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Epigenetically silenced class | human leukocyte antigen (HLA-I): a novel biomarker and
therapeutic target in prostate cancer
Tamara S. Rodems

Under the supervision of Joshua M. Lang, MD, MS

at the University of Wisconsin — Madison

ABSTRACT
Downregulation of class | HLA (HLA-I) impairs immune recognition and surveillance in
prostate cancer and is a mechanism of resistance to certain immunotherapies. However,
the molecular mechanisms regulating HLA-I loss in prostate cancer have not been fully
explored. Epigenetic changes are common in prostate cancer and have been proposed
as drivers of prostate cancer progression. Here, we propose that epigenetic mechanisms
1) regulate HLA-I expression in prostate cancer, 2) are targetable by inhibition of
epigenetic modifying proteins, and 3) have utility as potential biomarkers in prostate
cancer circulating tumor cells (CTCs). We establish this through a comprehensive
analysis of HLA-I genomic, epigenomic and gene expression alterations in primary and
metastatic human prostate cancer. Genomic alterations were found to be extremely rare
in the HLA-I genes in primary and metastatic prostate cancer and were not associated
with HLA-I gene expression. Loss of expression of HLA-I genes was associated with
increased DNA methylation and histone H3 lysine 27 tri-methylation as well as decreased
chromatin accessibility and histone H3 lysine 27 acetylation. We found that epigenetic
regulation of the HLA-I genes was targetable by inhibiting DNA methyltransferase

(DNMT) and histone deacetylase (HDAC) protein families. DNMT and HDAC inhibition



decreased DNA methylation, increased H3 lysine 27 acetylation, and functionally re-
expressed HLA-I on the surface of tumor cells. These results suggest the possibility for
therapeutic use of epigenetic modifying agents to upregulate HLA-I on tumor cells to
promote tumor clearance. Identifying patients who harbor epigenetically regulated HLA-I
would allow for more personalized therapy decisions regarding epigenetic and
immunotherapies. Described in this thesis is a method we developed for enrichment of
methylated DNA from low-input samples, including CTCs. We validate the ability of this
assay to detected HLA-I methylation in CTCs with low HLA-I expression, demonstrating

the potential for methylated HLA-I as an epigenetic biomarker in prostate cancer.
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Chapter 1:

Introduction



Prostate Cancer Overview

Prostate cancer begins as a hormone-dependent disease, arising from cells in the
prostate gland (1). Initial treatment for localized prostate cancer may include watchful
waiting, removal of the prostate by radical prostatectomy, or radiation (2). The 5-year-
survival rate for localized disease is 100%, but this drops to 30.5% once the cancer has
metastasized to distant regions (3). Treatment for metastatic prostate cancer usually
involves androgen deprivation therapy (ADT) because the growth of prostate cancer is
initially dependent on androgen receptor (AR) signaling (1,2). The majority of men on ADT
will eventually progress to metastatic castration-resistant prostate cancer (mMCRPC)
where treatment options are limited (4). Understanding the mechanisms that contribute
to the transition of localized prostate cancer to metastatic disease is critical to providing

better patient care and improving patient outcomes.

Immune Evasion in Cancer

In order for a tumor cell to travel from the primary tumor site to a site of metastasis, many
molecular and microenvironmental changes need to occur including loss of cell-cell
adhesion, resistance to cell cycle checkpoints, and changes to the microenvironment of
metastatic seeding locations (5). Additionally, a tumor cell must survive encounters from
various immune cells, whose function is to seek and destroy diseased cells (5,6). This
avoidance of destruction by the immune system is termed immune escape or immune
evasion. Multiple mechanisms of immune evasion have been proposed. These
mechanisms involve many different cell types and cell signaling pathways stemming from

both the tumor cell itself and cells within the tumor microenvironment (6).



The presence of various cell types within the tumor microenvironment can directly affect
the ability of the immune system to find and eliminate tumor cells. Myeloid derived
suppressor cells (MDSCs) are multifunctional when it comes to tumor immune evasion.
MDSCs are involved in the formation of cancer associated fibroblasts (CAFs), the
recruitment of T regulatory cells (Tregs), and their own differentiation into tumor associated
macrophages (TAMs) (7). CAFs secrete multiple cytokines that modulate the composition
of immune cells present in the microenvironment and induce changes to the structure of
the microenvironment to physically block immune infiltration (8). Increased Tregs in the
microenvironment can support survival of a tumor by promoting self-tolerance and
effectively shutting down T-cell response to the tumor (9). TAMs support immune evasion
through many mechanisms including suppression of CD8+ T-cell activation and
recruitment of other immunosuppressive cell types (10).

Mechanisms of immune evasion that are intrinsic to tumor cells commonly involve
ways of hiding from cells that are involved in both innate and adaptive immunity (6). Some
of these mechanisms are highlighted in Figure 1.1. Innate immune responses by natural
killer (NK) cells are subverted by tumor cells through downregulation or proteolytic
cleavage of certain proteins that bind to NK cell receptors (11,12). These proteins include
MICA, MICB, and the UL16-binding protein (ULBP) family (11,13). CD8+ cytotoxic T-cells
are the main cell type responsible for adaptive immune responses. Successful recognition
of tumor cells by CD8+ T-cells relies on the expression or lack of expression of certain
proteins on both the tumor cell and the T-cell (14). The proteins involved in T-cell

mediated recognition and lysis of tumor cells are numerous and include members of



antigen processing machinery (APM), negative co-stimulatory molecules, tumor
associated antigens (TAAs), class | major histocompatibility complex (MHC-1) molecules,
and programmed death ligand 1 (PD-L1) (14-16). Changes to the expression levels of
these proteins in the tumor cell renders the T-cell response ineffective and leads to tumor
cell survival (17,18).

Any or all of these mechanisms may be employed by a tumor cell to avoid
destruction by the innate and adaptive immune system. However, the mechanisms
involving alteration of CD8+ T-cell interactions with MHC-I| are of particular interest
because of the central role T-cells play in tumor elimination as well as the recent advances
in immunotherapy, many of which rely on MHC-I expression. As a result, understanding
these mechanisms and the regulation of MHC-I molecules in tumor cells can lead to

improved treatment efficacy.

Class | Major Histocompatibility Complex (MHC-l) and the Class | Human Leukocyte
Antigens (HLA-I)

The major histocompatibility complex (MHC) located on chromosome 6 consists of at
least 250 protein-encoding and non-encoding genes, the majority of which are involved
in regulating cellular immunity (19). Among these genes are the class | human leukocyte
antigens. The class | human leukocyte antigens consist of three classical genes, HLA-A,
HLA-B, and HLA-C, and three non-classical genes, HLA-E, HLA-G, and HLA-F. These
genes code for proteins of the same names that serve important roles in the immune
system. HLA-E, HLA-F, and HLA-G are each involved in regulation of NK cells through

independent mechanisms (19). HLA-E and HLA-G also regulate certain subsets of T-cells



and HLA-G is able to inhibit B-cell proliferation (19). HLA-A, HLA-B, and HLA-C, referred
to from here on as HLA-I, are by far the most researched and well understood of the
human leukocyte antigens and are involved in regulation of CD8+ T-cells. HLA-I proteins
are components of class | major histocompatibility complex molecules (MHC-I). Any of
the three HLA-I proteins can be used in the formation of MHC-I (20,21). HLA-I genes have
very similar sequences and the resulting proteins are similar in structure, which allow
them to be interchangeable in the formation of MHC-I (22). However, polymorphisms in
the genes allow for variations in peptide-binding and expression levels, which greatly
increase the ability of the immune system to adapt to fight new infections and tumor
development (20,23). MHC-I is expressed at the surface of virtually every nucleated cell
in the human body (24). MHC-I expression is critical for T-cell mediated lysis of cells that
have been infected with viruses or bacteria as well as tumor cells (25).

An overview of the formation of MHC-I molecules is shown in Figure 1.2. MHC-I
molecules are assembled in the endoplasmic reticulum (ER) and trafficked through the
Golgi apparatus to the cell surface (24). In the ER, the scaffolding proteins calreticulin,
calnexin, and ERp57 aid in the folding and assembly of a heterodimer consisting of HLA-
A, B, or C and beta-2-microglobulin (B2M) (24,26-28). In the cytoplasm, the
immunoproteasome digests an intracellular protein into peptides that are transported into
the ER by a complex called “transporter associated with antigen processing” (TAP)
(24,29). The ER chaperone tapasin facilitates the loading of a peptide into the HLA-I and
B2M dimer, resulting in a complete MHC-I molecule (24,30). The MHC-I molecule is then
transported out of the ER and through the Golgi apparatus to the cell surface where it can

interact with T-cells (24).



T-cells bind MHC-I through the T-cell receptor (TCR) and will also interact with co-
stimulatory molecules and cell-cell adhesion molecules on the cell surface (25). Naive T-
cells “read” the peptide presented by MHC-I on professional antigen presenting cells
(APCs) such as dendritic cells to determine if the peptide is self, non-self, or diseased-
self (31). Naive T-cells can also directly interact with tumor cells that have MHC-I present
on the surface, however they are not considered strong activators of T-cells on their own
(32). Recognition of a non-self or diseased-self antigen will activate the T-cell. Activated
T-cells can then find other cells expressing this antigen in MHC-I complexes (31). Upon
recognition, the T-cell will induce apoptosis by releasing perforin and granzyme B into the
target cell and activating the caspase pathway (25). Disruption of any point in the MHC-I
assembly, trafficking, or T-cell interaction processes, including the downregulation of
HLA-I expression, can result in diseased cells surviving and proliferating despite the

presence of cytotoxic T-cells (6,33-35).

HLA-I Downregulation in Prostate Cancer

Downregulation of HLA-I proteins has been widely described in multiple cancer types,
including prostate, breast, colon, and cervical cancer (36,37). Previous studies have
reported downregulation of HLA-I in approximately 70% of primary prostate tumors with
complete loss in up to 34% of primary tumors and 80% of metastatic sites (37-39). Loss
of expression of HLA-I at the cell surface eliminates cytotoxic T-cell response to tumor

cells and renders many immunotherapies ineffective (36-38).



The interaction between T-cells and cancer cells through MHC-I is indispensable to the
effectiveness of some immunotherapies, including certain methods of adoptive cell
transfer, cancer vaccines, and PD-1/PD-L1 targeted therapies (40-42). When HLA-I is not
expressed at the cell surface, T-cells are unable to bind through the TCR to elicit cytotoxic
effects. When HLA-I is genetically downregulated such as though loss of heterozygosity
(LOH) or mutational events, there is no way to re-express HLA-I apart from gene therapy
(40,43). However, HLA-I that is transcriptionally downregulated has the potential to be re-
expressed with drugs that target the source of downregulation (40,44). Distinguishing the
mode of downregulation can allow the opportunity for patients with transcriptionally
downregulated HLA-I to benefit from a treatment that causes HLA-I re-expression in
combination with immunotherapy. Furthermore, re-expressing HLA-I even without the
addition of immunotherapy may allow a patient’'s own immune system to be more efficient
in tumor clearance.

