso regression with multiple correlated TFs results in picking one TF and set-
ting the rest to 0. Ridge regression is a regularized linear regression approach
that accounts for the correlated TFs across ATAC-seq peaks by constraining the
model coefficients using L, norm (Euclidean distance). This gives non-zero coef-
ficients for correlated TFs and shrinks the estimate to be smaller. The following

optimization problem is solved to learn the g coefficients:

B= argﬁmin Iy = XBI1* + Al|BII

Training is carried out using 5-fold cross validation to choose an optimal A and

minimize the regression loss.

4. After training and fitting the model, 8 coeflicients are ranked to understand
which TFs contribute most to the change in accessibility. Since log2 fold changes

are signed, the 3 coefficients are also signed and indicate the direction of change.

We use this differential TF binding method in chapter 2 to find how the TF land-
scape is different between recurrent and non-recurrent patients from the accessibility

profiles in a progressive cohort of pancreatic cancer patients. We were able to vali-
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date the findings of this method by immunohistochemistry (IHC) for the top hits in
patient tumor samples in our own cohort of 54 patients and a completely independent
cohort of 97 patients with 10-year follow-up. In chapter 3, we used this method to find
how the mutation in ARID1A (member of SWI-SNF chromatin remodeling complex)
changes cell’s TF profile in MCF7 breast cancer cell line model. Based on the results of
this analysis, we identified several luminal cell lineage specific TFs that lose accessibil-
ity upon ARID1A KO (e.g. GRHL1, GATA3, FOXA1) and signaled cell fate transition
from luminal to basal cell type. This result was validated in other breast cancer cell
lines (BT474 and MDA MB 415) and in ARID1A mutant patient samples. Thus, this
method provides a powerful view into the regulatory framework and changes of a cell

upon perturbations.

1.5 Chromatin accessibility in cancer

Chromatin state is the important intermediate between TF activity and other signal-
ing pathways that alter gene expression and cellular phenotypes. The transcriptional
output of a gene is tied to its regulatory locus. This locus has to be accessible in order
to be activated by TFs and transcriptional machinery [22]. Large-scale epigenetic se-
quencing projects profiling normal tissue have shown that chromatin accessibility can
identify regulatory elements that are specific to each cell type and specify their lineage
identity [23]. Another study profiling chromatin accessibility of primary hematopoi-
etic hierarchy showed that distal element (putative enhancers) accessibility better re-
flected the cell type lineage than mRNA levels. The same study also showed that, in
acute myeloid leukemia (AML), chromatin accessibility can define epigenetic subtypes
that are not explained by genetic heterogeneity of AML and can also result in clinically

meaningful patient outcomes [24].
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More recently, a landmark study sequenced ATAC-seq profiles of 410 primary tu-
mor samples from The Cancer Genome Atlas (TCGA) with the advantage of leveraging
already sequenced genomic and molecular profiles for each sample [25]. After clus-
tering samples based on these accessibility profiles, the study finds that there is not
only strong concordance between their clustering and the previously published iClus-
ter scheme [26] (based on TCGA DNA methylation, mRNA-seq, miRNA-seq, reverse-
phase protein array and DNA copy number analysis), but also to clustering based on
just mRNA-seq and their known tumor types. This analysis suggests that ATAC-seq
has a strong connection to the transcriptional phenotype of the cell and shows cell
lineage specificity. Additionally, the cell-type specificity of the regulatory elements,
inferred from accessibility profiles, allowed them to not only cluster samples into pre-

viously known cancer types but also discover novel subtypes within individual tumor

types.

Taken together, the results of these studies show that chromatin accessibility pro-
files can provide a novel view into the epigenetic dysfunctions of cell that are present
in the cancer, which we were not able to discover using other molecular analyses such
as mRNA-seq or DNA-seq. Chapters 2 and 3 further this observation by using acces-
sibility profiles to find regulatory landscape differences between groups of pancreatic
cancer patients or showing a regulatory switch in cell type upon ARID1A mutation
which changes its lineage from luminal to basal cell type, resulting in a more aggres-

sive cancer.
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CHAPTER 2

CHROMATIN ACCESSIBLITY MAPS OF RECURRENCE IN PDAC

2.1 Abstract

Almost 50% of resected pancreatic ductal adenocarcinoma (PDAC) recur within just one
year following surgery. Prognostic molecular markers predicting rapid recurrence are
currently unavailable. We hypothesized that the early recurrence in pancreatic duc-
tal adenocarcinoma (PDAC) is associated with differences in the epigenetic landscape
of tumor cells. Therefore, we interrogated genome-wide chromatin accessibility us-
ing Assay for Transposase-Accessible Chromatin sequencing (ATAC-seq) on EpCAM+
PDAC malignant cells sorted from a cohort of 54 treatment-naive resected tumors, in
hopes of defining a tumor-intrinsic chromatin signature associated with recurrence.
We discovered a signature of ~1000 loci that were differentially accessible between re-
current (disease free survival (DFS) < 1 year) and non-recurrent patients (DFS > 1 year).
Through transcription factor (TF) binding motif analysis using supervised learning, we
identified candidate TFs whose accessible motifs were differentially associated with re-
currence. Nuclear localization of two such TFs as selected by top hits, ZKSCAN1 and
HNF1b, were assessed by both immunohistochemistry and immunofluorescence on
the tissue microarrays (TMA) of 40 out of 54 patients. Nuclear staining of HNF1b was
strong in the non-recurrent and weak or absent in the recurrent patients but ZKSCAN1
was not significantly associated with recurrence. In an independent TMA of PDAC
cohort (n=97) preselected for 52 long (OS 6 years)- and 45 short (OS 6 months)- term
survivors, the number of nuclear positive cells for HNF1b was 52-fold higher in the
long-term compared to the short-term survivors and that for ZKSCAN1 was 5.3-fold

higher in the short-term compared to the long-term survivors. Altogether, these re-
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sults provide novel prognostic molecular markers of early recurrence in PDAC and also

suggest that the global epigenetic landscape is a prognostic feature in this disease.

2.2 Introduction

Surgical resectability is the most critical therapeutic decision taken for all malignant
tumors including that of pancreas. Pancreatic ductal adenocarcinoma (PDAC) pa-
tients with limited local disease and no detectable metastasis at diagnosis typically
have their primary tumor surgically resected. However, the disease recurs in approxi-
mately 50% of cases within 1 year of surgery, even after apparently complete removal
of the primary tumor (RO margin-negative resection). An additional 30-35% patients
recur within 2-5 years, but a small subset (14.3%), shows a disease-free survival (DFS)
>10 years [27, 28]. Recurrence in spite of adjuvant chemotherapy could be due to the
presence of undetected chemotherapy-refractory micro-metastatic lesions, while non-
recurrence may mean that the tumor never metastasized or that micro-metastatic le-
sions responded well to the adjuvant chemotherapy. However, we currently are unable
to explain or accurately predict this heterogeneity of recurrence, despite our extensive
knowledge of somatic mutations and structural alterations driving this malignancy[29,
30]. We hypothesized that epigenetic differences at the level of chromatin accessibility,
potentially linked to distinct differentiation states, might distinguish rapidly recurrent

from non-recurrent tumors.
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2.3 Results

To test this hypothesis, we collected a prospective cohort of treatment-naive, surgically
resected tumors from 54 PDAC patients undergoing surgery at the Memorial Sloan
Kettering Cancer Center. Consistent with the known issue of variable neoplastic cel-
lularity in PDAC, with a histopathological examination of frozen archival tissues in our
repository (n=120) we found varying epithelial contents ranging from 0 to 90%, with
median cellularity of 40% (figure 2.1). Therefore, in order to identify tumor-intrinsic
chromatin accessibility patterns, we optimized the sorting of PDAC malignant cells
from freshly resected tumors using EpCAM-conjugated magnetic beads (figure 2.2a).
We collected both EpCAM+ and EpCAM- cells from each of the tumors and confirmed
effective enrichment of malignant epithelial cells by comparing the canonical variant
allele frequencies (VAF) of pancreatic cancer driver genes KRAS and TP53 between
EpCAM+ and EpCAM- subpopulations of the same tumor (figure 2.2b). We confirmed
that the VAF of KRAS and TP53 in the EpCAM+ cells were both dramatically higher
than that of the EpCAM- cells (P < 0.001, t-test) confirming the effective enrichment
of malignant epithelial cells in EpCAM+ subpopulation. This enrichment was further
confirmed by transcriptome analysis using Quant-Seq[31], which demonstrated over-
expression of epithelial genes in the EpCAM+ subpopulation, with corresponding ex-

pression of immune cell and collagen genes in the EpCAM- subpopulation (figure 2.3a,

b, , d).

15



54 patient ATAC-seq cohort

a 301 sequenced in replicates

17}

2

c

2

] 20 40 patient's data passing

o number of reproducible

‘5 peaks cutoff

s

38

I 104

S

z 36 patients with clinical
I I l follow-up report

0 T T 1

0 50 100

o .
% cellularity 19 patients with atleast 1

year since tumor resection

16 patients that have taken
adjuvant therapy
(Gemcitabine)

6 recurrent patients (<12 10 non-recurrent patients (12
months) to 24 months)

Figure 2.1: Cellularity of PDAC tumors and selection of patients

(a) Tumor epithelial cellularity in the bulk tumors (estimated on frozen sections — at
least two sections each of n=120) showing median is 40% cellularity. (b) Flowchart
showing selection of patients used for training set (n=16).
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Figure 2.2: Schematic of tumor sorting and enrichment of KRAS/TP53 in sorted cells

(a) Schematic diagram shows the sorting of PDAC malignant cells from freshly re-
sected tumors with EpCAM-conjugated magnetic beads (b) Canonical variant allele
frequencies of KRAS (left) and TP53 (right) comparing the EpCAM+ and EpCAM- sub-
populations from each tumor.
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Figure 2.3: Analysis of EpCAM+ and EpCAM- 3’-seq datasets

(a)Principal Component Analysis of the expression of top 2000 hypervariable genes
in EpCAM+ and EpCAM- cells from each tumor. (b) Heatmap showing differential
expression of genes between EpCAM+ and EpCAM- cells. (c) Volcano plot showing
upregulated genes in EpCAM+ (red) and EpCAM- (blue) cells. (d) Expression of Ep-

CAM and KRT19 mRNA in EpCAM+ and EpCAM- subpopulations.
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We then performed Assay for Transposase-Accessible Chromatin sequencing
(ATAC-seq) analysis[14] on the EpCAM+ cells to interrogate genome-wide chromatin
accessibility and associated differentially accessible TF binding sites. After initial qual-
ity control (described in Methods), we assembled a global atlas of 121,697 peaks with
median width of 505bp, where each peak was reproducible in replicate ATAC-seq li-
braries for at least one patient, (figure 2.4a, b, and c). We performed saturation analy-
sis to estimate incremental new peak discovery associated with step-wise increases in
sample size and confirmed that a sample size of n=40 approached saturating coverage

(figure 2.4d).