While the phenomenon of HLA-I downregulation has been well defined at the
protein level in prostate cancer, the molecular mechanisms that contribute to HLA-I
downregulation remain unknown. Downregulation of protein expression can be
accomplished through multiple mechanisms including dysregulation of protein folding and
trafficking, binding of transcriptional repressors, silencing of transcriptional activators, use
of alternative promoters and enhancers, and epigenetics. Evidence from a growing body
of literature suggests epigenetics may be at the heart of many of the mechanisms driving

prostate cancer progression, including impaired antigen presentation.



Epigenetics Overview

Epigenetic alterations affect gene transcription without changing the sequence of the
genome. Epigenetic alterations include DNA methylation, histone tail methylation, and
histone tail acetylation. Other, more rare epigenetic alterations also exist, but are less well
understood. The combination of DNA methylation and histone tail modifications allows
genes to be reversibly silenced or activated depending on cellular needs both in the
context of cellular differentiation and development and in response to environmental
stimuli (45).

DNA methylation is the conversion of the DNA base, cytosine, to 5-methylcytosine
by adding a methyl group at the fifth position of cytosine’s pyrimidine ring (46). This base
remains unchanged in its binding to guanine, thus leaving the sequence of the DNA
unchanged through DNA replication and cell division. Methylation mainly occurs on
cytosines that are located 5’ of a guanine, termed a CpG dinucleotide (46). CpG’s are
often enriched at regulatory sites of genes, including gene promoters, and are referred to
as CpG islands. Hypermethylation of CpG islands in the promoter regions of genes can
silence gene transcription by preventing the binding of transcription factors and RNA
polymerase (46,47). Actively transcribed genes have hypomethylated CpG islands in their
promoters and some genes may lack them altogether, relying on other methods of
transcriptional regulation to maintain expression levels (48).

DNA methylation is created and maintained in cells by the DNA methyltransferases
(DNMTs) (49). DNMT1 is referred to as the maintenance methyltransferase. Its main
function is to copy DNA methylation during DNA replication in mitosis to ensure

methylation signatures are maintained from parent to daughter cell (49). DNMT3a and



DNMT3b are referred to as the de novo methyltransferases and are involved in adding
new methylation to DNA in response to cellular signals (49,50). An additional DNA
methyltransferase exists, DNMT3L, that lacks catalytic activity, but may aid in recruitment
of the other epigenetic modifying proteins to DNA and is often found complexed with the
de novo methyltransferases at sites of methylation (50-52).

Histones are a family of proteins that create chromatin structure in the nucleus
through DNA interactions. DNA is wrapped around histone proteins forming nucleosomes
(53). Certain histone proteins have tails or cores that can be posttranslationally modified
at specific residues (54). These modifications are often referred to as the “histone code”
and control histone to histone and histone to DNA interactions (53). Some modifications
such as tri-methylation on lysine 27 of histone H3, are transcriptionally repressive
because they promote condensation of chromatin by bringing histone complexes closer
together, reducing the accessibility of transcriptional machinery in that location (53,55).
Other modifications such as acetylation of the same lysine residue, are associated with
regions of active transcription and promote open chromatin structure, allowing interaction
between transcriptional machinery and DNA (56,57).

Histone tails are modified by several families of enzymes that catalyze the removal
or addition of modifications of histone tails and cores. Among these are histone
methyltransferases (HMTs), histone acetyltransferases (HATs), lysine demethylases
(KDMs), and histone deacetylases (HDACs) (55,58-60). The interactions of all of these
protein families and their contributions to chromatin regulation are an area of ongoing

study.
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Epigenetics in Prostate Cancer

Epigenetics is thought to be a driving force in the progression of prostate cancer (61).
Prostate cancers generally do not have a large mutational burden, with a median somatic
mutation frequency of 0.7 per megabase, one of the lowest in 21 cancers surveyed from
the TCGA database (62). ETS fusions, such as the TMPRSS2-ERG fusion, and AR
amplification are the most common genomic alterations in prostate cancer, but are found
at frequencies of only 50% (63,64). Alternatively, multiple epigenetic alterations have
been identified that occur in more than 90% of men (65,66). As such, the epigenetic
landscape in prostate cancer has been the focus of many studies.

The epigenetic landscape in prostate cancer is summarized in Figure 1.3. The
majority of prostate cancers have a global decrease in DNA methylation, as measured by
methylation of transposable elements in the genome (67-69). Loss of DNA methylation is
generally believed to contribute to genome instability and the activation of oncogenes
(66,70,71). In contrast, there is an increase in DNA methylation at specific gene
promoters, leading to gene silencing (65,66,72,73). Many of these genes are involved in
tumor suppression, hormone regulation, DNA damage and cell cycle regulation,
apoptosis, and cellular immunity (66,74). One of the most well characterized
hypermethylated genes in prostate cancer is glutathione S-transferase pi (GSTP7).
GSTP1 methylation has been reported in numerous studies at frequencies ranging
between 70% and 100% (65,66,75-78). Other genes like APC and RASSF1a have also
been reported by certain groups to be methylated in more than 90% of samples tested
(65,76,79,80). The significant commonality of these DNA methylation changes make

them an attractive target for developing prostate cancer specific biomarkers.
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The increase in DNA methylation at specific gene promoters is accompanied by changes
in expression of the proteins that add and remove methyl groups to DNA. Protein
expression of the DNMT family members is increased in prostate cancer tissues
compared to normal tissue (81,82). Activity of these proteins is also increased in cell lines
and ex vivo prostate tumor models (81,82). Expression of the ten-eleven translocation
(TET) family of proteins, which initiate the de-methylation of DNA, have been found to be
downregulated in a subset of prostate cancers and have been specifically implicated in
the promotion of metastasis (83-86).

Histone modifications in prostate cancer have been largely studied at the global
level. Gene specific histone modifications have not been well characterized because of
the lack of techniques available that accommodate the low cell numbers obtained from
biopsies (87,88). However, global studies of histone modifications have revealed changes
in multiple histone modifications that correlate with silencing of tumor suppressor genes
and activation of oncogenes (89). Global loss of heterochromatin in prostate cancer
driven by a loss of histone tail acetylation has been reported in multiple studies (90). This
global loss of heterochromatin results in expression of genes that are otherwise silenced
or expressed in low levels in normal tissues, including genes involved in tumor growth
and survival. Overexpression of HATSs, including p300/CBP, have been reported in
prostate cancer, supporting observations of increased histone acetylation (91). Inhibition
of p300/CBP has also been proposed as a therapeutic strategy for mMCRPC (92,93).

In contrast, levels of histone H3 lysine 27 tri-methylation (H3K27me3) have also

been reported to be upregulated in prostate cancer (89). H3K27me3 has been found to
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be enriched in the promoters of specific genes, including tumor suppressor genes
RASSF1 and RARB (89,94). In addition, the class | HDACs and some HMTs have been
found to be upregulated in prostate tissues, supporting the shift towards chromatin-
mediated gene silencing (95-99). The HMT that writes H3K27me3, EZH2, is now being
investigated as a drug target to reverse the gene silencing caused by increased levels of
H3K27me3 (100). These observations taken together point to an important role for

epigenetic regulation in prostate cancer.

Epigenetic Regulation of MHC-I in Prostate Cancer

A small, but growing body of evidence has begun to implicate epigenetic mechanisms in
the regulation of MHC-I and its processing machinery in prostate cancer. Our lab
observed that inhibition of DNMT and HDAC proteins in prostate cancer cell lines and ex
vivo cultures induces expression of cancer testes antigens, which are important
components of effective tumor clearance by CTLs (101). HDAC inhibition was found to
induce expression of various MHC-I and APM components in prostate cancer cell lines
(39,102). Inhibition of BET bromodomain-containing proteins, which are readers of
histone acetylation, lead to increased HLA-I protein expression and immunogenicity in
vivo (103). However, the direct effect of inhibition of epigenetic modifying proteins on the
epigenetic modifications of the HLA-I genes has not been explored. Furthermore, in depth
characterization of the epigenetic landscape of the HLA-I genes in prostate cancer has
not yet been performed. Understanding the prevalence and function of HLA-I epigenetic
alterations can help solidify HLA-I as an important target of epigenetic therapy and identify

the patient subsets that may have the most benefit from these therapies.
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DNA Methylation as a Biomarker

New biomarkers are needed to aid clinicians in following the biology of patient disease
and monitoring response to treatment. Genomic and transcriptomic biomarkers have
been explored as biomarkers of disease presence and progression, but are either not
present in the majority of patients or ineffective at predicting patient response to therapy.
The TMPRSS2-ERG fusion and AR amplification are the most common genomic event
in prostate cancer, but are found in only ~50% of men (63,104-106). AR splice variants,
such as ARv7, have been reported in as many as 100% of metastatic tissues in various
studies, but do not predict response to therapy unless found in circulation, where the
detection rate is much lower, between 10-30% (107-109). Therefore, new classes of
biomarkers have been an area of intense research. DNA methylation has been the
subject of much of this research due to the notable high frequency of certain DNA
methylation changes in prostate cancer. In addition to the high frequency of DNA
methylation alterations, the inherent plasticity of epigenetic marks also makes this an
attractive option for a biomarker of patient response to treatment.

The challenge in biomarker assessment in prostate cancer is the source of tumor
material. Primary prostate biopsies are often a one-shot option due to the invasiveness
of the procedure and the frequency of radical prostatectomy to treat the disease.
Metastatic biopsies are also generally not repeated because prostate cancer most often
metastasizes to the bone, making repeated biopsies invasive, painful, and expensive.
Instead, liquid biopsies have been proposed as alternatives. Liquid biopsies include

blood, lymph, and urine, and are minimally invasive, which allows for repeated and



14

longitudinal sampling (110,111). Sources for DNA to assess DNA methylation are cell
free DNA (cfDNA) and circulating tumor cells (CTCs). However in both of these cases,
the amount of tumor specific DNA that can be extracted from a single sample is incredibly
low and often contains contaminating non-tumor DNA on the order of 10 to 1000 times
the amount of tumor DNA (112,113). In order to use DNA methylation as a biomarker in
prostate cancer liquid biopsies, a method must be developed to accommodate low cell
inputs in the presence of high background.

Current methods for analyzing gene specific DNA methylation most often rely on
bisulfite conversion of DNA, which is incredibly damaging and can lead to a loss of up to
90% of the starting material (114-116). Newer protocols have been developed for single
cell technologies, but because of random DNA shearing or degradation during processing
and low read coverage for sequencing based methods, retention of the target of interest
cannot be guaranteed (117). There exists a need in the field for a better DNA methylation

assay that can reliably extract DNA from low-input, heterogenous samples.

Aim of Thesis

Understanding the mechanisms that promote prostate cancer progression is key to
improving patient outcomes and developing better therapies. One of these mechanisms
is immune evasion, where cells employ various techniques to hide from immune cells.
Downregulation of HLA-I has been reported as one of these techniques and is a common
occurrence in prostate cancer. However, the molecular mechanisms regulating HLA-I loss
in prostate cancer have not been fully explored. Epigenetic alterations in prostate cancer

have been reported as molecular drivers of prostate cancer progression. Here, we
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propose that epigenetic mechanisms contribute to HLA-I downregulation in prostate
cancer. The goal of this thesis work is to explore the epigenetic landscape of HLA-I in
prostate cancer, investigate the contribution of epigenetic alterations in the HLA-I genes
to loss of HLA-I gene expression, and develop a method for analysis of low-input DNA

methylation to evaluate methylated HLA-I as a liquid biomarker in CTCs.
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Figure 1.1. Tumor-cell intrinsic mechanisms of immune evasion
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Figure 1.1. Tumor-cell intrinsic mechanisms of immune evasion. PD-L1
overexpression on the surface of tumor cells leads to T-cell tolerance and decreased
proliferation (a). Loss or downregulation of MHC-I on tumor cells prevents T-cells from
binding and reading antigens (b). Downregulation of TAAs in tumor cells can inhibit T-cell
mediated recognition of tumor cells (c). Proteolytic cleavage of MICA/B proteins prevents
direct activation of NK cells by the tumor cell, while cleaved proteins that bind to NK cells
in the extracellular space promote NK cell tolerance (d). Various cytokines, chemokines,
and growth factors secreted by tumor cells are able to prohibit proliferation of NK cells,
dendritic cells, and T-cells and induce immune tolerance (e). Cytokines, chemokines, and
growth factors secreted by tumor cells are also able to recruit TAMs and Teg cells that

support tumor growth and survival (f). Created with BioRender.com.



18

Figure 1.2. Overview of class | human leukocyte antigen (HLA-I) processing
pathway
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Figure 1.2. Overview of class | human leukocyte antigen (HLA-lI) processing
pathway. Dimerization of beta-2-microglubulin (B2M) and class | human leukocyte
antigen (HLA-I) takes place in the endoplasmic reticulum with the help of chaperone
proteins calnexin, calreticulin, and ERp57. Antigens are created by digestion of
intercellular proteins by the immunoproteasome. Antigens are then transported into the
endoplasmic reticulum by TAP and loaded into HLA-I:B2M complexes stabilized by
tapasin. Antigen-loaded MHC-I molecules are trafficked to the cell surface through the
Golgi apparatus. T cell receptors (TCR) bind functional MHC-I molecules at the cell
surface to facilitate T cell mediated immunological responses. Created with

BioRender.com.
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Figure 1.3. Overview of the epigenetic landscape in prostate cancer
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Figure 1.3. Overview of the epigenetic landscape in prostate cancer. A) The removal
of histone marks associated with transcriptional activation and addition of marks
associated with transcriptional repression takes place at specific gene promoters.
Changes to histone signatures can be facilitated by various epigenetic readers, writers,
and erasers, including HDACs and HMTs. Alteration of histone modifications is
accompanied by hypermethylation, written by DNMTs, at specific gene promoters and
CpG islands. The combination of increase in heterochromatin and hypermethylation leads
to silencing of genes, including those involved in prevention of tumor growth and
progression. B) In contrast, there is a genome-wide dysregulation of chromatin structure
that is facilitated by epigenetic modifiers including HATs, which leads to an increase in
histone marks associated with euchromatin and gene transcription. In addition,
hypomethylation occurs genome-wide and in the promoters of oncogenes. Promoter
hypomethylation allows for binding of transcriptional machinery, including TFs and RNA
polymerase, leading to an increase in oncogene transcription. Overall, the dysregulation
of chromatin structure and genome-wide hypomethylation causes increased genomic

instability, which can promote tumor growth and survival. Created with BioRender.com.
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Chapter 2:

Targetable epigenetic alterations
regulate class | HLA loss in prostate
cancer

This chapter is adapted from the following manuscript in preparation: Rodems TS,
Heninger E, Stahlfeld CN, Gilsdorf C, Carlson K, Kircher MR, Beebe DJ, McNeel DG,

Haffner MC, Lang JM. Targetable epigenetic alterations regulate class | HLA loss in
prostate cancer.

Contributions: Figure 2.7B was performed in collaboration with C.G. Figure 2.9 was
performed by E.H. Figure 2.10 was performed by E.H. and K.C. in collaboration with
D.G.M. All other experiments and analyses were performed by T.S.R.
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ABSTRACT

Downregulation of class | HLA (HLA-I) impairs immune recognition and surveillance in
prostate cancer and may underlie the ineffectiveness of checkpoint blockade. However,
the molecular mechanisms regulating HLA-I loss in prostate cancer have not been fully
explored. Here, we employed a comprehensive analysis of HLA-I genomic, epigenomic
and gene expression alterations in primary and metastatic human prostate cancer. Loss
of HLA-I gene expression was associated with increased promoter and CpG island DNA
methylation, enrichment of tri-methylated lysine 27 on histone H3, and reduced chromatin
accessibility. DNMT and HDAC inhibition decreased DNA methylation and increased H3
lysine 27 acetylation to re-express HLA-I on the surface of tumor cells. Re-expression of
HLA-I on LNCaP cells by DNMT and HDAC inhibition increased activation of co-cultured
PSMA:27.3s-specific CD8+ T-cells. These results suggest the possibility for therapeutic use
of epigenetic modifying agents to upregulate HLA-I on tumor cells to promote tumor

clearance.
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INTRODUCTION

Approximately 30,000 men die of metastatic prostate cancer per year in the US and the
incidence of men presenting with metastatic disease is rising (3,118). There is a critical
need to identify the molecular drivers that contribute to prostate cancer growth and
metastasis. Immune evasion is one of the hallmarks of cancer pathogenesis and cancer
be therapeutically targeted by immunotherapies that augment T-cell recognition and lysis
of tumor cells. (5,119,120). However, display of a functional class | major
histocompatibility complex (MHC-I) is required for recognition of tumor cells by cytotoxic
T lymphocytes (CTLs). Lack of MHC-I display at the cell surface reduces tumor
immunogenicity and drives resistance to immune checkpoint inhibitors (34,43,121,122).
MHC-I is a multimeric protein composed of a class | human leukocyte antigen (HLA-I)
protein (A, B, or C), beta-2-microglobulin (B2M), and a peptide derived from an
intracellular protein (123). Downregulation of the MHC-I components has been proposed
as a mechanism of immune evasion in numerous cancer types, including prostate cancer
(6,34,37). with downregulation of HLA-I observed in ~70% of primary prostate tumors with
complete loss in up to 34% of primary tumors and 80% of metastatic lesions (38,39). The
molecular alterations that lead to HLA-I downregulation in prostate cancer remain largely
unknown.

Recent findings have pointed to epigenetic mechanisms as drivers of prostate
cancer progression (124,125). Overexpression of epigenetic modifying proteins, including
the de novo methyltransferases, DNMT3A and DNMT3B, and class | histone
deacetylases, HDAC1, HDAC2, and HDAC3, has been implicated in altering epigenetic

programs and contributing to metastasis in prostate cancer (81,126). Studies in
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esophageal squamous cell carcinoma and gastric cancer found that DNA methylation
was a contributing mechanism to HLA-I downregulation, however epigenetic regulation
of HLA-I has not yet been explored in prostate cancer (127,128). Inhibition of DNMT and
HDAC proteins has been proposed as a therapeutic strategy in prostate cancer, though
minimal clinical success has been observed in solid tumors (129). Despite this, there is
promising evidence for the usefulness of epigenetic therapies in combination with
immunotherapy (130). There remains a need to better understand the interplay between
epigenetic and immune functions in cancer cells and for accessible biomarkers for both
determining treatment benefit and monitoring treatment response (130). We have
previously demonstrated that modulating the activity of DNMT and HDAC proteins in
prostate cancer cell lines and ex vivo human prostate tissue induced the expression of
cancer testis antigens (CTAs), which have been proposed as targets for tumor vaccine
therapies (101). Taking advantage of the ability of epigenetic mechanisms to modulate
aspects of the immune response, such as HLA-I expression, may improve the efficacy of
certain immunotherapies. In this study, we demonstrate that transcriptional
downregulation of HLA-I is coordinated by epigenetic silencing mechanisms, which can
be reversed to functionally re-express HLA-I in vivo and restore HLA-I dependent T-cell

activation.
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RESULTS

Genomic alterations in HLA-I are rare in human prostate cancer

Previous studies have shown widespread HLA-lI downregulation at the protein level in
prostate cancer tissues (36-39). We sought to determine if genomic alterations in the
HLA-I genes could be contributing to loss of HLA-I expression in prostate cancer. HLA-I
copy number alterations and mutations were analyzed in primary and metastatic prostate
adenocarcinoma samples in a data set from an analysis performed by Armenia et. al. of
6 independent studies (131). Genomic alterations in HLA-I were very low with these 3
genes individually exhibiting an alteration frequency of 6% or less in primary prostate
cancer and 3% or less in metastatic prostate cancer (Figure 2.1A). Only 7/680 (1.0%) of
primary adenocarcinoma samples and 6/333 (1.8%) of metastatic adenocarcinoma
samples had a deletion or mutation event in any HLA-I gene and gene amplification was
only seen in HLA-C. The majority of the identified alterations overall were the
amplifications that occurred in HLA-C, which are not typically associated with
downregulation of protein expression. The frequencies of deletion or mutation events had
high study to study variation, but there were less than 5 deletions or mutations in any
study.

We next analyzed HLA-I genomic gains and losses in relation to HLA-I mRNA
expression in the TCGA PanCancer Prostate Adenocarcinoma (PRAD) data set to
determine whether these alterations affect gene expression (Figure 2.1B). No significant
differences in mMRNA expression were observed between any of the groups. Groups with
only one patient were not included in the analysis. Shallow deletions can be indicative of

loss of heterozygosity (LOH), which has been reported to contribute to HLA-I



27

downregulation in breast and non-small cell lung cancer (132,133). While the shallow
deletion groups did have a slightly lower mean mRNA expression level compared to the
diploid group, this did not reach statistical significance and represented a relatively small
subset of overall samples, suggesting LOH may not drive loss of HLA-I expression in
prostate cancer. Overall, these analyses indicate the vast majority of HLA-I
downregulation events in prostate cancer cannot be attributed to changes to the genome

itself.

HLA-I gene expression is downregulated in subsets of human prostate cancer
We next analyzed changes in HLA-I gene expression in prostate cancer. We chose to
analyze the PRAD data set for its abundance of samples (n=497), however this data set
only includes primary site samples. In order to also compare metastatic gene expression
to primary tumor gene expression, we also analyzed an additional data set from Taylor et
al (134). The gene expression in the PRAD data set was determined by RNA-seq and the
gene expression in the Taylor data set was determined by cDNA microarray. Data was
converted into z-scores comparing tumor samples to the normal samples from the
respective study to be able to compare between the two different experimental systems,
however appropriate precaution should be used for any primary:primary comparisons due
to the different methods of data acquisition.