Follow-up clinical data were available for 36 out of 40 patients included in the atlas
(see remarks in table 2.1). 19 out of 36 patients were at least 365 days post-treatment,
among whom 9 patients (47.4%) had recurred (DFS<1 year, referred to as the recurrent
group), and 10 patients had no recurrence (DFS >1 year; maximum of 660 days, referred
to as the non-recurrent group). The latter group, however, is expected to be mixture of
long-term survivors and others who will recur in 2-5 years. For the discovery analyses,
we excluded 3 patients who did not receive any adjuvant chemotherapy, leaving 16
patients (6 recurrent and 10 non-recurrent). We then used a multi-factor generalized
linear model to identify significant differential chromatin accessibility events between
the recurrent versus non-recurrent groups, while controlling for the effects of read
depth and margin status. We found 1092 peaks to be differentially accessible (absolute
log2 fold change > 1 and FDR-adjusted P < 0.001) between recurrent and non-recurrent

patients (figure 2.5a).
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Figure 2.4: ATAC-seq quality control and saturation analysis

(a)Exclusion of the lowest quartile of 14 samples from the complete cohort (n=54) by
ranking them on the basis of number of reproducible ATAC-seq peaks contributed by
each patient, in order to selecting the best quality samples and forming the global atlas
(n=40). (b) Distribution of peaks, promoter, intronic, exonic and intergenic, as mapped
to the gene loci. (c) Bean plot showing the distribution of the ATAC-seq peaks among
patients. (d) Cohort-level saturation of the peaks on all the patients (n=54, grey) and
the patients included in the global atlas (n=40, orange).
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Interestingly, expression of genes associated with differentially closed peaks was
significantly downregulated in EpCAM+ cells of the recurrent versus non-recurrent tu-
mors (P < 2.5x10-9, KS test), but expression of genes near differentially open peaks was
not significantly upregulated compared to the background of genes near unchanged
peaks (figure 2.7a). figure 2.6a shows the putative promoter region of TUSC3 gene,
which was less accessible in the recurrent tumors, consistent with its mRNA expres-
sion (figure 2.7b). The promoter region of KRT19 (as internal control), a marker gene for
pancreatic ductal cells, showed no difference in accessibility and no change in mRNA
expression. We interrogated these loci in the ENCODE database for a pancreatic can-
cer cell line (Panc-1) and two normal pancreatic cell lines (HPDE, pancreas BC). The
TUSC3 promoter region displayed hypermethylation in Panc-1 and hypomethylation
in pancreas BC (figure 2.6a), whereas hypomethylation at the KRT19 region was vis-
ible in both the cells showed. Also, there was no DNase 1 hypersensitive site (DHS)

detected at the TUSC3 promoter in Panc-1, while it was clearly detected in HPDE.
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Figure 2.5: Chromatin accessibility signature of recurrence

(a) Differential ATAC-seq peaks in the recurrent versus non-recurrent patients on the
discovery set (n=16).
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Figure 2.6: Visualization of peaks in KRT19 and TUSC3

(a) Genome browser track showing ATAC-seq peaks at KRT19 and TUSC3 gene loci,
the lower panel shows methylation signals of Panc-1, and a normal pancreas (BC) from
ENCODE with green denoting hypomethylation and red denoting hypermethylation,
DHS peak from Panc-1 and HPDE6-E6E7 cell lines. Highlighted yellow regions denote
the promoter peaks of both the gene loci.
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Figure 2.7: Integration of ATAC-seq with RNA-seq and gene expression changes in

KRT19 and TUSC3

(a) Empirical cumulative distribution frequency (ECDF) of expressed genes annotated
to ATAC-seq peaks comparing the expression of downregulated (red) and the upregu-
lated (blue) genes with the unaltered (green) set of genes. (b) Expression of TUSC3 and
KRT19 mRNA in EpCAM+ PDAC malignant cells of recurrent (red) and non-recurrent

patients (blue).
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Next, we asked whether our 1092 peak signature could be used to define epige-
netic subtypes associated with recurrence. Using all the 40 samples from our global
atlas, including the discovery set of 16 samples, we performed unsupervised cluster-
ing analysis based on the 1092 signature peaks and segregated the 40 patients into
two groups (figure 2.8a). The first group (cluster 1) consisted of 19 patients, 8 of
whom are recurrent and 11 whose recurrence status is yet to be known (follow-up
<1 year), while the second group (cluster 2) consisted of 21 patients, with only 1 re-
current, 10 non-recurrent and the remaining 10 patients of undetermined recurrence
status (follow-up <1 year). Notably, when we performed unsupervised clustering of
the 24 patients who were not in the discovery set based on the signature peaks, we
again found two clusters, cluster 1 (n=13) and cluster 2 (n=11), that were entirely con-
sistent with the clustering of the full cohort (figure 2.8b). This result suggests that the
signature peaks define stable epigenetic subtypes that generalize beyond the discov-
ery set. However, many of these 24 patients were not yet one-year post-treatment, so
the ultimate prognostic value of the cluster assignment is unknown. We also analyzed
the Moffitt classification[32] on these patients, using gene expression by RNA-seq per-
formed on bulk tumors. This analysis revealed no apparent correlation with transcrip-
tional subtypes (figure 2.8a,b), suggesting that our epigenetic clustering does not sim-
ply replicate transcriptome-based molecular subtyping, but rather represents a novel
classification. Nonetheless, utilizing the criterion described by Puleo et al.[33], we did
observe a significant enrichment of the basal-like signature in the recurrent group, as
well as an immune signature in the non-recurrent group, which were consistent in the

validation clusters (n=24) (figure 2.8c,d)
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Figure 2.8: Predictive value of the chromatin accessibility signature

(a) Unsupervised clustering of all the patients with the chromatin accessibility signa-
ture in the global atlas (n=40, merging the discovery set (n=16) and the validation set
(n=24) together). (b) Unsupervised clustering of only the validation set (n=24), that
are not included in the discovery set analysis. (c) The upper panel shows significant
enrichment of basal-like signature in the recurrent group of the discovery set, and
cluster 1 of the validation set patients. The lower panel shows significant enrichment
of immune-component signature in the non-recurrent group of the discovery set, and
cluster 2 of the validation set patients by GSEA.
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Next, we did an in silico search for transcription factor (TF) binding motifs across
the whole atlas and used ridge regression to find TF binding sites that predicted dif-
ferential accessibility. We identified 61 TFs whose motifs were differentially open in
recurrent (17 motifs) and non-recurrent (44 motifs) patients (figure 2.9a). To test if
the discovered transcription factors (TFs) were actually localized to cell nuclei in the
respective tumors, we selected two TFs among the top hits, ZKSCAN1 and HNF1b,
and performed immunohistochemistry (IHC) and immunofluorescence (IF) staining
on tissue microarrays (TMAs) prepared from triplicate cores of formalin-fixed paraf-
fin blocks of 40 out of 54 tumors, followed by a blinded subjective scoring (0-3 scale)
of the IHC results. We considered nuclear staining as the positive indicator of nu-
clear localization of the TFs (figure 2.10). The nuclear staining patterns of HNF1b and
ZKSCANT1 in representative recurrent (i and iii, respectively) and non-recurrent (ii and
iv, respectively) patients are shown in figure 2.9b. HNF1b nuclear staining was either
completely absent or weak in recurrent patients and strong in non-recurrent patients
(P < 0.0067, Fisher’s exact test). Although differential localization of ZKSCAN1 was
not as dramatic, we found nuclear staining of ZKSCANT in recurrent patients, con-
trasting with weak staining in non-recurrent patients (not significant, Fisher’s exact

test) (figure 2.9¢).
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Figure 2.9: Transcription factor (TF) binding motif analysis and validation of nuclear
localization of two TFs, HNF1b and ZKSCAN1 on tumor tissue microarray (TMA)

(a) Regression coefficients showing enrichment of TFs in recurrent (red) and non-
recurrent (blue) patients. (b) Representative images of TMA staining of HNF1b (i, ii)
and ZKSCANT (iii, iv) in recurrent and non-recurrent patients. (c) Table showing the
number patients with nuclear staining of HNF1b/ZKSCANT1 and the statistical (Fisher’s
exact test) association with recurrence.
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Figure 2.10: HNF1b staining on TMA section

Cytoplasmic (upper panel) and nuclear (lower panel) staining of HNF1b by immuno-
histochemistry on the TMA sections.
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We further tested HNF1b and ZKSCANT1 staining by immunofluorescence on TMA
of another independent archival PDAC validation cohort (n=97), where the short-term
(n=45 with median OS 6 months) and the long-term survivors (n=52 with median OS 6
years) had already been preselected[28]. We observed only rare cells with HNF1b nu-
clear staining in the tumors of short-term survivors, but many in long-term survivors
(figure 2.11a i and ii). By quantitative estimation of the proportion of nuclear-positive
cells, the long-term survivors showed a 52-fold increase in HNF1b nuclear localization
compared to short-term survivors (figure 2.11bi). Conversely, ZKSCAN1 was 5.3-fold
lower in long-term survivors compared to short-term survivors (figure 2.11biii). For
both TFs, a simple determination of total area staining positive was much less dis-
criminative (figure 2.11bii and iv). Consistent with the fact that differential TF local-
ization can occur without changes in their gene expression, we saw no difference in
normalized gene expression of either HNF1b or ZKSCAN1, suggesting that the nuclear
localization of these TFs, but not their overall expression, is predictive of recurrence

(figure 2.12).
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Figure 2.11: Validation of nuclear localization of the two TFs, HNF1b and ZKSCAN1
on a TMA of an independent PDAC cohort (n=97)

(a) TMA staining of HNF1b (i, ii), ZKSCANT1 (iii, iv), and combined signal of these
two TFs with DAPI and CK19 (v, vi) in short-term and long-term surviving patients.
(b) Quantitation of the nuclear staining positive cells as well as total staining (area
positive) for HNF1b (i, ii) and ZKSCANT (iii, iv).
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Figure 2.12: mRNA expression of ZKSCAN1 and HNF1b

Comparison of the mRNA expression of HNF1b and ZKSCAN1 between recurrent and
non-recurrent patients.
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2.4 Summary

In summary, we identified a chromatin accessibility signature associated with early
recurrence in a discovery cohort of primary PDAC tumors and determined TFs whose
motifs showed differential accessibility in recurrent vs. non-recurrent tumors. This
analysis identified two specific TFs, HNF1b and ZKSCAN1, whose pattern of nuclear
localization correlated with long- and short- term survival in an independent validation
cohort. We do not yet know the molecular mechanisms nor the direct consequences
of these prognosis-associated chromatin accessibility and TF localization events. Nev-
ertheless, in the current study, we have demonstrated a strategy to discover specific
TFs as epigenetic biomarkers associated with tumor prognosis. Molecular prediction
of therapeutic outcome has to date been largely limited to known genetic and gene
expression variants[34-36]. Here we show that epigenetic features such as the acces-
sibility of genomic elements and associated nuclear localization of specific TFs may
predict therapeutic outcome, and therefore could lead to a new paradigm for precision

oncology with a potential translational benefit.

2.5 Methods and Materials

Patient recruitment

All tissues were collected at MSKCC following a study protocol approved by the
MSKCC Institutional Review Board. Informed consent was obtained from all patients.
Patient samples were collected starting from Sept 2015 to March 2017 and followed
until Nov 2017 for the discovery analysis, and until May 2018 for the full cohort (ta-

ble 2.1). The study was in strict compliance with all institutional ethical regulations.
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All tumor samples were treatment-naive surgically resected primary pancreatic duc-
tal adenocarcinomas. Patients treated with neoadjuvant therapy were excluded. Only
histologically-confirmed PDAC tumors were included in the study. Patients were fol-

lowed for a maximum of 660 days.

Sorting of tumor cells by EpCAM-conjugated magnetic beads

We established single-cell suspensions of surgically resected tumors by taking a
small piece of PDAC tumor tissue collected in a cell-dissociation media [5 ml of mini-
mal essential media (MEM) containing 100pl of Liberase-TM (2.5 mg/ml stock solution
Roche/Sigma Aldrich Cat# 5401046001), 50pl of Kolliphor® P 188 (15 mM stock solu-
tion Sigma Cat# K4894), 37.5ul of 1M CaCl2 and 5pl of DNAse-1 (Sigma Cat# DN25
1000X stock 10mg/ml)]. Single-cell suspensions were then established using a Gentle-
MAGCS tissue dissociator (Milteney Biotech) following the manufacturer’s guideline (1
hour of gentle dissociation of tissues at 370 C). The viable (>90%viability) single cells
were then incubated with EpCAM-conjugated magnetic beads (Milteney Biotech Cat#
130-061-101) and then sorted in a magnetic field. EpCAM- cells (in the effluent) were

also collected as controls.

Genome-wide open chromatin profile by ATAC-seq

Two aliquots of 50,000 EpCAM+ cells were taken for ATAC-seq library preparation
following a method as described by Buenrostro et al., 2013[14]. Suspensions of 50,000
cells were first pelleted by centrifugation and then washed once with PBS followed
by gentle (no rigorous vortex) resuspension in ATAC-seq lysis buffer (10mM Tris-Cl,
pH 7.4, 10mM NaCl, 3mM MgCI2 and 0.1% (v/v) Igepal CA-630) in order to retrieve
healthy nuclei from the cells. TN5 transposase was added to the buffer solution (Nex-

tera DNA-library preparation kit, Illumina, Cat# FC-121-1030) and incubated at 370 C
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for 30 min. After the incubation, the transposed DNA fragments were extracted from
the reaction solution using the Mini Elute PCR purification kit (Qiagen Cat# 28004) and
then amplified by a 12-cycle PCR amplification step with specific primers as described
by Buenrostro et al., 2013 [14]. The duplicate libraries were then sequenced by paired-
end, 50 base pair sequencing on an Illumina HiSeq 2500 with an average read depth of

80 million reads per library.

DNA/RNA extraction

DNA and RNA were extracted from same samples of each of the EpCAM+ and
EpCAM- subpopulations using Qiagen All-prep DNA/RNA micro kit (Qiagen Cat#

80284) following manufacturer’s standard guidelines.