We examined both the mean z-score in the population as well as the number and
percentage of samples that were significantly up- and downregulated based on a
confidence level of 95% (Figure 2.1C, Table 2.1). In the two primary data sets, only HLA-

A showed noticeable negative shift in mean z-score, indicating a population level
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downregulation of gene expression compared to normal samples. However, all three
genes had significant negative shifts in mean z-score in the metastatic samples from the
Taylor data set. The HLA-I genes were downregulated in 14% or less of samples in the
primary data sets, but were downregulated in 58%-63% of the metastatic samples.
Significant downregulation of HLA-I was also associated with decreased time to
biochemical recurrence (two occurrences of PSA > 0.2ng/mL) after radical prostatectomy
when compared to all other patients or patients with significantly upregulated HLA-I
expression (Figure 2.1D,E). These data show that HLA-I may be transcriptionally
downregulated in a small subset of primary prostate cancers and the majority of
metastatic prostate cancers and loss of HLA-I gene expression is a risk factor for

biochemical recurrence.

Aberrantly expressed DNMT and class | HDAC genes are correlated to HLA-I in
human prostate cancer

Previous studies have implicated the DNMTs and class | HDACs as a driving force in
prostate cancer biology. We hypothesized that the DNMTs and class | HDACs could
promote immune evasion by downregulation of HLA-I as well. We analyzed the
expression of DNMT1, DNMT3A, DNMT3B, and the class | HDACs HDAC1, HDAC2,
HDACS3, and HDACS8 in the PRAD and Taylor data sets and their correlation to HLA-I
expression in prostate cancer. Table 2.1 summarizes the number and percentage of
patients in each study showing up- and downregulation of each of these genes. The de
novo DNMTs and class | HDAC genes tended to be upregulated more often than

downregulated with the exception of HDACS, which was upregulated in 25% the samples
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in the PRAD data set, but only in 1 sample from the Taylor data set. An analysis of the
mean z-score in each data set revealed that DNMT3A, DNMT3B and HDAC1/2/3 tended
to have positively shifted z-scores indicating an increase in mean gene expression in the
tumor populations (Figure 2.2A).

To investigate how the expression of these various genes associate with HLA-I
expression, we calculated Pearson r values for the correlation between HLA-I and DNMT
and HDAC genes in each data set (Figure 2.2B). Correlation patterns varied among the
data sets, however we found that DNMT3B was highly negatively correlated to HLA-I
gene expression in all three data sets and HDAC2 was the most negatively correlated to
HLA-I gene expression in the metastatic samples (Figure 2.2C). DNMT3A was also
negatively correlated to HLA-I gene expression in the PRAD data set. HDAC3 and
HDACS8 gene expression was positively correlated to HLA-I gene expression in the Taylor
data sets, though showed weak to no correlation in the PRAD data set. Overall, the
correlation of DNMT3B and HDAC2 to HLA-I gene expression along with overexpression
of these gene families, suggests a key role for epigenetic modification of DNA and

histones in HLA-I downregulation, among other epigenetic pathways.

HLA-I CpG islands are methylated in primary prostate cancer

We next sought to investigate the DNA methylation signatures of the HLA-I genes in
primary and metastatic prostate cancer biopsies. We analyzed the level of methylation at
probes from the Illlumina 450K methylation array within the HLA-I CpG islands in normal
prostate tissue vs. prostate adenocarcinoma samples in the PRAD data set (Figure 2.3A).

Every probe located within the HLA-A genomic region showed higher methylation levels
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in prostate tumor samples compared to normal. There were also multiple probes located
within HLA-B and HLA-C with significantly higher levels of methylation compared to
normal. Notably, the probe located within 50bp leading up to the transcription start site
for both HLA-A and HLA-C had the most significant increase in methylation in prostate
tumors compared to normal samples (Figure 2.3B). HLA-B had significant methylation in
the tumor samples at three sites within the gene body and within the promoter, 500bp
upstream of the transcription start site.

We then explored whether the patients with increased levels of methylation in HLA-
| had corresponding decreases in HLA-I gene expression. Correlations between matched
patient gene expression from RNA-seq data and the methylation score at each probe
were calculated (Table 2.2). Significant negative correlations were found in 12/12 HLA-A
probes, 11/19 HLA-B probes, and 11/15 HLA-C probes in the tumor samples, and only
2/12, 5/19 and 3/15 for HLA-A, HLA-B and HLA-C normal samples respectively. There
were also two probes, probe 1 and 3, in the HLA-C tumor samples that showed significant
positive correlation between methylation and gene expression, which could indicate the
presence of important regulatory elements in the HLA-C distal promoter and further
upstream.

While many of these correlations have reached statistical significance, the Pearson
r values are relatively weak, which may be due the smaller subset of patients in these
cohorts that have significantly reduced HLA-I gene expression, as summarized in Table
2.1. To further investigate the association between gene expression and methylation in
HLA-I genes, we separated the samples into three groups: high, medium, and low

expression. High and low expression were defined by having a significant z-score using
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a 95% confidence level relative to normal samples, with all non-significant samples placed
into the medium category. We then compared methylation levels in the stratified samples
to normal samples (Figure 2.3C). Methylation tended to be higher in the low HLA-I
expression samples. Samples expressing medium and high levels of HLA-I were either
not significantly different in methylation level, or high expressing samples had lower
methylation levels than the medium expressing samples. We chose one probe from the
promoter region of each gene to examine further and evaluate the statistical significance
of the stratifications (Figure 2.3D). For each of these probes, the samples expressing low
levels of HLA-I had significantly more methylation than the samples expressing medium
or high levels of HLA-I. In HLA-B and HLA-C, the samples expressing high levels of HLA-
| also had significantly lower methylation levels than the samples expressing medium
levels of HLA-I. This analysis suggests a significant role for DNA methylation in HLA-I

transcriptional downregulation in patients with prostate cancer.

Decreased chromatin accessibility is associated with HLA-l downregulation in
primary prostate cancer

Studies on histone modifications in prostate cancer have been conducted largely at the
global level with studies typically measuring overall levels of histone modification
abundance (89,135). HLA-I specific histone modification signatures have not been
explored in patients with prostate cancer. However, we can make inferences about
epigenetic regulation of HLA-I in prostate cancer using ATAC-seq data from the TCGA
PanCancer study. We analyzed the ATAC-seq signals in available primary prostate

samples from the PRAD data set at two genomic locations: a proximal enhancer region
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and the promoter. We then compared the changes in chromatin accessibility at these
regions to matched HLA-I gene expression. While the sample size was small, those with
high HLA-I gene expression tended to have higher scores for chromatin accessibility,
especially in the promoter regions (Figure 2.4A). However, there were a few samples with
low HLA-I gene expression and high chromatin accessibility. HLA-A gene expression was
significantly positively correlated with ATAC-seq signal at the proximal enhancer region
and HLA-C gene expression was significantly positively correlated with ATAC-seq signal
at the promoter (Figure 2.4B). All other ATAC-seq signals were also positively correlated
with HLA-I gene expression, but did not reach significance, likely due to the small sample
size. This preliminary analysis suggests that HLA-I downregulation is associated with a

decrease in accessible chromatin in key regulatory regions.

DNMT and HDAC inhibition induces HLA-I expression in vitro

The strong negative correlations between DNMT and HDAC family members and HLA-I
expression in patient samples suggests that we may be able to re-express HLA-I by
targeting the DNMT and HDAC families therapeutically. To investigate this, we utilized
the prostate cancer cell lines LNCaP, PC3, 22rv1, and LAPC4 as well as a benign
prostate cell line, RWPE1, as in vitro models. We first analyzed baseline HLA-I, DNMT,
and HDAC expression in these cell lines. HLA-I protein expression was downregulated in
LNCaP, 22rv1, PC3, and LAPC4 when compared to RWPE1 both at the cell surface as
measured by immunofluorescence microscopy and in whole cell lysates visualized by
western blot (Figure 2.5A). HLA-I gene expression was also significantly downregulated

in these four prostate cancer cell lines when compared to RWPE1 gene expression levels
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(Figure 2.5B). DNMT expression was measured by immunofluorescent microscopy in
each cell line (Figure 2.5C). Increases in DNMT1, DNMT3a, and DNMT3b were seen in
LNCaP, 22rv1, and LAPC4 cells compared to RWPE1. PC3 cells had increased levels of
DNMT3a, but not DNMT 1 or DNMT3b. HDAC expression was measured by western blot
(Figure 2.5D). Each cell line had increased protein expression of at least one HDAC family
member. In contrast to what was observed in patient samples, DNMT and HDAC gene
expression was not upregulated in the cancer cell lines compared to RWPE1 (Figure
2.5E). However, our findings are line with previous studies, which showed that while
DNMT and HDAC gene expression is unchanged or downregulated in prostate cancer
cell lines compared to RWPE1 cells, protein expression and activity is significantly
upregulated (81,82,136).

We next pharmacologically inhibited DNMT and HDAC activity in the prostate
cancer cell lines and RWPE1. We treated the cell lines with SGI-110 (SGI) to inhibit
DNMTs or LBH-589 (LBH) to inhibit the class | HDACs either alone or in combination and
measured HLA-I gene expression in response to the drugs. We found that the cancer cell
lines all responded to at least one treatment condition (Figure 2.6). The combination
treatment was the most effective to restore HLA-I expression in all cell lines tested. The
cell lines had varying responses to the treatments when used as single agents. LNCaP
and LAPC4 cells were responsive to both SGI treatment alone and LBH treatment alone.
PC3 cells were also more sensitive to SGI treatment alone compared to LBH treatment
alone. 22rv1 cells showed an opposite effect and were more responsive to LBH treatment
alone compared to SGI treatment alone. Similar responses were also found in cell lines

treated with a different DNMT inhibitor, 5-aza-2-deoxycytidine (5AZA2), alone and in



34

combination with LBH (Appendix A). Overall, these results support our hypothesis that

loss of HLA-I expression is regulated by epigenetic mechanisms in prostate cancer cells.

HLA-I downregulation is associated with increased DNA methylation and H3K27 tri-
methylation and loss of H3K27 acetylation prostate cancer cell lines
HLA-I induction by inhibition of epigenetic modifying proteins strongly suggests HLA-I is
epigenetically silenced in prostate cancer cell lines. To confirm this, we analyzed
epigenetic signatures in LNCaP, 22rv1, PC3, and LAPC4 compared to RWPE1. We
designed a set of primers to target regions of the HLA-I genes that were identified as
being differentially methylated in patient samples, including the distal and proximal
promoter as well as two intragenic regions (IG) near Exon1/Intron1 (IG 1) and
Exon2/Intron2 (IG 2) (Figure 2.7A). Methylation of HLA-I was evaluated using MBD2-
based enrichment of methylated DNA followed by gPCR (Figure 2.7B). LAPC4 had the
highest level of methylation in all three HLA-I genes. PC3 and LNCaP also had increased
methylation in certain gene regions compared to RWPE1. 22rv1 had the lowest overall
methylation of the cancer cell lines. Methylation in IG2 tended to be the most enriched in
cancer cell lines and overall, methylation in the cancer cell lines was increased in at least
2 of the evaluated gene regions for each gene (Figure 2.7C). Overall, the methylation
landscape in these four prostate cancer cell lines is comparable to the signatures found
in patient samples.