Quantitation of mutant allele frequencies of the panel of 20 driver genes in PDAC

Using approximately 50ng of the extracted genomic DNA, we performed TruSeq
Custom Amplicon v2.0 (Illumina) targeted re-sequencing experiments on a selected
set of pancreatic cancer driver genes (the custom pancreatic cancer panel). The cus-
tom Pancreatic Cancer panel was established using Illumina TruSeq Amplicon - Cancer
Panel platform which provided custom designed, optimized oligonucleotide probes for
sequencing mutational hotspots of pancreatic cancer in > 117 kilobases (kb) of tar-
get genomic sequence. Within this highly multiplexed, single-tube reaction, 20 genes
are targeted with 1242 Amplicons. Each amplicon had one pair of oligos designed to
hybridize to the region of interest. The reaction was then followed by extension and
ligation to form DNA templates consisting of regions of interest flanked by universal
primer sequences. These DNA templates were amplified by indexed primers and then
pooled into a single tube in order to sequence on an Illumina MiSeq sequencing ma-

chine. Canonical variant alleles for KRAS and TP53 were preselected from TCGA and
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ICGC mutation databases as the most frequently recurrent hotspot variant alleles in

PDAC.

Transcriptome analysis

We performed transcriptome analysis of EpCAM+ and EpCAM- cells using the
3’-end Sequencing (Quant-seq) method as described elsewhere[31]. For bulk tumors
analyzed by RNA-seq analysis, fastq files were aligned using STAR (v2.5.0b, default
parameters)[37] to the hgl9 genome assembly. Read counting was performed using
htseq-count (v0.9.1, parameters: —stranded=no -t exon)[38]. Differential expression

was conducted using DESeq2 (v1.18.0)[39].

Moffitt classification

All analysis was performed on log-transformed RNA-seq gene expression data.
Clustering analysis was performed in R, using the ConsensusClusterPlus package.
Samples were classified into two groups based on mRNA expression using the methods
described in ref[32]. The top 25 genes from basal-like and classical gene sets were used
to perform consensus clustering, using Pearson correlation as the internal similarity

metric, and k-means clustering with k=2 as the internal clustering method.

Gene set enrichment analysis (GSEA)

Genes were ranked by the moderated t statistics of a LIMMA-VOOM[40] differ-
ential analysis on TMM[41] normalized gene expression profiles by comparing recur-
rent to non-recurrent patients in the discovery, validation or merged series. Gene Set
Enrichment Analysis was performed on these pre-ranked gene lists using 10,000 per-
mutations to generate the null distribution. Reference PDAC signatures were derived

from the Independent Component Analysis by selecting for each component the gene
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symbols for which at least one probe had a Pearson correlation superior to 50% with

the component of interest.

ATAC-seq analysis

Raw fastq files were first trimmed using trimmomatic (v0.35, Parameters: TruSeq3-
PE adapters, LEADING:3 TRAILING:3 SLIDINGWINDOW:4:15 MINLEN:36)[42]. The
samples were then aligned to hgl9 genome using bowtie2 (v2.2.6, Parameters: -
X2000 -local -mm -no-mixed -no-discordant)[16]. Duplicate read removal was
performed using MarkDuplicates (v2.9.0) (Picard Tools — Accessed October 2, 2018.
http://broadinstitute.github.io/picard/). In order to account for Tn5 shift, all positive
strand reads were shifted by +4bps and all negative strand reads were shifted by -5bps.
Peak calling was then performed on each of the libraries individually and after pooling
replicates using MACS2 (v2.1.0, parameters: —nomodel —extsize 150 —shift -75 —slocal
5000 —llocal 20000 -B ~SPMR -keep-dup all -p 0.01)[43]. Finally, IDR (irreproducible
discovery rate)[44] was used to identify reproducible peaks from the duplicate libraries
for each sample (IDR < 1 x 10-2). 14 patients from the bottom quartile of reproducible
peaks were excluded to select the best quality samples. After identification of repro-
ducible peaks, an atlas of peaks was created from all samples using custom scripts.
Annotation of peaks was conducted as described previously[45] . Read counting for
all peaks in the atlas was performed using GenomicRanges’s summarizeOverlaps func-
tion[46]. Differential peak analysis was conducted using DESeq2’s generalized linear

model function.

Saturation Analysis

To discover cohort-level saturation, all 54 patients were first randomly sampled

without replacement 500 times. Then for each instance of a sample, we counted the
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total number of peaks in the atlas created by iteratively including patients until we

reached all 54 patients.
Motif analysis

All peaks in atlas were first scanned with FIMO[20] to find motif matches. CIS-
BP database was filtered as described elsewhere[47] and used for motifs. The result
was converted into a matrix where each row is a peak in atlas and each column is a
binary presence/absence of a TF. This matrix (X), along with the log2 fold change from
differential peak analysis between recurrent vs. non-recurrent patients (y), was used in
the following ridge regression framework to predict which TF motifs are differentially

accessible:

B = argmin|ly — XgII*> + Al|BII*
B

Glmnet[48] was used to train and optimize the model using 5-fold cross validation.

The resulting coefficient vector was plotted.
Tissue Microarray

Surgical pathology databases of Memorial Sloan Kettering Cancer Center were
searched for patients with a diagnosis of pancreatic ductal adenocarcinoma. Resec-
tions of 44 out of 54 cases were identified for which the slides and tissue blocks were
available. All hematoxylin and eosin (H&E) slides were re-reviewed and the best repre-
sentative tumor area was marked for each case. The Formaldehyde Fixed-Paraffin Em-
bedded tissues (FFPE) corresponding to the selected histological sections were sampled

from these marked regions and a tissue microarray (TMA) was created using three 1
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mm diameter punches per tumor. Normal pancreatic areas were also labeled for 6 out

of 44 cases (three cores from each) and used as control tissue.

Immunostaining

The immune staining was performed at Molecular Cytology Core Facility of Memo-
rial Sloan Kettering Cancer Center using a Discovery XT processor (Ventana Medi-
cal Systems). The tissue sections were de-paraffinized with EZPrep buffer (Ventana
Medical Systems), antigen retrieval was performed with CC1 buffer (Ventana Medical
Systems). Sections were blocked for 30 minutes with Background Buster solution (In-
novex), followed by avidin-biotin blocking for 8 minutes (Ventana Medical Systems).

Multiplexed immunostaining was done as previously described[49].

First, sections were incubated with anti-ZKSCAN1 (Sigma, cat#HPA006672,
0.5ug/ml) for 5 hours, followed by 60-minutes incubation with biotinylated goat anti-
rabbit IgG (Vector labs, cat#PK6101) at 1:200 dilution. The detection was performed
with Streptavidin-HRP D (part of DABMap kit, Ventana Medical Systems), followed
by incubation with Tyramide Alexa Fluor 488 (Invitrogen, cat# B40953) prepared ac-
cording to manufacturer instruction with predetermined dilutions. Next, sections
were incubated with anti-HNF1b (Sigma, cat#HPA002085, 1ug/ml) for 5 hours, fol-
lowed by 60-minutes incubation with biotinylated goat anti-rabbit IgG (Vector labs,
cat#PK6101) at 1:200 dilution. The detection was performed with Streptavidin-HRP D
(part of DABMap kit, Ventana Medical Systems), followed by incubation with Tyra-
mide Alexa 568 (Invitrogen, cat# T20948) prepared according to manufacturer instruc-
tion with predetermined dilutions. Finally, sections were incubated with anti-CK19
(Abcam, cat#ab52625, 0.02ug/ml) for 5 hours, followed by 60-minutes incubation with
biotinylated goat anti-rabbit IgG (Vector labs, cat#PK6101) at 1:200 dilution. The detec-

tion was performed with Streptavidin-HRP D (part of DABMap kit, Ventana Medical
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Systems), followed by incubation with Tyramide Alexa 647 (Invitrogen, cat# B40958)
prepared according to manufacturer instruction with predetermined dilutions. Slides
were counterstained with DAPI (Sigma Aldrich, cat# D9542, 5ug/ml) for 10 min and

mounted with Mowiol and glass coverslip.

Subjective scoring of immunohistochemistry (IHC) and quantitative analysis of im-

munofluorescence (IF) staining

Subjective scoring was done under the light microscope on a 0-3 scale, with 0=ab-
sent, 1=weak, 2=moderate and 3=strong staining. For quantitative analyses of IF, slides
were scanned with Panoramic Flash (3DHistech, Hungary) using 20x/0.8NA objective,
and regions of interest were drawn using Case Viewer (3DHistech, Hungary). The
images were then analyzed using Image J/FIJI (NIH) to count cells with ZKSCANT1,
HNF1b, and CK19. The DAPI channel was used to obtain the total nuclear content.
Applying background subtraction and median filter preprocessing, the images and the
masks were obtained by intensity thresholding and water shedding (gray-scale). The
thresholds of all channels were individually set to adjust the co-localization and then

the absolute counts of cells for the combination of channels were measured.
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CHAPTER 3

DISSECTING THE EPIGENETIC ROLE OF ARID1A IN BREAST CANCER

3.1 Abstract

Mutations in ARID1A, a subunit of the SWI/SNF chromatin remodelling complex, are
the most common somatic alteration of the SWI/SNF complex across all cancers includ-
ing oestrogen receptor positive (ER)+ breast cancer. We have recently reported that
ARID1A inactivating mutations are present at a high frequency in advanced endocrine
resistant ER+ breast cancer. In parallel, to identify mechanisms of resistance to en-
docrine therapy in breast cancer, we performed an epigenome CRISPR/CAS9 knockout
screen that identified ARID1A as the top candidate whose loss determines resistance to
the ER degrader fulvestrant. ARID1A knockout cells were found to be less responsive
to endocrine therapy compared to intact ARID1A cells in vitro and in vivo. This set
of observations in patients’ tumours and in unbiased CRISPR screens led us to explore
the epigenetic mechanisms whereby loss of ARID1A may influence breast cancer pro-
gression and/or endocrine therapy resistance. ARID1A disruption in ER+ breast cancer
cells led to widespread changes in chromatin accessibility converging on loss of activ-
ity of master transcription factors (TFs) that regulate gene expression programs critical
for luminal lineage identity. Global transcriptome profiling of ARID1A knockout cell
lines and patient samples harbouring ARID1A inactivating mutations revealed an en-
richment for basal-like gene expression signatures. The state of increased cellular plas-
ticity of luminal cells that acquire a basal-like phenotype upon ARID1A inactivation is
enabled by loss of ARID1A-dependent SWI/SNF complex targeting to genomic sites of
the major luminal-lineage determining transcription factors including ER, FOXA1, and

GATA3. We also show that ARID1A regulates genome-wide ER-chromatin interactions
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and ER-dependent transcription. Altogether, we uncover a critical role for ARID1A in
the determination of breast luminal cell identity and endocrine therapeutic response

in ER+ breast cancer.

3.2 Introduction

Breast cancer is divided into molecularly distinct subtypes based on the expression of
hormone receptors (oestrogen receptor and progesterone receptor) and/or amplifica-
tion of ERBB2 (also known as HER2) that dictate different clinical outcomes and choice
of therapies [50, 51]. Extensive genomic characterization efforts have established the
landscape of genomic alterations that typify each of these classes of primary disease,
namely ER+, HER2+, and basal-like tumours which are negative for hormone receptors
and HER2 [52-59]. Among these subtypes, ER+ tumours, also referred to as luminal
breast cancers, are the most frequent, representing over 70% of breast cancers. In these
tumours, ER is the defining and driving transcription factor where its target genes con-
trol cell growth and endocrine response, and they are treated primarily with hormone
therapy [60]. Despite the success of endocrine therapies, resistance to these agents de-
velops in the majority of patients with metastatic disease and a better understanding

of the mechanisms of endocrine resistance is required.

Among the many genomic alterations observed in ER+ breast cancer, genes encod-
ing subunits of the SWI/SNF ATP-dependent chromatin remodelling complexes are
frequently mutated with ARID1A being the most frequently mutated SWI/SNF sub-
unit [61, 62]. The SWI/SNF multi-unit complexes remodel the chromatin structure in

an ATP-dependent manner to modulate transcription and to enable TF binding [63—
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67]. The ARID family of subunits are thought to recruit the SWI/SNF complex to its

targets by either binding to DNA or by interacting with other TFs [63].

Our interest in studying the role of ARID1A in ER+ breast cancer and how ARID1A
loss of function mutations could influence breast cancer progression and resistance
to endocrine therapies came from two sets of parallel and independent observations.
We have recently reported that mutations of the subunits of the SWI/SNF complexes,
including ARID1A and ARID2, are enriched in the ER+ metastatic setting and in pa-
tients who had been exposed to hormonal therapy, suggesting that they may play a
role in tumour progression and/or resistance to endocrine therapy [68]. In addition, a
CRISPR/CAS9 knockout screen revealed that loss of ARID1A is a top mediator of en-
docrine resistance. This set of observations in patients’ tumours and in CRISPR screens
prompted us to explore the mechanisms whereby disruption of ARID1A may influence

breast cancer progression and/or endocrine therapy resistance.

3.3 Results

We first confirmed that ARID1A is the most frequently mutated gene in the SWI/SNF
complex in ER+ breast cancer based on the analysis of our internal targeted exome
sequencing platform (Memorial Sloan Kettering-Integrated Mutation Profiling of Ac-
tionable Cancer Targets, MSK-IMPACT) and the datasets of TCGA and METABRIC
(figure 3.1). In addition, we recently reported findings that inactivating ARID1A mu-
tations are present at a higher frequency in metastatic tumours and tumours that had
progressed on hormonal therapy [68], which may explain the higher ARID1A muta-
tion frequency that was observed in the MSK-IMPACT series, which is enriched for

patients with metastatic disease who present for genomic analysis.
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Figure 3.1: Enrichment of mutations of core subunits of the SWI/SNF complex in
HR+ HER2- breast cancer

(a) Mutation enrichment based on IMPACT study. (b) Mutation enrichment based on
TCGA and METABRIC studies.
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In parallel, as part of our efforts to identify key effectors of endocrine resistance in
breast cancer, we conducted a CRISPR/CAS9 knockout screen in MCF7 breast cancer
cells using an 11K sgRNA (single guide RNAs) library targeting the human epigenome
(along with CAS9) in cells being continuously exposed to fulvestrant, an ER degrader
that is a standard of care for ER+ breast cancer patients (figure 3.2a). After transduc-
tion and antibiotic selection, cells that expressed the sgRNA library underwent culture
and expansion for 2 weeks. These cells were then treated with DMSO or fulvestrant
(100nM) for 2 weeks, and the isolated DNA was subjected to next generation sequenc-
ing (NGS). The design of our CRISPR screen is shown in figure 3.2a. Ten of twelve
distinct sgRNAs targeting ARID1A were among the top 3% enriched sgRNAs in the
setting of fulvestrant exposure such that ARID1A was the top candidate in the screen
whose loss confers fulvestrant resistance (figure 3.2b). Additional candidates that were
found include the coactivator of Wnt/B-catenin, PYGO2 and members of the SWI/SNF
complex, SMARCB1 and SMARCE] (figure 3.4a). As ARID1A was the top candidate in
the CRISPR screen and that ARID1A inactivating mutations are enriched in advanced
endocrine resistant ER+ breast cancer, we focused our study on the role of ARID1A. To
validate these findings, we first knocked out ARID1A using four distinct guide RNAs
(gRNAs) in ER+ MCF7 cells (figure 3.3c). ARID1A knockout had no effect on the ex-
pression levels of the ER protein (figure 3.3c). We performed a crystal violet survival
assay as well as an in vitro cell proliferation assay in cells transduced with 4 distinct
guide RNAs targeting ARID1A. ARID1A disruption by itself did not affect prolifer-
ation. However ARID1A knock out cells showed increased growth upon fulvestrant
treatment as compared to control cells (figure 3.3c and figure 3.4b and c). We confirmed
these findings with another ER degrader, GDC0927 (figure 3.4d). We also successfully
knocked out ARID1A using two distinct guide RNAs in an additional ER+ breast cancer

cell line, namely (MDA-MB-415) (figure 3.5¢) and confirmed that ARID1A knockout
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in these cells also leads to resistance to fulvestrant (figure 3.5f). These observations
suggest that the effects of ARID1A loss on endocrine resistance are consistent across
ER+ breast cancer. Moreover, ARID1A silencing MCF7 cells resulted in increased pro-
liferation of cells under oestrogen deprived conditions compared to the control cells,
suggesting an oestrogen-independent growth advantage of these cells after ARID1A
loss (figure 3.6g and h). In the in vivo setting, orthotopic xenografts of ARID1A knock-
out MCF7 cells showed a significant growth advantage compared to control cells upon
fulvestrant treatment (figure 3.3e). The ARID1A knockout tumours displayed stable
disease in comparison to control cells, which showed tumour eradication upon fulves-
trant treatment (figure 3.3e). Taken together, the presence of inactivating mutations
of ARID1A in advanced ER+ tumours and the observation that ARID1A loss mediates
endocrine resistance, strongly suggest a role for ARID1A in ER+ breast cancer progres-

sion and/or therapy resistance that needs to be mechanistically delineated.
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Figure 3.2: CRISPR epigenome screen for fulvestrant resistance

(a) Work flow of the epigenome-wide CRISPR/CAS9 screen upon treatment with the ER
degrader fulvestrant. (b) Analysis of the sequencing data demonstrating ARID1A guide
RNAs (10 out of 12 guide RNAs targeting ARID1A) to mediate fulvestrant resistance.
The criteria used: At least 6 out of 12 sgRNAs (top 3%, 340sgRNAs/11K) targeting the
same gene are enriched in the setting of fulvestrant exposure, and each sgRNA has at
least 500 reads in the DMSO treated group (2340 reads/sgRNA on average).
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Figure 3.3: ARID1A loss significantly reduces the sensitivity of endocrine therapy

(a) Western blotting with the indicated antibodies in MCF7 expressing sgNT (non-
targeted guide RNA) as controls and distinct sgRNAs targeting ARID1A. (b) In vitro
proliferation assay of MCF?7 cells expression two distinct not targeted RNAs (sgNT-1
and sgNT-2) as control and 4 guide RNAs against ARID1A (sgARID1A-1, sgARID1A-2,
sgARID1A-3, sgARID1A-4) upon DMSO or fulvestrant treatment. (c) MCF7 ARID1A
knockout and control cells in vivo xenograft treated with vehicle or fulvestrant
(3mg/mouse).
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Figure 3.4: Loss of ARID1A mediates resistance to endocrine therapy

(a) Table demonstrating the log2 fold abundance of sgRNAs enriched in the fulvestrant
setting from the epigenome CRISPR/CAS screen. The criteria used: At least 6 out of 12
sgRNAs (top 3%, 340sgRNAs/100K) targeting the same gene are enriched in the setting
of fulvestrant exposure, and each sgRNA has at least 500 reads in the DMSO treated
group (2340 reads/sgRNA on average). (b) ARID1A knockout by several guide RNAs
targeting ARID1A does not result in a change in cell proliferation in MCF7 cells. (c) Cell
quantification of ARID1A knockout (KO) vs. control cells upon fulvestrant treatment
(100nM). *** P-value <0.001. P-values were calculated using Student’s t test compared
to sgNT-1. (d) In vitro proliferation assay in ARID1A KO vs. control cells upon a dose
response of the ER degrader GDC0927.
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Figure 3.5: Loss of ARID1A in MDA-MB-415 mediates resistance to endocrine ther-
apy

(a) Western blot with the indicated antibodies of MDA-MB-415 cells expressing sgNT
(not targeted) GFP, sgCOPGFP GFP, sgARID1A-1 RFP, and sgARID1A-2 RFP. (b) The ra-
tio of RFP+ ARID1A knockout cells (sgARID1A-1 or sgARID1A-2) to GFP+ control cells
(sgNT-GFP or sgCOPGFP-GFP) upon DMSO or fulvestrant (100nM) (14 days) treatment
as measured by flow cytometry. *** P-value <0.001. P-values were calculated using
Student’s t test compared to sgNT-1.
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Figure 3.6: Estrogen depletion along with ARID1A KO mediates resistance to en-
docrine therapy

(a) Cell quantification of ARID1A KO vs. control cells under oestrogen (E2) depleted
media vs. full media. Error bars, SD (n=3 biological repeats). *** P-value <0.001. P-
values were calculated using Student’s t test compared to sgNT-1. (b) In vitro prolifer-
ation assay of ARID1A KO vs. control cells in oestrogen (E2) depleted media and full
media.
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As the SWI/SNF complex regulates chromatin accessibility in coordination with
TFs, we investigated the chromatin landscape of breast cancer upon ablation of
ARID1A and upon treatment with fulvestrant. We performed ATAC-seq (Assay for
Transposase Accessible Chromatin using sequencing) assays on MCF7 breast cancer
cells expressing three distinct sgARID1As or two control sgRNAs in DMSO or fulves-
trant treated cells (figure 3.7a and b). ATAC-seq analyses chromatin accessibility and
provides a direct readout of the chromatin remodelling activity of the SWI/SNF com-
plex [14]. Loss of ARID1A in either DMSO or fulvestrant treatment revealed striking
changes in chromatin accessibility. We observed thousands of sites with significantly
decreased accessibility (shown in green) or increased accessibility (shown in red) af-
ter ARID1A loss (figure 3.9a and b and figure 3.8c), with the majority of sites losing
accessibility (figure 3.9a and b and figure 3.8c). The peaks that were differentially ac-
cessible upon ARID1A knockout in the fulvestrant setting were similar to the differ-
entially accessible peaks upon ARID1A knockout in DMSO treated cells (figure 3.8c).
These data suggest that ARID1A is necessary to maintain a stable state of chromatin
accessibility in ER+ breast cancer and that ARID1A loss alters chromatin remodelling
of the breast cancer epigenome independent of fulvestrant treatment. The majority
of differentially accessible peaks were located in intergenic regions or introns, indica-
tive of enhancers, while promoters displayed fewer dynamic peaks relative to the total
genome-wide distribution of detectable sites (figure 3.9b and c). In addition, when we
characterized the histone modification associated with active cis regulatory elements
(H3K27ac) at differential chromatin accessibility sites, we observed a significant reduc-
tion of H3K27ac levels in sites that have lost chromatin accessibility in the setting of
ARIDI1A loss (figure 3.10d and e). These findings suggest that ARID1A likely alters ac-

cessibility most significantly at active enhancer regions. Since H3K27ac distinguishes
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active from poised and inactive enhancers, this data also suggests that ARID1A loss

may affect enhancer utilization in breast cancer.
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Figure 3.7: Peak Distributions of ATAC-seq assays performed in control and ARID1A
knockout (KO) MCF?7 cells

(a) Pie chart of the distributions of peaks to various genic parts. (b) Distributions of
genic peaks found in the total peak atlas among samples. ATAC-seq analysis revealed
59,000 peaks in total, with 33% of peaks found in intergenic regions, ~30% found in
promoter regions, and 35% in intron regions and a minimal of peaks located in exons.
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Figure 3.8: ARID1A knockout leads to equal chromatin accessibility changes in
breast cancer in DMSO or fulvestrant setting

(a) Heatmap of differential peaks in control vs. ARID1A KO (knockout) upon DMSO
or fulvestrant (fulv) treatment (absolute log2 fold change > 0.5, adjusted P-value <0.05).
Row annotation shows which comparison (DMSO KO vs Control or FULV KO vs Con-
trol) that calls the peak differentially accessible. (b) Learned coefficients of TFs motifs
that gain (red) or lose enrichment (green) in control vs. ARID1A KO in DMSO or ful-

vestrant (fulv).
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Figure 3.9: Chromatin landspace reprogramming upon ARID1A knockout

(a) Volcano plot of ATAC-seq chromatin accessibility assays in control and ARID1A
knockout cells. The x-axis represents log2 fold change and y-axis represents -log10
(p-value). The red dots represent a significant increase in chromatin accessibility (1701
sites) while the green dots represent a significant decrease in chromatin accessibility
(3537 sites) (absolute log2 fold change >0.5, and adjusted p < 0.01). (b) Heat map of
significantly differential accessible sites in MCF7 cells expressing three distinct sgRNAs
against ARID1A and two control sgRNAs (log2 fold change > 0.5 and adjusted p < 0.01).
Also shown are the annotations of the peak locations to various genic parts: intron,

promoter, intergenic or exon regions. (c) Pie chart demonstrates the distributions of
differential peaks to various genic parts.
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Figure 3.10: Integration of ATAC-seq with H3K27ac ChIP-seq and TF analysis