Since HLA-I gene expression was associated with a less accessible chromatin
state (Figure 2.4), we hypothesized that repressive histone signatures may also be

present in the HLA-I genes in prostate cancer cell lines. Chromatin immunoprecipitation
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(ChlIP) was performed using antibodies targeting acetylated (H3K27ac), a marker of
active transcription, and tri-methylated (H3K27me3) lysine 27 on histone H3, a marker of
transcriptional repression. Primers were designed to locations near a peak in H3K27ac
signature in GM12878, a lymphoblastoid cell line, determined by ChIP-seq from the
ENCODE consortium (137) (Figure 2.7A). Overall, the prostate cancer cell lines showed
significant decreases in H3K27ac and increases in H3K27me3 when compared to
RWPE1 (Figure 2.7D). The cell lines 22rv1 and LAPC4 had particularly low levels of lysine
27 acetylation in HLA-I. LAPC4 and 22rv1 also had the highest overall level of tri-
methylation. This strong repressive signature in 22rv1 may explain why HLA-I expression
is so low in these cells, even though DNA methylation was not very high, suggesting that
individual tumors may regulate HLA-I by different epigenetic mechanisms.

We generated correlation matrices for HLA-I protein expression, gene expression,
methylation, and histone modifications to examine the relationships between each of
these measures in the prostate cell lines (Figure 2.7E). We found that protein and gene
expression were highly positively correlated in each gene. Methylation within each region
tended to be positively correlated with methylation in other regions and with H3K27 tri-
methylation, and negatively correlated with H3K27 acetylation, indicating co-occurrence
of these epigenetic signatures. The pattern of correlation between methylation signatures
in each gene region and HLA-l expression was heterogeneous. We found that
methylation within the IG 1 and IG 2 region of HLA-A and HLA-C was negatively
correlated with corresponding gene and protein expression. HLA-B IG 2 methylation was
also negatively correlated with HLA-B gene and protein expression. The strongest

correlations were found in the histone modification group. H3K27 acetylation was strongly
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positively correlated with gene and protein expression and H3K27 tri-methylation was
strongly negatively correlated with gene and protein expression for all three HLA-I genes.
This analysis demonstrates that strong repressive epigenetic signatures are enriched at

the HLA-I genes and correlated to HLA-I gene expression in prostate cancer cell lines.

DNMT and HDAC inhibition reverses repressive epigenetic signatures in vitro

To confirm that the changes in gene and protein expression in response to DNMT
and HDAC inhibitors are accompanied by epigenetic changes in the genes themselves,
we measured DNA methylation and histone modification changes in response to SGI,
5AZA2, and LBH. HLA-I methylation was reduced across the HLA-I genes in response to
SGI and 5AZA2 (Figure 2.8A, Appendix A), regardless of whether gene expression was
significantly induced from SGI treatment alone, suggesting DNA methylation loss may not
be sufficient in all cases to re-express HLA-I. This may be due to histone modifications
not changing from a repressive state even when DNA methylation has been removed.
This is supported by the retention of H3K27me3 and H3K27ac levels in 22rv1 cells when
treated with SGI (Figure 2.8B). This can also explain why cell lines tended to show the
strongest response to combination treatments. To analyze changes in histone acetylation
in response to HDAC inhibition by LBH, we performed ChIP analysis to look at H3K27ac
in treated cell lines. H3K27ac was significantly increased in response to LBH in 22rv1
cells and a similar trend was observed in LNCaP and LAPC4 cells, though the results
were not statistically significant (Figure 2.8C).

Enrichment of RNA polymerase Il (RPB1) at the HLA-I gene promoters was

increased in LNCaP cells in response to SGI treatment, showing that the increase in gene
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expression is associated with increased transcriptional activity (Figure 2.8D). RBP1
enrichment at the HLA-I promoters was also increased in 22rv1 cells in response to LBH
(Figure 2.8E). However, RPB1 enrichment not increased in LNCaP cells in response to
LBH treatment. This difference in LBH induced RPB1 binding between LBH treated 22rv1
and LNCaP cells is corroborated by the differences in inducibility of HLA-I gene
expression in response to LBH in these two cell lines, suggesting the epigenetic
signatures are driving gene expression. While responses to DNMT and HDAC inhibition
were varied in prostate cancer cell lines, the changes to the epigenetic landscape that
accompany gene and protein induction suggest modulation of epigenetic proteins in

prostate cancer may be useful to re-express epigenetically silenced HLA-I in patients.

DNMT and HDAC inhibition induces HLA-I gene expression ex vivo

The in vitro data suggest that DNMT and HDAC inhibition can significantly alter the
expression of HLA-l. We next wanted to test whether this holds true in a more
physiologically relevant system. Primary prostate tumor tissue was acquired from radical
prostatectomy specimens and grown in an ex vivo culture. Expression of the HLA-I genes
and three prostate specific genes, AR, KLK3 (PSA), and ACP3 (PAP), was measured to
establish baseline HLA-I levels and confirm the presence of prostate cells in the culture
(Figure 2.9A). Tissue in ex vivo culture was treated with DMSO, 5AZA2, or LBH either
alone or in combination and induction of HLA-I expression was measured (Figure 2.9B).
Similar to our in vitro cell culture studies, we found considerable heterogeneity regarding
both the magnitude and pattern of HLA-I gene induction in response to either drug among

these patient samples. 3 out of 5 patients showed robust induction in response to at least



38

one of the treatment regimens. Among the responders, 2 out of 3 responded to 5AZA2
and showed no response to LBH alone. 1 out of 3 responders showed strong induction
to LBH and less response to 5AZA2. In 2 out of 5 patient samples we saw negligible
response to 5AZA2 or LBH treatments. Overall, these ex vivo culture studies corroborate
the cell line data and indicate a biologically relevant role for DNMT and HDAC inhibition
in re-expression of HLA-I in prostate cancer. Moreover, these data again highlight the
variability in response to inhibition of these two classes of epigenetic regulators and

underlines the multiple epigenetic mechanisms that are at play.

HLA-I upregulation on tumor cells by DNMT and HDAC inhibition enhances
activation of PSMA-specific T-cells

We next sought to assess the functional relevance of HLA-I upregulation by DNMT and
HDAC inhibition. To do this, we measured the CD8+ T-cell response to LNCaP cells
treated with 5AZA2, SGI, and LBH alone and in combination. PSMA7.3s-specific CD8" T-
cells were raised by peptide vaccination in HHD mice expressing humanized HLA-A*02.
HLA-A*02 expressing LNCaP cells were pre-treated with 5AZA2, SGI, or LBH or a
combination of SGI or 5AZA2 and LBH and then co-cultured with splenocytes from
vaccinated or unvaccinated mice (Figure 2.10A). As an additional control, an anti-HLA-I
blocking antibody was used to block HLA-I at the LNCaP cell surface. After co-culture, T-
cell activation markers were measured by flow cytometry in T-cells from each co-culture
treatment condition (Figure 2.10B). We found that PSMA27.3s tetramer-positive (PSMA*)
CD8* T-cells that were co-cultured with LNCaP cells treated with any DNMT or HDAC

inhibitor increased in frequency and expressed increased levels of activation markers
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CD69 and LFA-1 compared to those co-cultured with DMSO treated LNCaP cells. These
T-cells also expressed increased levels of granzyme B and interferon-y (IFN-y), markers
indicative of T-cell stimulation and differentiation into cytotoxic T-cells (CTLs).
Additionally, the population of T-cells expressing CD107 (LAMP1), a marker of T-cell
degranulation, was increased in the T-cells co-cultured with LNCaP cells treated with
5AZA2, SGI, and/or LBH.

The percent of PSMA* CD8* T-cells present after co-culture with LNCaP cells in
each treatment condition is shown in Figure 2.10C. Treatment of LNCaP cells with SGI
and LBH in combination significantly increased the percent of PSMA*CD8" T-cells after
co-culture with LNCaP cells at a 2:1 or 1:1 T-cell effector to tumor target (E:T) ratio SGI
alone was able to significantly increase the percent of PSMA*CD8* T-cells after co-culture
with LNCaP cells at a 2:1 T-cell effector to tumor target ratio. The percent of PSMA* CD8*
T-cells present increased after co-culture with LNCaP cells treated with 5AZA2 and LBH
in combination, though this did not reach statistical significance. Treatment of LNCaP
cells with HLA-I blocking antibody was able to ablate these effects. No significant changes
in the percent of PSMA* T-cells where seen when LNCaP cells were co-cultured with T-
cells from unvaccinated mice. This study confirms a clear functional role for HLA-I
induction by DNMT and HDAC inhibition and suggests the utility of HLA-I re-expression
for vaccine-based immunotherapies that rely on functional MHC-I expression on tumor

cells.
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DISCUSSION

The evidence presented here demonstrates that epigenetic mechanisms regulate
expression of HLA-I genes in human prostate cancer. While it has been known for
decades that HLA-I is downregulated at the protein level in prostate cancer, there have
been limited investigations into the molecular underpinnings of this phenomenon,
especially as it relates to epigenetic regulation of these genes. To address this lack of
understanding, we have described the HLA-I methylome in prostate cancer patient
samples and cell lines and confirmed the presence of repressive histone modifications in
cell line models.

Our investigations into the regulation of class | HLA genes in prostate cancer
revealed frequent HLA-I loss in metastatic tumors. The striking decrease in HLA-I
expression in metastatic lesions identified in this study implies a possible role for loss of
HLA-I expression in progression to metastasis. Previous findings showing that promoter
DNA methylation increases during progression and that epigenetic mechanisms are
important drivers prostate cancer progression (65,97,138). Whether the epigenetic
alterations in HLA-I genes are a driver or passenger in the metastatic cascade will need
to be further studied, but we hypothesize that immune evasion due to epigenetic loss of
HLA-I plays a role in metastasis.

This study is in line with previous work showing HDAC inhibition upregulates HLA-
| gene and proteins levels in LNCaP cells (39), and gene expression levels in PC3 and
Du145 cells (39,102). Our work expands on these studies by examining the basal
epigenetic signatures as well as changes in those signatures in response to HDAC and

DNMT inhibition in multiple cell lines. We strengthen this idea further by showing
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biological relevance for HLA-I induction by DNMT and HDAC inhibition in ex vivo tissue
samples. Importantly, we also showed that HLA-I expression can be functionally induced
on tumor cells by DNMT and HDAC inhibition, leading to increased activation of co-
cultured T-cells from PSMA peptide vaccinated mice.