(a) Heatmap of H3K27ac ChIP-seq in the differential accessible sites obtained by ATAC-
seq upon ARID1A loss shown in a horizontal window of +2kb from the peak center.
X-axis shows coefficients from ridge regression model (absolute coefficients > 0.02).
(b) Box plot representing mean signal across peaks that lose chromatin accessibility
upon ARID1A knockout. Also shown are the H3K27ac ChIP-seq differential binding in
control and ARID1A knockout. P-values as measured by Mann-Whitney test. (c) The
top significant TFs motifs enriched in the lost or gained accessible sites upon ARID1A
knockout as performed by MEME motif discovery tool.
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The SWI/SNF complexes function in coordination with TFs to regulate gene expres-
sion [63, 67, 69]. To define the TFs motifs that are the most strongly associated with
the sites whose accessibility is lost or gained after ARID1A knockout, we performed
differential motif analysis using novel regularized regression framework restricted to
a database of well-curated motifs of TFs that are highly expressed in breast cancer
[20]. We observed several TFs motifs whose inferred occupancy is either increased or
reduced when ARID1A is silenced (figure 3.10f). Among the TFs whose occupancy is
predicted to be reduced, we identified master regulators of ER-dependent transcription
and essential determinants of luminal (ER+) cell identity and luminal cell differentia-
tion such as FOXA1 [70, 71] and GATA3 [72, 73], repressors of invasiveness and migra-
tion such as NFIX and HSF2 [74], and a modulator of cell differentiation and cell lineage
identity GRHL1 [75]. Motif analysis also identified the presence of SOX11, a critical
regulator of basal-like breast cancer growth, invasion, and basal-like gene expression
[76], in the sites that gained chromatin accessibility. Other TFs like MYBL1, E2F3, E2F5,
IRF2, and IRF6, which are involved in cell proliferation and cancer progression were
also enriched despite no detectable increase in cell proliferation [77-79]. This obser-
vation raises the possibility that ARID1A knockout cells may prime luminal cells for
growth by facilitating a transition into a basal-like phenotype, but additional factors
may be required for increased proliferation. Recent work reported that similar prolif-
erative TFs were enriched in pancreatic acinar cells upon ARID1A knockdown without
increased cell proliferation but with a shift in acinar cell lineage identity [80]. TEAD4
binding motifs, which were recently been identified to be highly enriched in basal cells
compared to mature luminal cells, were also enriched upon ARID1A loss [81]. Consis-
tent with similar accessibility changes after ARID1A knockout in DMSO or fulvestrant
treated cells, we observed the same TFs motifs enriched after ARID1A knockout in

both settings (Pearson’s Correlation 0.92, P = 2.2x107°) (figure 3.8d). Altogether, our
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genome-wide ATAC-seq data suggests that loss of ARID1A mediates reprogramming
of the chromatin landscape of breast cancer independent of treatment leading to the
enrichment of TF-binding sites involved in proliferation and basal-like phenotype and
depletion of TFs targets involved in ER-dependent transcription and luminal cell iden-

tity.

We next assessed the impact of ARID1A loss on gene expression through RNA-seq
analysis, which showed significant changes in gene expression with ARID1A loss (fig-
ure 3.11a). The gene expression changes were highly concordant with the observed
chromatin accessibility changes. When we integrated ATAC-seq differential changes
with the mRNA expression levels of the nearest genes, those sites that were upregu-
lated in accessibility after ARID1A knockout also showed increased gene expression
( P = 0.00036; figure 3.11b, left panel). In contrast, sites that were downregulated in
accessibility after ARID1A knockout showed decreased gene expression of the nearest
genes (P = 6 .3x10™"%; figure 3.11b, right panel). This highlights the critical role that
chromatin accessibility controlled by ARID1A plays on gene expression in ER+ breast
cancer. To identify the top gene signatures that are enriched or lost after ARID1A
knockout, we next performed gene set enrichment analysis (GSEA), which identified
significant activation of basal-like (ER negative) transcriptional program after ARID1A
loss (figure 3.12¢, Extended Data Table 1). Examples of the top-ranked gene sets upreg-
ulated in ARID1A knockout cells include basal gene signatures: Huper breast cancer
basal vs. luminal up (NES=1.83, P ~0); Charafe breast cancer basal vs. mesenchymal up
(NES=1.91, P ~0); Farmer breast cancer basal vs. luminal (NES=1.68; P < 0 .05). In con-
trast, the gene sets that were downregulated after ARID1A loss consisted of a number
of genes important for the luminal (ER+) signature and ER target genes (figure 3.12c)

such as genes downregulated in Charafe breast cancer luminal vs. basal (NES=1.87, P
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~0). Hence, global transcriptome profiling revealed a significant enrichment of basal-

like signatures after ARID1A knockout.
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Figure 3.11: Global transcriptomic changes upon ARID1A KO and integration of
ATAC-seq with RNA-seq

(a) Heatmap displaying significantly differential gene expression as obtained by RNA-
seq assays performed in two control (sgNT-1 and sgNT-2) and (three sgARID1A-1,
sgARID1-2, sgARID1A-3) MCF7 cells (1230 downregulated genes, 2585 upregulated
genes) (absolute log2 fold change >0.5, and adjusted p < 0.01). (b) ECDF plot of log2
fold change of nearest gene expression (ARID1A KO vs. Control cells) in sites that have

an increase in chromatin accessibility (left, in red) or decrease chromatin accessibility
(right, in green). KS test was used to calculate the p-values.
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Figure 3.12: Gene set enrichment analysis of differential genes and enchrichment of
basal-like/stemness markers

(a) Gene Set Enrichment Analysis (GSEA) enrichment signatures in MCF7 cells after
ARID1A knockout. (b) Fold Change (ARID1A KO vs. Control) of luminal and basal-
like/stemness markers in MCF7 cells as obtained by RNA-seq.
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To further evaluate this potential switch in cell fate after ARID1A loss, we surveyed
the expression of established genes that define luminal, basal, and stemness phenotypes
[82, 83]. Stemness gene markers have been shown to be enriched in basal-like cells and
are associated with a more aggressive phenotype compared to luminal subtypes [84].
ARID1A knockout in MCF7 breast cancer cells resulted in a marked increase in the
expression of basal-like/stemness genes, including KRT16, KRT6, KRT15, KRT5, CD44,
TP63, CD49F, LGR5, LGR6, while the expression of luminal markers such as GATA3,
ER, FOXA1, KRT8, TFF3, WISP2, CITED1, were either downregulated or remained
unaffected (figure 3.12d). We validated the RNA-seq results using real-time (RT-qPCR)
for a subset of luminal and basal-like markers in control MCF7 cells, and in MCF7
cells where ARID1A was knocked out using two distinct guides (figure 3.13a). The
same gene expression changes in cell fate markers were observed using a doxycycline
inducible model to knock down ARID1A by shRNA suggesting these are on-target

effects (figure 3.13b).
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Figure 3.13: ARID1A loss mediates basal-like gene expression and suppression of ER
target genes expression

(a) mRNA levels of luminal and basal-like/stemness markers in control cells and
ARID1A knockout (KO) cells by two distinct guide RNAs (sgARID1A-2, sgARID1A-
3). (b) mRNA levels of luminal and basal-like/stemness markers in MCF7 cells which
upon addition of doxycycline (DOX) knockdown ARID1A expression. Also shown is
the western blot of ARID1A and Vinculin upon addition of doxycycline. (d) mRNA
expression levels of ER canonical target genes in control cells and ARID1A KO cells.
Error bars, SD (n=3). * P-values <0.05, **P-values <0.01. P-values were calculated using
Student’s t test.
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We then investigated whether the effects of ARID1A loss on the transcriptome
of breast cancer was a general mechanism of action of ARID1A in multiple ER+ breast
cancer models. To this end we successfully disrupted ARID1A in BT474 and MDA-MB-
415 breast cancer cells (figure 3.14e and f) and subjected the control cells and ARID1A
knockout cells to RNA-seq assays. Next, we built a signature of genes downregu-
lated or upregulated by ARID1A knockout in MCF7 cells and ran GSEA using BT474
and MDA-MB-415 differential mRNA changes mediated by ARID1A loss. The GSEA
demonstrated that genes that were upregulated after ARID1A loss in MCF7 were also
significantly upregulated in BT474 (NES=1.58, P ~0), and MDA-MB-415 (NES=1.39, P
~0) breast cancer cells. Likewise, genes that were downregulated in MCF7 cells upon
ARID1A loss were also significantly downregulated in both cell lines (BT474: NES -
1.47, P ~0 and MDA-MB-415: NES=-1.38, P ~0) (figure 3.14g and h). Importantly, upon
ARID1A silencing, basal-like gene signatures were also enriched in BT474 (NES=1.03,

P ~0) and MDA-MB-415 cells (NES=1.59, P ~0).
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Figure 3.14: Recapitulation of basal-like/stemness signature in other cell lines and

patient tumors

(a) Western blot with the indicated antibodies of BT474 cells expressing sgNT (non-
targeted sgRNA) and two distinct sgRNAs against ARID1A. (b) Similar to E but in MDA-
MB-415 cells. (c) Enrichment of ARID1A KO in MCF7 cells and basal-like signatures
in BT474 upon ARID1A KO. (d) Similar to G but in MDA MB 415 cells. (€) Enrichment
of luminal-and basal-signatures in patient samples harboring inactivating mutations
of ARID1A and displaying loss of heterozygosity of ARID1A (biallelic ARID1A loss)
versus patient samples wild type for ARID1A.
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The observation that loss of ARID1A results in a switch from a luminal to a basal-
like phenotype in a number of ER+ breast cancer cell lines suggests that the effects
of ARID1A loss are consistent across ER+ breast cancer. To further explore the uni-
formity of this enrichment from luminal to basal signatures, we studied ER+ tumour
samples from patients. We identified in our institutional biobank 6 ARID1A mutants
ER+ breast cancers with either homozygous deletion or truncating mutations accom-
panied by loss of heterozygosity of the wild type allele, with resultant biallelic loss of
ARID1A. Loss of heterozygosity status of ARID1A gene was obtained using FACETS
[85]. We compared these samples to 6 matched ARID1A wild type tumour samples, as
nested case-controls. Formalin-fixed paraffin-embedded slides from each tumour were
laser-microdissected [86] to enrich for high tumour cellularity and tissue mRNA was
collected for RNA-seq analyses. Global transcriptome profiling revealed a significant
enrichment of basal-like signatures across ARID1A mutant tumour samples compared
to ARID1A wild type samples (figure 3.14i) including Farmer breast cancer basal vs. lu-
minal (NES=1.51, P = 0.01) and Charafe breast cancer basal vs mesenchymal (NES=1.35,
P = 0.04). On the other hand, luminal signatures such as Smid breast cancer luminal A
were downregulated (NES=-0.73, P = 0.05). When we investigated each patient pair in-
dividually, we observed enrichment of basal-like signatures in 6 out of 6 paired samples
(figure 3.15c). These signatures were concordant with the signatures that we observed
in our cellular models of ARID1A loss. Thus, the same lineage switch observed in
ARID1A knockout cancer cells is also present in breast tumours with ARID1A biallelic

loss.
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Figure 3.15: RNA-seq of ARID1A mutant patient shows basal-like gene expression

programs

(c) Enrichment of basal-like signatures in ARID1A wild type vs. ARID1A inactivat-
ing mutations accompanied by loss of heterozygosity (LOH) (biallelic loss of ARID1A)

patient samples pairs.
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In addition to the baseline effects of ARID1A silencing, we also investigated ef-
fects of ARID1A silencing on ER-dependent transcription in response to oestrogen.
Hormone-deprived MCF7 cells and ARID1A loss cells were treated with oestrogen and
subjected to RNA-seq assays. ARID1A loss led to widespread changes in the expres-
sion of oestrogen responsive gene targets. Out of the ~3000 oestrogen responsive genes
that were either downregulated or upregulated by oestrogen, 1247 genes were affected
by ARID1A loss (figure 3.16j). Thus, ARID1A loss globally affected the oestrogen-
mediated transcriptome, with more than 40% of all oestrogen regulated genes requir-
ing ARID1A for oestrogen regulation. Indeed, when we examined the expression of
canonical ER target genes such as TFF1, WISP2, TFF3, GREB1, SERPINA1, and others,
we observed that their expression was substantially downregulated after ARID1A loss
as shown by RNA-seq (figure 3.16k). These findings were also validated using RT-qPCR
assays probing a subset of canonical ER target genes (figure 3.13d). In summary, we
have found that ARID1A deficiency leads to global transcriptomic changes resulting
in enrichment of a basal-like signature in cell lines and patient samples and loss of

oestrogen response in breast cancer cells.
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Figure 3.16: Impact of ARID1A KO on estrogen

(a) Heat map displaying differential gene expression changes as obtained by RNA-seq
in ARID1A knockout vs control cells in estrogen-depleted MCF?7 cells for three days fol-
lowing estrogen treatment for 12h. (b) Examples of expression of estrogen-dependent
genes in control and ARID1A knockout cells upon vehicle or E2 treatment as quantified
by RNA-seq.
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To examine the consequences of ARID1A loss on the chromatin recruitment of the
SWI/SNF complex in breast cancer, we performed chromatin immunoprecipitation fol-
lowed by sequencing (ChIP-seq) for core subunits of the complex—BRG1 and BAF155—
in control and ARID1A knockout MCF7 cells. As expected, in control MCF7 breast
cancer cells, assessing shared BRG1-BAF155 sites (n=14007), we observe widespread
overlap in the cistrome of BRG1 and BAF155 (figure 3.17a). As in previous studies, we
defined SWI/SNF complex sites as shared BRG1-BAF155 sites [63, 64]. ARID1A knock-
out breast cancer cells showed marked loss of BRG1 and BAF155 occupancy, consistent
with a critical role for this subunit in the SWI/SNF complex recruitment in breast can-
cer cells (figure 3.17a). Moreover, immunoprecipitation assays demonstrated that the
interaction between BRG1 and other core subunits of SWI/SNF was largely unaffected
after ARID1A loss in breast cancer, indicating that SWI/SNF binding to chromatin is
impaired by ARID1A loss while complex assembly remains unaffected most likely due

to residual ARID1B-containing SWI/SNF complexes (figure 3.18a).
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Figure 3.17: ARID1A loss causes defects in SWI/SNF targeting to chromatin at lumi-
nal lineage determining TFs loci

(a) Heatmap of the ChIP-seq profiles of the SWI/SNF binding sites, as probed by the
overlap of BAF155/BRG1 peaks (15266 common peaks) for the core subunits—ARID1A,
BAF155, DPF2, and BRG1 binding sites in control and ARID1A mutant MCF7 cells
shown in a horizontal window of +2kb from the peak center. (b) Enrichment of
ARID1A, BAF155, DPF2, and BRG1 occupancy in the differential accessible sites ob-
served by ATAC-seq. (c) Motif enrichment of TFs found in lost BAF155/BRG1 sites
upon ARID1A silencing. (d) ChIP-seq tracks of BRG1, BAF155, DPF2, ARID1A, in con-
trol and ARID1A knockout cells. In order to observe SWI/SNF complex binding at
ER-FOXA1 sites, ER and FOXA1 ChIP-seq tracks were also shown.
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Figure 3.18: SWI/SNF binding to chromatin but not complex assembly is lost upon
ARIDI1A loss

(a) Number of peaks called for each ChIP-seq sample (ARID1A, BAF155, DPF2, and
BRG1) in control and ARID1A knockout (KO) cells. (b) Co-immunoprecipitation of
BRG1 with core subunits of the SWI/SNF complex in control and ARID1A knock-
out MCF7 cells. C) ChIP-seq tracks of BRG1, BAF155, DPF2, ARID1A, in control and
ARID1A KO cells. In order to observe SWI/SNF complex binding at ER-FOXAT sites,
ER and FOXA1 ChIP-seq tracks were also shown.

78



To observe whether changes in chromatin accessibility after ARID1A knockout by
ATAC-seq correlate with changes in SWI/SNF complex binding, we took the ATAC-
seq differential accessible sites and examined the binding of BAF155 and BRG1 in these
sites. We found that the majority of the sites that have lost chromatin accessibility after
ARID1A knockout also showed significant loss of binding of the core subunits of the
SWI/SNF complex (figure 3.17b and figure 3.18b), in agreement with previous studies

linking SWI/SNF integrity with DNA accessibility [64, 66, 87, 88].

TFs function as master regulators of lineage development in multiple tissues. We
next sought to identify candidate TFs that are directly associated with the SWI/SNF
complex and that consequently depend on the complex to regulate gene expression.
To this end, we analysed TF sequence motifs at the sites that lose SWI/SNF complex
binding (n=14007, defined as shared BRG1-BAF155 sites) following ARID1A silencing.
At sites with reduced SWI/SNF binding after ARID1A loss, we observed enrichment for
AP-1 TF (FOS/JUN) motifs, which correlate with SWI/SNF complex binding in other
contexts [63, 66, 89, 90]. Previous studies demonstrated the AP1-TF complex cooper-
ates with the SWI/SNF complex to establish an open chromatin state enabling cellular
differentiation [90]. Interestingly, AP-1 TFs binding motifs have also recently been
identified to be highly enriched in luminal breast cancer cells compared to basal cells
[81]. Consistent with the impact of ARID1A loss on luminal cell fate, we identified
enrichment of binding motifs for FOXA1, GATA3, and ER in the set of sites that lost
SWI/SNF binding upon ARID1A knockout (figure 3.17c). Examples of SWI/SNF occu-
pancy at the FOXA1/ER loci are shown in figure 3.17d and figure 3.18c. The same sites
losing binding of SWI/SNF complex also showed enrichment of GRHL1, a TF that is
thought to be involved in epithelial cell identity 28 but whose function in ER+ breast
cancer is not well defined. Thus, TFs motifs such as FOXA1, GRHL1, GATA3, and oth-

ers that are enriched for SWI/SNF complex binding sites lost upon ARID1A knockout
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correspond to the TFs detected by our ATAC-seq changes (figure 3.17c). The strong
correlation between TFs motifs identified by our ATAC-seq and SWI/SNF complex
ChIP-seq studies suggests that the activity of these TFs depend on intact SWI/SNF
complexes. In order to further dissect the relationship between SWI/SNF-mediated
enrichment of these TFs with target gene expression changes, we analysed nearest
gene expression associated with the peaks where GRHL1, FOXA1, FOS, JUN, GATA3,
and ER motifs, which were enriched in ARID1A-mediated SWI/SNF, depleted bind-
ing sites. Notably, this analysis demonstrated that altered SWI/SNF binding observed
upon ARID1A knockout at these TF target sites was strongly associated with differ-
ential gene expression in comparison to control nearest gene regions without enrich-
ment for these TFs motifs (figure 3.19¢). Therefore, ARID1A knockout in breast cancer
cells alters SWI/SNF targeting to genomic sites, affecting the major luminal lineage-
determining TFs such as FOXA1, GATA3, and ER and consequently the expression of
transcriptional programs that direct luminal cell fate. Further studies will be necessary
to dissect in depth the interplay between specific TFs and the SWI/SNF complex that

may underlie the effects of ARID1A-loss observed here.

ER is the master regulator of luminal ER+ breast cancer [50]. Given the effect
of ARID1A loss on SWI/SNF targeting to ER sites and that ARID1A silencing had a
striking effect on oestrogen-induced gene expression, we sought to further dissect the
role of ARID1A knockout on genome-wide ER localization. We performed ER ChIP-
seq in control and ARID1A knockout MCF7 cells. In ARID1A control cells, we found
colocalization of ER with BAF155 and BRG1, indicating a genome-wide co-occupancy
of ER and SWI/SNF complex in breast cancer cells. Notably, we observed significant
loss of ER binding at specific sites after silencing of ARID1A, even though ER protein
levels did not change (figure 3.19f and figure 3.18d). In addition, these same sites also

show reduced binding of the SWI/SNF complex upon ARID1A loss (figure 3.19f and
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figure 3.18d). Indeed, ChIP-qPCR for ER and important regulators of ER function such
as FOXA1 and GATA3, demonstrated a reduction of TFs binding at these co-bound
loci in the setting of ARID1A loss (figure 3.19g). These observations demonstrate that

binding of ER to chromatin is dependent on ARID1A-containing SWI/SNF complexes.
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Figure 3.19: Nearest gene expression changes for differential TFs in lost SWI/SNF
sites. Also showing ER localization with SWI/SNF comples and experimental vali-

dations

(a) ECDF plot of log2 fold changes in gene expression between ARID1A knockout and
control for genes nearest to the TSS-distal SWI/SNF binding sites at GRHL1, FOXA1,
FOS, JUN, GATA3, and ER motifs loci. KS test was used to calculate the indicated p-
values. (f) ChIP-seq levels of ER in control and ARID1A knockout cells. Also shown
are the distribution of ARID1A, BAF155, DPF2, and BRG1 occupancy in ER sites in
control and ARID1A knockout cells. (g) ChIP-gPCR analysis of ER, FOXA1, GATA3,
and IgG control in shared loci in control (sgNT) and ARID1A knockout cells by two
distinct guide RNAs (sgARID1A-1 and sgARID1A-2).
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3.4 Summary

Our findings establish a major role for ARID1A in breast luminal lineage fidelity and
sensitivity to endocrine therapy. While there is evidence that a cooperative network
between ER, FOXA1, and GATAS3 sustains the differentiation of luminal tumours [71,
73, 91]; there was little understanding about the gene regulatory programs which
govern the luminal phenotype in breast cancer. Our studies have demonstrated that
ARID1A and the SWI/SNF complex play an important role in chromatin reprogram-
ming and functional regulation of these master luminal TFs. ARID1A loss reduces
chromatin accessibility and SWI/SNF chromatin targeting at these TF-binding sites
that regulate gene expression programs needed to sustain luminal cell fate. Indeed,
our transcriptional profiling data in ARID1A knockout cells and patient samples har-
bouring ARID1A inactivating mutations reveal a shift from a luminal to a basal-like
gene expression phenotype. The genome wide ARID1A-dependent response to oestro-
gen gene expression and ER occupancy also supports a role for ARID1A in regulating
ER-dependent transcription, which is the defining feature of luminal breast cancers.
We had previously shown that another epigenetic regulator, KMT2D [92], regulates
ER function, further indicating that ER activity is tightly controlled by chromatin reg-

ulators.

Our findings may also provide an explanation for the long standing clinical obser-
vation that ER+ positive tumours exposed to the selective pressure of endocrine ther-
apy may eventually switch to a basal-like phenotype and become endocrine therapy
resistant [93]. In this regard, it has been proposed that breast cancer is a heterogeneous
disease and that selective and prolonged suppression of ER by a variety of endocrine
therapies could facilitate the outgrowth of ER negative clones. However, our findings

suggest that an alternative mechanism may be at play, namely that prolonged selective
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suppression of ER may also enable the emergence of cells with acquired inactivating

ARID1A mutations that confer a basal-like phenotype and independence from ER ther-

apy.

In summary, our results show that ARID1A loss of function promotes a switch from
a luminal to a basal lineage supporting the notion of lineage plasticity in breast cancer.
Our observations add to the increasing recognition of therapeutic resistance induced
by lineage switching of cancer cells and subsequent loss of dependency on lineage-
dependent drug targets, as has been observed in prostate cancer cells with SOX2 loss
[82]. We hypothesize that subsequent studies will elucidate the role of lineage commit-
ment in the therapeutic response to cancer therapies and the critical role for somatic
alterations in epigenetic regulators in disrupting this mechanism and inducing thera-

peutic resistance.

3.5 Methods and Materials

Cell lines

MCF7 and BT474 cells were obtained from ATCC and were cultured in DMEM/F-
12 (Corning) and supplemented with 10% FBS, MEM non-essential amino acids (Corn-
ing), 50U/ml penicillin, and 50ng/ml streptomycin under normal oxygen conditions
(5% CO2, 37 °C). MDA-MB-415 cells were obtained from ATCC and were cultured in
RPMI-1640 (Corning) and supplemented with 10% FBS, 50U/ml penicillin, and 50ng/ml
streptomycin under normal oxygen conditions (5% CO2, 37 °C). 293T cells were ob-
tained from ATCC (CRL-3216) and were cultured in DMEM (Corning) supplemented

with 10% FBS under normal oxygen conditions (5% CO2, 37 °C).
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CAS9 stable-expressing cells

To obtain CAS9-integrated cells, 293T cells were seeded into 15cm dishes 16 hours
before transfection. 3.5 pg pMD2.G envelope vector, 7 pg packaging vector pCMV-
dR8.2, and 10.5 pg CAS9-2A-blast plasmid (Cat# Cellecta) were added to 3 ml jetPRIME
buffer (Polyplus) and then 42pl jetPRIME transfection reagent was added for 10 min
incubation before adding to the cells. Medium was refreshed 6 hours post-transfection
and the supernatant of 293T cells containing lentivirus was collected 48 hours post-
transfection to infect MCF7, BT474 or MDA-MB-415 cells with polybrene (8pg/ml)
for 24 hours and then positive transduced cells were selected with 10ug/ml blasticidin

(GIBCO) for 3 days.