A previous study from our lab found DNMT and/or HDAC inhibition induces
expression of CTAs (139) and another study found APM molecules were upregulated with
HDAC inhibition (102). Our current study supports a wider role for epigenetics in
regulating antigen presentation by also downregulating the HLA-I genes themselves.
Inhibition of DNMT and HDACSs is likely affecting many cellular pathways in addition to
HLA-I genes, CTAs, and APM, leading to the phenotypes we observed in this study. A
recent study found inhibition of BET bromodomain containing proteins, which are readers
of histone acetylation, led to increased HLA-I protein expression and immunogenicity in
vivo, supporting the important role we have found for histone modifications in HLA-I
regulation (103). Further investigation into the contributions of other affected cellular
pathways is needed to fully understand this phenomenon.

DNMT and HDAC inhibitors have been explored for their possible therapeutic
efficacy and numerous clinical trials are ongoing for single or combination uses, including
trials with 5AZA2, SGI, and LBH (140). Recently, the first epigenetic therapy for a solid
tumor, a small molecule drug targeting EZH2, was approved by the FDA for use in
epithelioid carcinoma (141,142). Previously, the only FDA approved uses for drugs
targeting epigenetic modifying proteins were for hematologic malignancies. The limited
success of epigenetic therapies in solid cancers may be due to the heterogeneity in the

epigenetic signatures and responses to therapies as evidenced in our current study (129).
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Additionally, failure of immunotherapies has been attributed to lack of immunogenicity of
tumor cells as well as the inability to monitor treatment response in solid tumors (130).
We anticipate that the monitoring HLA-I methylation status in patients as well as protein
levels both before and during treatment may alleviate some of these challenges and we
are currently working to develop epigenetically silenced HLA-I as a therapeutic biomarker.
Overall, this study has implicated epigenetic mechanisms in the regulation of HLA-I in
prostate cancer and points to epigenetic therapy as a promising option for enhancing the

immune response in prostate tumors.



43

MATERIALS AND METHODS
Analysis of Public Data Sets
Genomic alteration data was accessed and analyzed in cBioPortal (RRID: SCR_014555)
(143,144). TCGA-PRAD data was accessed and downloaded through UCSC Xena (145).
Data from Taylor, et. al. (134) was accessed, analyzed, and downloaded through
cBioPortal. ATAC-seq data from Corces, et al. was accessed, analyzed, and downloaded
through UCSC Xena (145,146). Methylation beta values and matched gene expression
values were accessed through Wanderer (147). Prism 8 (GraphPad Prism, RRID:
SCR _002798) was used for correlation analyses. Z-scores for gene expression and
ATAC-seq were calculated with the following formula:

X-H

z=""
(0)

where y is the tumor or metastasis gene expression value, u is the normal sample
population mean, and o is the normal sample population standard deviation. In the ATAC-
seq data set, z-scores were calculated as compared to the tumor population, where y is
the tumor gene or ATAC-seq expression value, p is the tumor sample population mean,

and o is the tumor sample population standard deviation.

Cell Lines and Cell Culture

LAPC4 (ATCC, Cat# CRL-13009, RRID: CVCL_4744) were maintained in DMEM
Medium (Corning) supplemented with 20% fetal bovine serum (FBS) (Gibco, Cat#
10437028), 1% sodium pyruvate (Corning, Cat# MT25000CI), 0.5% beta-
mercaptoethanol, and 1% penicillin-streptomycin (HyClone, Cat# SV30010). LAPC4 cells

were cultured in poly-d-lysine coated flasks and/or plates (BioCoat flasks: Corning, Cat#
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0877260; 6-well plates: Sigma-Aldrich, Cat# Z720798-20EA). RWPE1 (ATCC Cat# CRL-
11609, RRID: CVCL_3791, LNCaP (RCB, Cat# RCB2144, RRID: CVCL_1379) — used
for 5AZA/LBH epigenetic drug treatment gene expression experiments and epigenetic
drug treatment protein expression experiments, 22Rv1 (ATCC, Cat# CRL-2505, RRID:
CVCL_1045), and PC3 (ATCC, Cat# CRL-7934, RRID: CVCL_0035) cells were
maintained in RPMI 1640 Medium (Corning, Cat# MT10040CV) supplemented with 10%
FBS, 1% sodium pyruvate, 1% penicillin-streptomycin, 1% non-essential amino acids
(HyClone, Cat# SH30238.01), and 0.1% beta-mercaptoethanol. LCL (HCC2218-BL,
ATCC, Cat# CRL-2363, RRID: CVCL_1264) and LNCaP (ATCC, Cat# CRL-1740, RRID:
CVCL_1379) — used for baseline gene expression, SGI/LBH epigenetic drug treatment
experiments, DNA methylation, and chromatin immunoprecipitation experiments — cells
were grown in RPMI 1640 Medium supplemented with 10% FBS and 1% penicillin-
streptomycin (LCL grown in suspension). LCL, RWPE1, LNCaP, 22rv1, and PC3 were
cultured in tissue culture treated flasks and/or plates (Flasks: Corning, Cat# 07202000;

Plates: Thermo Fisher Scientific, Cat# 087721G).

Ex Vivo Culture of Prostate Tissue

Human prostate tissues were obtained from patients undergoing radical prostatectomy at
the University of Wisconsin-Madison. All patients were consented under an Institutional
Review Board (IRB) protocol #20130653. Absorbable gelatin sponges (Ethicon, Cat#
1973) were cut into pieces to fit in a 24-well tissue culture plate. Sponges were soaked in
Ham’s F-12 media (Fisher Scientific, Cat# SH3002601) supplemented with 0.25 units/ml

regular insulin (Sigma-Aldrich, Cat# 19278-5ML), 1 ug/mL hydrocortisone (Sigma-Aldrich,
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Cat# H0888-1g), 5 pg/mL human transferrin (Sigma-Aldrich, Cat# T8158-100mg), 2.7
mg/ml dextrose, 0.1 nM non-essential amino acids (HyClone, Cat# SH30238.01), 100
units/ml and 100 ug/mL Penicillin/Streptomycin respectively (HyClone, Cat# SV30010), 2
mM L-glutamine (Corning, Cat# 25-005-Cl), 25 ug/mL bovine pituitary extract (Life
Technologies, Cat# 13028014), and 1% fetal bovine serum (FBS) (Gibco, Cat#
10437028) until fully saturated. Each core was cut into ~1 mm? by 1 mm? cubes. Tissue
was placed on the sponges and cultured for up to 4 days at 37° C at 5% CO2 and 500uL

media was replaced daily.

Immunoblotting

Whole cell lysates were collected from adherent cells by scraping into RIPA buffer after
washing with cold PBS. Whole cell lysates were separated by SDS-PAGE and transferred
onto nitrocellulose membrane. Membranes were blocked with SuperBlock blocking buffer
(Thermo Scientific, Cat# 37515). Membranes were probed with primary antibodies diluted
in 3% BSA in TBS plus 0.1% Tween-20 at 4°C overnight followed by incubation with HRP-
linked secondary antibody (BioLegend, Cat# 405306, RRID:AB_315009) at RT for 1 hour
and visualization by chemiluminescence. Primary antibodies: HLA-lI clone W6/32
(BioLegend, Cat# 311412, RRID:AB_493132), a-tubulin (BioLegend, Cat# 627901,

RRID:AB_439760).

Immunofluorescent staining in cell lines
For HLA-I staining, cells were seeded on coverslips in 6 well plates and fixed with 4%

formaldehyde for 10 mins followed by washing with 1x PBS and blocking with 5% FBS in
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1x PBS with 0.1% BSA. Fixed cells were stained with Hoechst 33342 (Thermo Fisher,
Cat# Pl162249) and anti-HLA-I conjugated to FITC (BioLegend, Clone W6/32, Cat#
311404) overnight at 4°C in PBS with 0.1% BSA. Coverslips were mounted on slides with
VECTASHIELD Antifade Mounting Medium (Vector Laboratories, Cat# H-1000-10). For
DNMT staining, cells were seeded in 24 well plates and fixed with 4% formaldehyde for
10 minutes followed by washing with 1x PBS, permeabilization with 0.3% Triton X-100 for
5 minutes at RT, and blocking with 5% FBS in x PBS with 0.1% BSA. Cells were stained
with Hoechst 33342 (Thermo Fisher, Cat# P162249) and primary antibodies overnight in
PBST with 0.1% Triton X-100 at 4°C: DNMT1 (Cell Signaling, clone D63A6, cat# 5032,
RRID:AB_10548197), DNMT3a (Thermo Fisher Scientific, clone 64B1446, Cat# MA5-
16171, RRID:AB_2537690), or DNMT3b (Cell Signaling, clone E8A8A, cat# 57868,
RRID:AB_.2799534). Cells were stained with secondary antibodies at RT for 1hr. Slides
or plates were imaged at 10x using NIS Elements AR Microscope Imaging Software (NIS-

Elements, RRID:SCR_014329) and analyzed using NIS Elements AR analysis software.

MBD2-MBD Enrichment of Methylated DNA from Cell Lines

Genomic DNA was isolated from cells using the AllPrep RNA/DNA Mini Kit (Qiagen, Cat#
80204) according to manufacturer’s instructions. DNA was quantified by a NanoDrop
1000 spectrophotometer and 1ug DNA was sheared by sonication to an average size of
around 200bp. Methylated DNA was enriched from sheared genomic DNA using the
EpiXplore Methylated DNA Enrichment Kit (Takara Bio, Cat# 631962) according to

manufacturer’s instructions. Enrichment was measured by gPCR using primers designed
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to various regions of HLA-A, HLA-B, and HLA-C (Integrated DNA Technologies). Primers

are listed in Table 2.3.

Chromatin Immunoprecipitation

Chromatin immunoprecipitation (ChlP) was performed according to manufacturer’s
instructions using the SimpleChIP Enzymatic Chromatin IP Kit with Magnetic Beads (Cell
Signaling Technology, Cat# 9003S). Immunoprecipitation was performed using the
following antibodies from Cell Signaling Technology: Histone H3 (Clone D2B12, Cat#
4620S, RRID: AB_1904005), H3K27ac (Clone D5E4, Cat# 8173S, RRID: AB_10949503),
H3K27me3 (Clone C36B11, Cat# 9733S, RRID: AB_2616029), and IgG (Cat# 2729S,
RRID: AB_1031062). DNA was then analyzed by gPCR using primers designed to target
HLA-A, HLA-B, and HLA-C (Integrated DNA Technologies). Primers are listed in Table
2.3. The H3K27ac signature in GM12878 determined by ChlIP-seq from the ENCODE
consortium (137) was accessed in the UCSC Genome Browser (RRID: SCR_005780) to

aid in primer design.

Epigenetic Drug Treatments of Cell Lines and Ex Vivo Tissue

5-Aza-2'-deoxycytidine (5AZA2) (Sigma-Adrich, Cat# A3656-5MG), Panobinostat (LBH,
LBH589) (Selleckchem, Cat# S1030), and SGI-110 (SGI) (Astex Pharmaceuticals) were
dissolved in DMSO and stored at -80°C in aliquots. Cells were treated with 10uM 5AZA2,
1uM SGlI, or DMSO for 72 hours. 10nM or 100nM LBH was added for the last 24 hours

after 48 hours of 5AZA2 or SGI treatment for combination treatments.
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Gene Expression Analysis in Cell Lines

Total RNA was isolated from cells using the AllPrep RNA/DNA Mini Kit (Qiagen, Cat#
80204) according to manufacturer’s instructions. RNA was quantified by a NanoDrop
1000 spectrophotometer and 1ug total RNA was reverse transcribed using the High
Capacity RNA-to-cDNA kit (Thermo Fisher Scientific, Cat# 4388950). cDNA was diluted
10x and 5uL was used per reaction for gPCR. Pre-designed TagMan probes (Thermo
Fisher) for HLA-A (Hs01058806_g1), HLA-B (Hs00818803 g1), and HLA-C
(Hs00740298), and RPLPO (4333761F) were used with iTag Universal Probes Supermix
(BioRad, Cat# 1725135). Gene expression was determined using the delta-delta-Ct

method after normalization of each gene to housekeeping gene, RPLPO (PO0).

Gene Expression Analysis in Epigenetic Drug Treated Ex Vivo Tissue and 5AZA2/LBH
Treated Cell Lines

Total RNA was isolated from cells using RNeasy Mini Kit (Qiagen, Cat# 74106) according
to manufacturer’s protocol. Total RNA was isolated from ex vivo tissue using the Aurum™
Total RNA Fatty and Fibrous Tissue Kit (BioRad, Cat# 7326830) according to the
manufacturer’s protocol. RNA was quantified by a NanoDrop 1000 spectrophotometer
and 1ug total RNA was reverse transcribed using iScript Reverse Transcription Supermix
(Bio-Rad, Cat# 1708841). 1uL of the cDNA synthesis reaction was used to perform gPCR
using SsoAdvanced Universal SYBR Green Supermix (BioRad, Cat# 1725274) according
to the manufacturer’s protocol. HLA-A, HLA-B, HLA-C, and RPLPO primers are listed in
Table 2.3. Gene expression was determined using the delta-delta-Ct method after

normalization of each gene to housekeeping gene, RPLPO (PO).
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Peptide Vaccinations and T-cell Co-Culture

PSMA specific CD8* T-cells were generated by PSMA27.3s peptide vaccination of HHD
transgenic humanized mice expressing human HLA-I A*02. The HHD mice were a
generous gift from Professor Francois Lemonnier at the Pasteur Institute, Paris (148).
Mice were given once weekly subcutaneous injections of 100 ug synthetic PSMA peptide
(VLAGGFFLL) (Prolmmune, Oxford, UK) in 100uL CFA (Thermo Fisher Scientific, Cat#
NC0916022) for the first injection or IFA vehicle (Sigma-Aldrich, Cat# ARO002) for
subsequent injections. Splenocytes were harvested 1 week after last immunization and
the number of live PSMA>7.3s-specific CD8+ splenocytes was determined by flow
cytometry analysis following staining with GhostDye™ Violet 510 (Tonbo Biosciences,
Cat# 13-0870), anti-mouse CD8 antibody (Tonbo Biosciences, Cat# 25-0081,
RRID:AB_2621623) and Pro5® PSMA27.33 A*02:01 MHC | pentamer (Prolmmune,
Oxford, UK). PSMA vaccinated splenocytes were then co-cultured with LNCaP cells that
were pretreated with DMSO vehicle or 10uM 5AZA2 or 1uM SGl for 72 hours and/or 10nM
LBH for the last 24 hours in RPMI media supplemented with 10% FBS. In control co-
culture wells, LNCaP cells were treated with 5 pg of purified anti-HLA-A,B,C blocking
antibody (clone W6/32) (BioLegend, Cat# 311412, RRID:AB_493132) prior to adding
splenocytes. Cells were co-cultured for 72 hours and Golgi-stop (BD Biosciences, Cat#
554724) was added for the last 4 hours of culture, following the manufacturer’s protocol.
Cells were then harvested and subjected to labeling with GhostDye™ Violet 510 and
surface markers: CD8 (Tonbo Biosciences, Cat# 25-0081, RRID:AB_2621623), Pro5®

PSMA27.38 A*02:01 MHC | pentamer (Proimmune), CD69 (BD Pharmigen, Cat# 551113,
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RRID:AB_394051), LFA-I (BD Biosciences, Cat# 558191, RRID:AB_397055), and
CD107 (BD Biosciences, Cat# 564347, RRID:AB_2738760) followed by fixation and
permeabilization with BD Cytofix/Cytoperm (Thermo Fisher Scientific, Cat# 554714)
according to the manufacturer’s protocol and intracellular staining with antibodies against
murine IFNy (Tonbo Biosciences, Cat# 20-7311, RRID:AB_2621616) and Granzyme B
(BD Biosciences, Cat# 560211, RRID:AB_1645488). Cells were then washed and
acquired on an LSR Il Fortessa or an Attune NxT instrument followed by data analysis by
the FlowJo software v9.9.6 (FlowJo, RRID: SCR_008520). Gating controls included the

fluorescent minus one (FMO) strategy.

Statistical Analysis

Survival curve analysis was performed using the log-rank (Mantel-Cox) test. For the HLA-
| genomic alteration and HLA-I protein expression studies, comparison between groups
was made with an ordinary-way ANOVA followed by post hoc analysis with the Tukey test
for correction of multiple comparisons. For baseline gene expression and ChIP
experiments, comparisons between groups were made with 2-way ANOVA using the
Dunnett method for correction of multiple comparisons. For drug treatment gene
expression experiments, comparison between DMSO and treatment groups were made
by t-test corrected for multiple comparisons by the Holm-Sidak method. Gene expression
statistical analyses were performed on delta-Ct values. All statistical analyses were

performed in Prism 8 (GraphPad Prism, RRID: SCR_002798).



51

ACKNOWLEDGEMENTS

We would like to thank the patients who donated samples for this study. The results using

TCGA-PRAD data sets are based on data generated by the TCGA Research Network:

https://www.cancer.gov.tcga.



52

Table 2.1. Up- and downregulation of HLA-I, DNMTs, and class | HDACs.

HLA-A
HLA-B
HLA-C
DNMT1
DNMT3A
DNMT3B
HDAC1
HDAC2
HDAC3
HDACS8

Up (%) Down (%)

Primary Primary Metastatic Primary Primary Metastatic
(TCGA) (Taylor) (Taylor) (TCGA) (Taylor) (Taylor)
n=496 n=130 n=19 n=496 n=130 n=19
40 (8) 15 (12) 1(5) 90 (18) 24 (18) 12 (63)
74 (15) 18 (14) 2(11) 28 (6) 19 (15) 12 (63)
70 (14) 17 (13) 1(5) 42 (8) 18 (14) 12 (63)
33 (7) 9(7) 10 (53) 41 (8) 40 (31) 2(11)
179 (36) 28 (22) 9 (47) 6 (1) 11 (8) 1(5)
98 (20) 10 (8) 7 (37) 14 (3) 1(1) 0 (0)
188 (38) 43 (33) 8 (42) 17 (3) 17 (13) 4 (21)
158 (32) 14 (11) 7 (37) 80 (16) 0 (0) 0 (0)
104 (21) 27 (21) 7 (37) 15 (3) 24 (18) 3 (16)
193 (39) 0 (0) 1(5) 5(1) 27 (21) 6 (32)
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Table 2.2. Correlation of HLA-I gene expression to DNA methylation.
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Table 2.3. Primers used for gene expression and epigenetic analysis of HLA-I.

HLA-B HLA-A

HLA-C

MBD2 Enrichment

Forward Primer (5'-3")

Reverse Primer (5'-3")

Distal Promoter GCCAAGACTCAGGGAGACAT
Proximal Promoter CCAACTCCGCAGTTTCT

Exon 1 CCAGAGAAGCCAATCAGTG
Exon 2 GACCAGGAGACACGGAATG

Distal Promoter GCCTTCAGAGAAAACTTCACCAGG

Proximal Promoter TTCCAGGATACTCGTGACGC
Exon 1 GGAGGGAAATGGCCTCTG
Exon 2 CCGGAACACACAGATCTACAA

Distal Promoter GACTCTACACGTCCATTCCCAG

Proximal Promoter CAGGGTCTCAGGCTCCAAGG

Exon 1 GAGACCTGGGCCTGTGA

Exon 2 CTCCCACTCCATGAGGTATTTC

ChiP

HLA-A AACCCTCCTCCTGCTACTC

HLA-B GGAGGGAAATGGCCTCTG

HLA-C GAGACCTGGGCCTGTGA
Gene Expression

(Figure 2.9)

HLA-A GCGGCTACTACAACCAGAGC

HLA-B TCCTAGCAGTTGTGGTCATG

HLA-C TCCTGGTTGTCCTAGTC

RPLPO GACAATGGCAGCATCTACAAC

AAACTGCGGAGTTGGGGAAT
CACTGATTGGCTTCTCTGG
GAGTAGCAGGAGGAGGGTTC
CTTCGGGGTGGATCTCGGA

TCTTGTGTAGGGAAACTGAGCA
TCCCTCCCGACCCGC
GGACACGGAGGTGTAGAAATAC
TCAGGGAGGCGGATCTC

CTTTGCCTTACCTTACCTCACCT
GGAAGAAGGACCCGACGCAG
GTCGAAATACCTCATGGAGTGG
GCGCTTGTACTTCTGTGTCT

GGGACACGGATGTGAAGAAATA
GGACACGGAGGTGTAGAAATAC
GTCGAAATACCTCATGGAGTGG

CCAGGTAGGCTCTCAACT
TCAAGCTGTGAGAGACATAT
CAGGCTTTACAAGTGATGAG

GCAGACAGACACTGGCAA
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Figure 2.1. HLA-I genomic alterations and gene expression in primary and

metastatic prostate cancer.
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Figure 2.1. HLA-l genomic alterations and gene expression in primary and
metastatic prostate cancer. A) Amplification, deletion, and mutations in HLA-A, HLA-B,
and HLA-C in primary prostate cancer across 4 independent studies and metastatic
prostate cancer across 3 independent studies. Overall percent altered for each gene is
shown. All existing alterations are shown. B) HLA-I genomic alterations in relation to HLA-
| gene expression in the PRAD dataset. C) HLA-A, HLA-B, and HLA-C expression in the
PRAD, and Taylor data sets. Z-scores are relative to normal samples in the respective
study. Dotted lines indicate z-score of +/- 1.96. Expression above or below dotted line is
considered significantly up- or downregulated respectively. Line and error bars represent
mean and 95% confidence interval. D) Kaplan-Meier curves showing disease-free
survival time for patients in the Taylor data set with low expression (z-score < -1.96) vs.
high expression (z-score > 1.96) of any HLA-I gene. E) Kaplan-Meier curves showing
disease-free survival time for patients in the Taylor data set with low HLA-I expression in