Epigenome CRISPR/CAS9 sgRNA screen

To obtain the customized sgRNA library, 12 sgRNAs were designed per gene after
finalizing a list of 914 genes which are known to be regulators of the human epigenome.
The sgRNA design strategy was majorly based on the guideline (Doench, et al., Nature
2016)[94] and the sgRNA library was constructed into the pRSG16-U6-(sg)-UbiC-RFP-
Puro backbone by Cellecta as previously described (Hoffman et al., 2014)[95]. To gen-
erate the lentivirus of the sgRNA library, 293T cells were seeded into six 15cm dishes
16 hours before transfection. For each dish, 3.5 pg pMD2.G envelope vector, 7 pg pack-
aging vector pCMV-dR8.2, and 10.5 pg sgRNA library were added to 3 ml jetPRIME
buffer (Polyplus) and then 42pl jetPRIME transfection reagent was added for 10 min
incubation before adding to the cells. Medium was refreshed 6 hours post-transfection
and the supernatant of 293T cells containing lentivirus was collected and mixed to-
gether 48 hours post-transfection. Lentivirus titration was determined by a RT-qPCR
based method according the manufacture’s protocol (Lenti-X™ qRT-PCR Titration Kit,

Cat# 631235, Clontech).
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Next, lentivirus of the sgRNA library were infected into 110 million MCF7-Cas9
cells at a MOI~0.3 to reach 3000X coverage of the library. The library-transduced cells
were subjected to either DMSO or fulvestrant (100nM) treatment for two weeks. Sur-
viving cells were pooled and genomic DNA was extracted using the Gentra Puregene
kit according to the manufacturer’s protocol (Qiagen). At least 400ug genomic DNA
each group to reach more than 3000X coverage of the library were amplified by PCR
and the sgRNA sequences were retrieved by sequencing the PCR products according to
the manufacture’s protocol (NGS Prep Kit for sgRNA Libraries in pRSG16/17 (CRISPR

KOHGW), Cat# LNGS-120, Cellecta).

The reads of different sgRNAs were counted and the following criteria were used
to select the top hits for further validation: at least 6/12 sgRNAs targeting the same
gene (top 3%, 340 sgRNAs/110K) selectively enriched in the fulvestrant treated groups
compared with the untreated groups. Additionally, each sgRNA had at least 500 reads

in the DMSO treated group (2340 reads/sgRNA on average).

Lentivirus-based transduction of cells with sgRNA

Individual sgRNAs targeting the ARID1A gene were designed using Benchling
(http://www.benchling.com). A non-targeting sgRNA (sgNC, SGCTL-NT-pRSG16) and
sgCOPGFP (Cat# SGCTL-COP-pRSG16) were ordered from Cellecta. For lentivirus
transduction, 293T cells were seeded into 15cm dishes 16 hours before transfection. 3.5
pg pMD2.G envelope vector, 7 pg packaging vector pPCMV-dR8.2, and 10.5 pg individual
sgRNAs were added to 3 ml jetPRIME buffer (Polyplus) and then 42pl jetPRIME trans-
fection reagent was added for 10 min incubation before adding to the cells. Medium
was refreshed 6 hours post-transfection and the supernatant of 293T cells containing

lentivirus was collected 48 hours post-transfection to infect MCF7-Cas9, BT474-Cas9
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or MDA-MB-415-Cas9 cells with polybrene (8ug/ml) for 24 hours and then positive

transduced cells were selected with 2ug/ml puromycin (GIBCO) for 3 days.

Individual shRNA vectors are as follows:

sgARID1A-1: GAAGAACTCGAACGGGAACG

sgARID1A-2: GGTCATCGGGTACCGCTGCG

sgARID1A-3: GCCGCCGGGCAGGAAAGCGA

sgARID1A-4: TGAGCGAGACTGAGCAACAC

Ribonucleoproteins (RNP) system mediated gene knockout

For the RNP mediated knockout of ARID1A, sgRNAs were ordered as crRNAs to-
gether with negative control crRNAs, tracrRNA and Cas9 proteins from IDT. RNP
were assembled and nucleofected into cells following the manufacturer’s instruction.
Briefly, for each reaction, 2 pl of 200 pM crRNAs and 200 pM tracrRNA were mixed
and heated at 95 oC for 5 min, and cool to room temperature gradually. 3.36 pl of
crRNAs:tracrRNA complex, 4.76 pl of Cas9 protein (61 pM) and 1.88 pl PBS were in-
cubated at room temperature for 30 min to form RNP. 1 x 106 MCF7-Cas9 cells were
nucleofected with 10 pl of RNP complex and 2.9 pl of Cas9 electroporation enhancer
(IDT) by program P-20 using nucleofection solution V (Lonza). Independent pools of
cells were selected and characterized for further experiments. The negative control

crRNAs (NT#1 and NT#2) was ordered from IDT (Catalog #: 1072544).

Western blot

Western blot assay was performed as previously described (Castel et al., 2016)[96].

Briefly, cells were washed with ice-cold PBS and lysed on ice for 30 min with RIPA
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lysis buffer supplemented with protease inhibitor (Roche) and phosphatase inhibitor
(Thermo Scientific). Protein concentration was determined by the BCA assay (Pierce)
according to the manufacturer’s protocol. Samples were prepared for loading by adding
4x sample buffer (Invitrogen) and heating at 100 °C for 10 min. Total proteins were sep-
arated by SDS-PAGE on 4-12% Bis-Tris gradient gels (Invitrogen). Proteins were elec-
trophoretically transferred to NC membrane (Bio-Rad), which was blocked in 5% BSA
with TBST (Boston BioProducts). Membranes were incubated with primary antibodies
in 5% BSA/TBST overnight at 4°C. HRP-conjugated secondary antibody incubation was
performed for 1 hour at room temperature in 2% BSA/TBST and signals were visual-
ized by ECL (Super Signal West Femto, Thermo Scientific). Primary antibodies used in
this study were: rabbit anti-Vinculin (1:2000; CST 13901), rabbit anti-ACTB (1: 5,000;
CST 4970), mouse anti-ARID1A (1:500, SC-32761, Santa Cruz) and rabbit anti-ER-alpha

antibody (1:1000, SC-543, Santa Cruz).

Crystal violet based survival assay

For the drug treatment experiment, on day 0, 45,000 MCF7 cells with individual
sgRNAs were seeded per well with fulvestrant, GDC0927 or DMSO into 12-well plates.
On day 6, the experiments were stopped and stained with 0.1% crystal violet. For the
estrogen depletion experiment, on day 0, 50,000 MCF?7 cells with individual sgRNAs
were seeded per well into 6-well plates. On day 1, after washing with PBS for 3 times,
the medium was refreshed either with normal medium or with 5% charcoal-stripped
FBS-containing RPMI-1640 medium. On d6 and d9, the cells in the normal medium
group were splited at 1:4, and the cells in the estrogen-depleted medium group were
refreshed with estrogen-depleted medium. On day 12, the experiments were stopped

and stained with 0.1% crystal violet.

Cell counting based survival assay
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For the drug treatment experiment, on day 0, 700,000 MCF7 cells with individual
sgRNAs were seeded per dish with fulvestrant (100nM), GDC0927 (100nM) or DMSO
into 10-cm dishes. On day 6, the experiments were stopped for cell counting. For
the estrogen depletion experiment, on day 0, 250,000 MCF7 cells with individual sgR-
NAs were seeded per dish into 10-cm plates. On day 1, after washing with PBS for
3 times, the medium was refreshed either with normal medium or with 5% charcoal-
stripped FBS-containing RPMI-1640 medium. On day 6 and day 9, the cells in the nor-
mal medium group were splited at 1:4, and the cells in the estrogen-depleted medium
group were refreshed with estrogen-depleted medium. On day 12, the experiments

were stopped for cell counting.

In vivo tumor xenograft

All mouse experiments were approved by MSKCC. 0.18mg/90d-relese estrogen pel-
lets were transplanted into 6-week-old female NSG mice 3 days prior to the tumor cell
transplantation. 10 million ARID1A-KO cells or ARID1A-wt cells per mouse were or-
thotopically transplanted and the tumor growth was monitored twice a week. Mice
were randomized to the fulvestrant (3mg/mouse/week) or untreated control groups
when they reach a volume of about 100 mm3, and tumor size were measured twice a

week across the experiment. Fulvestrant was discontinued at 100 days post treatment.

ATAC-seq and ATAC-seq analysis

ATAC-seq was performed as previously described[14, 92] with the exception that
0.2% NP40 was used for cell lysis. Regarding the analysis, raw reads were trimmed
using trimmomatic[42] (v0.35, Parameters: TruSeq3-PE adapters, LEADING:3 TRAIL-
ING:3 SLIDINGWINDOW:4:15 MINLEN:36). Each sample was aligned to hg38 genome

using bowtie2[16] (v2.2.6, Parameters: -X2000 —local -mm —no-mixed —no-discordant).
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Duplicate reads were then removed using MarkDuplicates (Picard Tools v2.9.0, RE-
MOVE_DUPLICATES=True). In order to account for Tn5 shift, all positive strand reads
in each sample were shifted by +4bps and all negative strand reads were shifted by -
5bps. Peak calling was first performed on after pooling all samples using MACS2[43]
(v2.1.0, parameters: —nomodel —extsize 150 —shift -75 —slocal 5000 -1llocal 20000 -B -
keep-dup all -p 0.05) and then on individual samples (-p 0.01). Each group of replicate
samples and the peaks called from pooled samples were then used with IDR (irrepro-
ducible discovery rate) to identify reproducible (IDR < 0.05). After identification of re-
producible peaks, an atlas of peaks was created by retaining reproducible peaks present
in at least 1 sample. Annotation of peaks to genic parts and genes was conducted as de-
scribed previously[45]. GenomicRanges’s [46] summarize overlaps function was used
to count reads across all peaks in the atlas. Differential peak analysis was conducted

using DESeq2’s generalized linear model function[39].
ATAC-seq TF motif analysis

All peaks in atlas were first scanned with FIMO to find motif occurrences[20]. CIS-
BP database was filtered as described elsewhere[47] and used as source of TF motifs.
The result was converted into a binary matrix (all peak in atlas x all queried TFs). This
matrix (X), along with the log2 fold change from differential peak analysis between
ARID1A KO vs WT samples (y), was used in the following ridge regression framework

to predict which TF motifs are differentially accessible:

B= arggnin lly — X8I + Al|8II2
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5-fold cross validation was used to optimize lambda using Glmnet[48] (fam-
ily="gaussian”) and full model was then trained using all data. The resulting coefficient

vector was plotted.

RNA, ¢cDNA and RT-qPCR

RNA was isolated using the Qiagen RNeasy kit. ¢cDNA was prepared using the
Bio-Rad cDNA synthesis kit. cDNA was amplified by real time quantitative PCR using
SYBR Select Master Mix (Applied Biosystems) in the ViiA 7 Real-Time PCR system.

The reactions are carried out in triplicates. mRNA expression primers were:

TFF3: Fw-AGAAAAACTGTCTGGGAGCTTG; Rv- CTCATTTATGCACCGTTGTTTG

ESR1: Fw- ACCTGATCATGGAGGGTCA; Rv- TTACTGACCAACCTGGCAG

GATA3: Fw- CTCATTAAGCCCAAGCGAAG; Rv- GTCTGACAGTTCGCACAGGA

FOXA1L: Fw- AGGGCTGGATGGTTGTATT; Rv- ACCGGGACGGAGGAGTAG

KRT6B: Fw- GGCCCTCAAGGATGCTAAGAACAA; Rv- TGACGTTCATCAGCTC-
CTGGTACT

KRT14: Fw- TGACGTTCATCAGCTCCTGGTACT; Rv- GCCTCTCAGGGCATTCATCTC

ACTA2: Fw- CAGGGCTGTTTTCCCATCCAT; Rv- GCCATGTTCTATCGGGTACTTC

CD44: Fw- AGATCAGTCACAGACCTGCC; Rv- GCAAACTGCAAGAATCAAAGCC

SOX2: Fw-GCCGAGTGGAAACTTTTGTCG-; Rv-GCAGCGTGTACTTATCCTTCTT

KLF4: Fw-GGGAGAAGACACTGCGTCA; Rv- GGAAGCACTGGGGGAAGT

ALDH1A2: Fw-TGCATTCACAGGGTCTACTGA; Rv-TTTTGCCTCCAAGTTCCAGA
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RNA-seq analysis

FASTQC (v0.11.4) was first used to ensure sequencing quality was uniform across
samples. Raw reads were aligned using STAR[37] (v2.5.0b, default parameters) to the
hg38 genome. Read counting was performed using htseq-count[38] (v0.9.1, parame-
ters: —stranded=no -t exon). Differential expression was conducted using DESeq2[39]
(v1.18.0). Heatmap of differential genes was created using pheatmap (v1.0.10, param-
eters: scale= “row”) and variance stabilizing transformed (vst) counts from DESeq2.
Pre-ranked GSEA (v2.2.1) was used to perform gene set enrichment analysis using log2

fold change as ranking.

Chromatin immunoprecipitation (ChIP)-seq

ChIP-seq of ER (SC-543) Santa Cruz and H3K27ac (ab4729) Abcam was performed
as previously described [97]. Briefly, cell samples were crosslinked with 1% formalde-
hyde for 10 min, and quenched by glycine to a 125nM final concentration. The fixed
cells were lysed in SDS buffer and the chromatin was sheared by Covaris sonication.
The sheared chromatin was incubated with the indicated antibodies and protein G-
Dynabeads. The samples underwent decrosslinking, RNase and proteinase K treat-
ment. DNA fragments were eluted using AMP Pure beads, library was prepared and
samples were subjected to high-throughput sequencing using HiSeq 2000 platform (Il-

lumina).

BAF complex ChIP-seq were performed as previously described [64].

ChIP-seq analysis

Reads were trimmed, aligned, and duplicates removed similar to ATAC-seq analy-

sis. Peak calling was performed using MACS2[43] (v2.1.0, parameters: —keep-dup all -g
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hs -q 0.01). Read counting was performed using GenomicRanges[46] and DESeq2[39]
was used to get scaling factors for normalization. BigWig tracks were generated using
MACS2 and then scaled using rtracklayer (v1.40.6). IGV (v2.4.3) was used to visualize
bigwig tracks. Motif analysis for common peaks in BRG1 and BAF155D was performed
by first scanning each region for motif occurrences using FIMO[20] and then visualized

for enrichment using CentriMo[98].
Peak heat maps

Deeptools[99], along with size factor scaled BigWig tracks, was used to generate
heatmaps of peak profile. First, computeMatrix was used to bin +2 kb region around the
peak summit in 10 bp bins. Then, plotHeatmap was used to sort the genomic regions
in descending order based on the mean value per region and then plot the peak profiles

across samples.
“Nested” control study of patient selection and patient sample RNA-seq

We studied the role of ARID1A loss in modulating the expression of basal/luminal
markers in a ‘nested’ case-control study on a cohort of patients with ER+ breast can-
cer who have undergone targeted sequencing using MSK-IMPACT. We identified 6
ARID1A mutant ER+ breast cancer samples that have either homozygous deletion or
truncating mutations accompanied by loss of heterozygosity of the wild type allele
(biallelic loss of ARID1A) from our institution to be compared with 6 wild type patient
samples for ARID1A. The ARID1A mutant samples were matched to ARID1A wild-type
tumors based on the following criteria: histological subtype, sample type (primary vs.
metastatic), prior treatment exposure, tumor stage, menopausal status, and age at di-
agnosis. Formalin-Fixed Paraffin-Embedded (FFPE) slides from each tumor that had

sufficient material were reviewed and laser-microdissected by a certified pathologist
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to enrich for tumor cellularity greater than 70%. High quality RNA were extracted to
perform RNA-seq assays. RNA-seq was performed using ribo-depletion based RNA-seq

library preparation. RNA-seq was analyzed as above.
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CHAPTER 4

CONCLUSION

Chromatin accessibility plays an important role in gene regulation. Regulatory re-
gions of DNA, such as promoters and enhancers, can be mapped through assays to
determine sites of accessible (“open”) chromatin. A recent high throughput sequenc-
ing method called ATAC-seq has made it possible to map chromatin accessible loci
genome-wide using a very small amount of starting material (~50,000 cells). With this
advance, we can start to query chromatin landscapes in rare samples such as primary
tumors. In this work, I describe two applications of this technology to investigate dif-
ferent aspects of epigenetic regulation. The first study used chromatin accessibility
as a prognostic signature to explain the early recurrence pattern in pancreatic can-
cer patients. The second study used chromatin accessibility to investigate the role of
the chromatin remodeler ARID1A in cell lineage plasticity and resistance to endocrine

therapy.

4.1 Epigenetics of recurrence in pancreatic cancer

The overall 5-year survival rate of pancreatic cancer is <7%. More than 50% of patients
recur within just one year after surgery and chemo/radiation therapy. It was unknown
why these 50% of patients recur earlier compared to the rest of patients. Previously de-
fined somatic alterations (dominated by KRAS and TP53 mutations) and transcriptional
subtypes did not explain this early recurrence. In chapter 2, we addressed this issue
by molecularly profiling primary tumors in a progressive cohort of 54 patients using
ATAC-seq and RNA-seq. This comprehensive profiling gave us the power to detect

changes in chromatin accessibility between the early recurrence and later (>1 year)
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recurrence groups of patients and also relate these changes to transcription factor ac-

tivity.

Given the heterogeneous nature of epigenetics in human patient samples and mul-
tiple sources of technical noise, we used generalized linear models to control for clin-
ical covariates, such as invasion of tumor into margin and depth of sequencing. After
this correction, we were able to find a signature set of 1092 differentially accessible
regions associated with early recurrence status. This signature was stable in patients
that were excluded from the training set due to various sources of clinical heterogeneity
and/or lack of one-year recurrence status due to shorter time since surgery. Integrative
ATAC-seq and RNA-seq analysis also showed downregulation of genes at loci that lose

chromatin accessibility, further validating the significance of this signature.

Since chromatin accessibility often coincides with regulatory elements, we also
carried out differential transcription factor (TF) analysis of these 1092 peaks. Using
a novel framework of motif scanning (using the FIMO tool) and ridge regression, we
identified key transcription factors that lose or gain accessibility in early recurrence
patients. Among the differential TFs hits were HNF1b (which plays a role in embryonic
pancreas development) and ZKSCAN1 (which is involved in migration and invasion
of human gastric cancer cells). These TFs were experimentally validated using TMA
and immunofluorescence in our own cohort of patients and a completely independent

cohort of 97 pancreatic cancer patients with 10-year follow-up.

Using ATAC-seq and our novel differential TF analysis framework, we were able
to define the deregulation of epigenetic programs in early recurring pancreatic cancer
patients. Further studies are needed to define the molecular mechanisms of HNF1b

and ZKSCANT in this early recurrence phenotype and to find possible therapeutic in-

96



terventions. Nevertheless, these differential TFs can be used as a biomarker to define

patient groups likely to have poor prognosis after surgery and chemotherapy.

4.2 Role of ARID1A mutations in endocrine therapy resistance

The majority of breast cancers are ER positive tumors and can be treated using en-
docrine therapy. However, almost all patients eventually develop resistance to this
therapy. The molecular mechanisms underlying endocrine resistance were unclear.
In chapter 3, we address this challenge using a CRISPR KO screen to find the epige-
netic players that confer resistance to endocrine therapy. The top hit of this screen
was ARID1A, a member of SWI-SNF complex which uses ATP hydrolysis to remodel
chromatin. To study this biology further, we performed CRISPR KO of ARID1A in
MCF-7 ER+ breast cancer cell line and molecularly profiled these cells using ATAC-
seq and RNA-seq. This well-designed experiment used 3 different CRISPR guides to
KO ARID1A and two controls, which gave us the ability to discover chromatin acces-
sibility and transcriptomic changes while controlling for possible off-target effects of

CRISPR guides.

Using generalized linear models to control for any guide-specific effects, we were
able to discover significant changes in the chromatin and transcriptomic landscape
upon ARID1A KO. The chromatin accessibility changes were further integrated with
RNA-seq to show that these changes also lead to corresponding changes in transcrip-
tomic landscape. After performing differential TF analysis using ridge regression and
TF motifs, we found that the TFs gaining chromatin accessibility were implicated in
cell proliferation, cancer progression and basal-like cell identity (e.g. SOX11, E2F3,

TBX19, PAX3), while the TFs losing chromatin accessibility were known to be TFs
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that define luminal cell identity (e.g. GRHL1, GATA3, FOXA1). Using GSEA and spe-
cific luminal/basal markers, we also found similar patterns of a shift from luminal to
basal-like gene expression upon ARID1A KO. Our studies further showed that ARID1A
KO disrupts the cooperative luminal differentiation network between ER, GATA3, and
FOXA1 by deregulating the targeting of the SWI-SNF complex to luminal lineage defin-

ing TF-binding sites.

The phenotype of luminal to basal-like cell fate switch was also reproduced in two
different ER+ cell lines and in patient samples. In all, our results not only identified a
prognostic marker for more aggressive resistance to endocrine therapy but also demon-
strated luminal lineage plasticity as a candidate mechanism in endocrine resistant ad-
vanced ER+ breast cancer. Further studies are needed to elucidate the role of mutations
in other SWI-SNF complex members (such as ARID2) for their therapeutic response to

cancer treatments.

4.3 Conclusion and future directions

A recent large-scale study [25] of ATAC-seq profiling in 410 primary tumors from The
Cancer Genome Atlas (TCGA) consortium set the stage for applying chromatin acces-
sibility to tumor cohorts to discover aberrant gene regulation. The two studies included
in this thesis describe the applications of ATAC-seq to different questions in cancer bi-
ology, but at the core they ask a similar question of how epigenetic deregulation leads
to the observed dysfunction. Using a novel computational framework, the results of
both studies showed similar themes of epigenetic deregulation affecting cell differen-

tiation and lineage plasticity resulting in a more aggressive cancer phenotype.
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The computational tools and ideas presented in these two studies can be extended
in future to other problems where an altered epigenetic landscape may lead to a dys-
functional phenotype. For example, in a recent project from Charles Sawyers’ lab,
we are using ATAC-seq to investigate the epigenomic consequences of mutations in
FOXAL1, a “pioneering” TF, and how they contribute to oncogenesis in prostate cancer.
We found that mutations in a highly conserved DNA contacting residue (R219) induce
a neomorphic pioneering activity by opening chromatin at a distinct set of genomic
loci, blocking luminal differentiation, and activating a transcriptional switch to mes-
enchymal and neuroendocrine programs (Adams et al., in revision). These results again
follow a theme of cellular dedifferentiation and cell identity switch, further strength-
ening the computational approaches and biological interpretations in chapter 2 and

chapter 3.

With the recent advent of single cell ATAC-seq, we can now profile the heterogene-
ity in chromatin accessibility among different cells in the same sample. Applying this
technique to endocrine therapy treated ARID1A mutant cells, for example, would allow

us to query the dynamics of epigenetic change as the cells undergo lineage switching.

The two studies in this document use a genome-wide sequencing approach to show
the power of computational analysis in decoding epigenetic cancer biology. The results
in both studies relied on creating robust computational pipelines and innovative inter-

pretable machine learning algorithms, which can now be extended to future studies.
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LIST OF ABBREVIATIONS

ATAC-seq: assay for transposase-accessible chromatin using sequencing; TF: tran-
scription factor; ER: estrogen receptor; NGS: next generation sequencing; ChIP-
seq:cChromatin immunoprecipitation followed by sequencing; MNase-seq: micrococ-
cal nuclease digestion followed by sequencing; DNase-seq: DNase I hypersensitive
sites sequencing; PCR: polymerase chain reaction; MACS2: model based ; IDR: Irre-
producible discovery rate ; AML: acute myeloid leukemia; TCGA: the cancer genome
atlas; PDAC: pancreatic ductal adenocarcinoma; DFS: disease free survival; TMA: tis-
sue microarrays; VAF: variant allele frequencies; PCA: principal component analy-
sis; FDR: false discovery rate; LN: lymph node; DHS: DNase 1 hypersensitive site;
ECDF: Empirical cumulative distribution frequency; GSEA: gene set enrichment anal-
ysis; IHC: immunohistochemistry; IF: immunofluorescence; MEM: mini-mal essential
media; PBS: Phosphate-buffered saline; kb: kilobases; H&E: hematoxylin and eosin;
FFPE: Formaldehyde Fixed-Paraffin Embedded tissues; MSK-IMPACT: Memorial Sloan
Kettering-Integrated Mutation Profiling of Actionable Cancer Targets; KO: knockout;
sgRNAs: single guide RNAs; gRNAs: guide RNAs; DOX: doxycycline; LOH: loss
of heterozygosity; NES: normalized enrichment score; tracrRNA: trans-activating cr-

RNA; RNP: ribonucleoproteins KS test: Kolmogorov-Smirnov test
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