any HLA-I gene (z-score < -1.96) vs. all other patients (z-score > -1.96).
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Figure 2.2. DNMT and HDAC gene expression and correlation to HLA-I in prostate
cancer.
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Figure 2.2 DNMT and HDAC gene expression and correlation to HLA-I in prostate
cancer. A) Gene expression of the DNMTs and class | HDACs in the PRAD and Taylor
data sets. Represented as z-scores relative to normal samples. Error bars represent
SEM. Dotted lines indicate z-score of +/- 1.96. Expression above or below dotted line is
considered significantly up- or downregulated respectively. Line and error bars represent
mean and 95% confidence interval. B) Pearson r correlation matrix of gene expression
of DNMTs and class | HDACs to HLA-I in each data set. C) Pearson r correlation values

from (B) ordered from most negatively correlated to most positively correlated.
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Figure 2.3. DNA methylation at HLA-I genes is associated with loss of HLA-I gene
expression in prostate cancer.
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Figure 2.3. DNA methylation at HLA-I genes is associated with loss of HLA-I gene
expression in prostate cancer. A) Methylation levels across the promoter and CpG
islands of HLA-A, HLA-B, HLA-C. Gene regions where probes fall, TSS, and CpG island
location are annotated. Distances between probes are not to scale. B) Volcano plot of
statistical significance against difference in methylation levels between tumor and normal
samples. Distance from the TSS for two points are indicated. C) Methylation beta values
are shown at each probe across the HLA-I promoters and CpG islands for normal samples
and tumor samples separated by gene expression level. D) Box plots of methylation levels
of selected probes within the gene promoters separated by gene expression level. For C)
and D) gene expression was categorized as: low expression: z-score < -1.96, med

expression 1.96 < z-score > -1.96, high expression: z-score > 1.96.
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Figure 2.4. Loss of chromatin accessibility at HLA-I genes is associated with loss
of HLA-I gene expression in prostate cancer.
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Figure 2.4. Loss of chromatin accessibility at HLA-I genes is associated with loss
of HLA-I gene expression in prostate cancer. F) ATAC-seq from PRAD data set at a
proximal enhancer and promoter in each HLA-I gene. G) Pearson r correlation of ATAC-

seq signal from a proximal enhancer region and promoter to HLA-I gene expression.
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Figure 2.5. Expression of HLA-l, DNMTs, and HDACs in prostate cancer cell lines.
A) HLA-I protein expression measured by western blot and immunofluorescence and (B)
HLA-I gene expression in 4 prostate cancer cell lines (LNCaP, 22rv1, PC3, and LAPC4)
compared to a normal prostate epithelial cell line, RWPE1. C) Immunofluorescent imaging
of DNMT expression in prostate cancer cell lines and RWPE1. D) Western blot showing
class | HDAC expression in prostate cancer cell lines and RWPE1. E) Gene expression

of DNMTs and class | HDACs in prostate cancer cell lines and RWPE1.
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Figure 2.6. Inhibition of DNMTs and HDACs induces HLA-l expression in prostate
cancer cell lines.
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Figure 2.6. Inhibition of DNMTs and HDACs induces HLA-I expression in prostate
cancer cell lines. HLA-I gene induction in cell lines treated with SGI or LBH alone and in
combination. Data is represented as expression relative to housekeeping gene PO and

as a fold change relative to DMSO.



Figure 2.7. HLA-l downregulation is associated with a repressive epigenetic
signature in prostate cancer cell lines.
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Figure 2.7. HLA-l downregulation is associated with a repressive epigenetic
signature in prostate cancer cell lines. A) Primer locations for DNA methylation and
histone modification analyses. B) DNA methylation in LNCaP, 22rv1, PC3, LAPC4,
RWPE1, and a lymphoblastoid cell line (LCL) in four regions of the HLA-I genes. C) ChIP
using antibodies to H3K27ac and H3K27me3 in LNCaP, 22rv1, PC3, and LAPC4
compared to RWPE1. D) Correlation matrix for HLA-I protein expression, gene
expression, DNA methylation and H3K27 histone modifications. Pearson r values are

indicated in each box.



Figure 2.8. Inhibition of DNMTs and HDACs alters epigenetic signatures in

prostate cancer cell lines.
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Figure 2.8. Inhibition of DNMTs and HDACs alters epigenetic signatures in prostate
cancer cell lines. A) Heat map indicating the methylation level in cell lines treated with
DMSO or SGI. B) ChIP using an antibody to H3K27ac in 22rv1 cells treated with DMSO
or SGI. C) ChlP using antibodies to H3K27ac in cell lines treated with DMSO or LBH. D)
ChIP using an antibody to Rpb1 in LNCaP cells treated with DMSO or SGI. E) ChlP using

an antibody to Rpb1 in 22rv1 and LNCaP cells treated with DMSO or LBH.



Figure 2.9. Inhibition of DNMTs and HDACs induces HLA-I gene expression in
primary prostate cancer ex vivo.
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Figure 2.9. Inhibition of DNMTs and HDACs induces HLA-l gene expression in
primary prostate cancer ex vivo. A) Gene expression analysis of the HLA-I genes and
prostate specific elements of the AR pathway in prostate tumor tissue cultured ex vivo.
B) Gene expression analysis of induction of HLA-I and AR pathway elements in ex vivo
tissue treated with DMSO, 5AZA2, LBH, or 5AZA2+LBH. Error bars represent SD. *

p<0.05.
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Figure 2.10. DNMT and HDAC inhibition in tumor cells increases co-cultured T-

cell activation.
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Figure 2.10. DNMT and HDAC inhibition in tumor cells increases co-cultured T-cell
activation. A) Vaccination and co-culture scheme to analyze PSMA27.3s-specific T-cell
response to LNCaP cells treated with epigenetic modifying agents. B) Plots represent the
rare-event cell analysis of PSMA27.3s-specific T-cells to assess the cytolytic features. Top
row shows PSMA27.3s tetramer binding on the total CD8* splenocyte subset. PSMA27.3s
tetramer® cells are projected in rows 2-4 and gate frequencies are expressed as a
percentage of total PSMA27.3s CD8" T-cells. Plots represent expression of activation
markers CD69, LFA-1, IFNy, granzyme B, and CD107 (LAMP1). C) Graphs represent the
frequency of PSMA27.3s pentamer positive cells within the total CD8" T-cell population
after co-culture with LNCaP cells treated with epigenetic modifying agents. Splenocytes
were co-cultured with LNCaPs in ratios of 2:1 and 1:1 PSMA27.3s tetramer* CD8* T-cell
Effector to tumor Target (E:T). In control conditions, splenocytes from unvaccinated mice
were co-cultured with LNCaPs treated with epigenetic modifying agents or HLA-I as

blocked by an anti-HLA-A,B,C blocking antibody. Error bars represent SD. * p<0.05.
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Chapter 3:

SEEMLIS: A Flexible and Semi-

Automated Method for Enrichment of
Methylated DNA from Low-input
Samples

This chapter is adapted from the following publication under review: Rodems TS, Juang
DS, Stahlfeld CN, Gilsdorf C, Krueger TE, Heninger E, Zhao SG, Sperger JM, Beebe
DJ, Haffner MC, Lang JM. SEEMLIS: A Flexible Semi-Automated Method for
Enrichment of Methylated DNA from Low-input Samples.

Contributions: Figure 3.5A was performed in collaboration with J.M.S. Figure 3.9 was
performed in collaboration with C.N.S. and C.G. All other experiments and analyses
were performed by T.S.R.
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ABSTRACT

DNA methylation alterations have emerged as hallmarks of cancer and have been
proposed as screening, prognostic, and predictive biomarkers. Traditional approaches for
methylation analysis have relied on bisulfite conversion of DNA, which can damage DNA
and is not suitable for targeted gene analysis in low-input samples. Here we have adapted
methyl-CpG binding domain protein 2 (MBD2)-based DNA enrichment for use on a semi-
automated exclusion-based sample preparation (ESP) platform for robust and scalable
enrichment of methylated DNA from low-input samples, called SEEMLIS. We show that
combining methylation-sensitive enzyme digestion with ESP-based, MBD2 enrichment
allows single gene analysis with high sensitivity for GSTP7 in highly impure,
heterogenous samples. We also show that ESP-based, MBD2 enrichment coupled with
targeted pre-amplification allows analysis of multiple genes with sensitivities approaching
the single cell level in pure samples for GSTP1 and RASSF1 and sensitivity down to 14
cells for these genes in highly impure samples. We demonstrate the potential utility of
SEEMLIS using circulating tumor cells from patients with prostate cancer. In summary,
this novel assay provides a platform for determining methylation signatures in rare cell

populations with broad implications for research and clinical applications.
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INTRODUCTION

Epigenetic modifications to DNA are fundamental to human biology, including
histone tail modifications, changes in chromatin structure, and DNA methylation. The
ability of epigenetic modifications to alter gene expression without changing the sequence
of the genome is essential to human development and disease (149). DNA methylation
in particular has been widely studied for its contributions to human development and
disease (150). DNA methylation refers to the addition of a methyl group to the fifth carbon
of the nucleotide cytosine. In humans, cytosine methylation mainly occurs at cytosines
that are 5’ to a guanine, termed CpG (46). CpG methylation contributes to gene regulation
directly by blocking binding sites of transcription factors or RNA polymerase and indirectly
by recruiting other epigenetic modifiers that promote chromatin reorganization
(46,47,151). Importantly, these changes are heritable and conserved, but can also be
plastic in nature (152,153), making them attractive targets for studying disease
progression and developing biomarkers and therapies.

DNA methylation changes are a hallmark of almost all malignancies (154). In
prostate cancer for instance, alterations in DNA methylation have been extensively
studied and have been shown to exhibit exquisite biomarker properties for early detection
and disease monitoring (77,154-158). This approach is particularly relevant since there is
a lack of recurrent genomic alterations in prostate cancer (62), with the most common
genomic alterations only occurring in ~50% of patients (64,104-106). The lack of genomic
alterations in prostate cancer generates a need for non-genomic prognostic and
predictive biomarkers. During tumor progression, specific gene promoters and CpG

islands are hypermethylated, leading to silencing of genes including tumor suppressor
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genes such as APC and RASSF1 (65,66,159). Importantly, many of these genes are
methylated in more than 75% of patients, with some genes such as GSTP1 being
methylated in over 95% of patients with prostate cancer (65). Therefore, DNA methylation
changes, especially in specific gene promoters, have the potential to be powerful
prognostic and predictive biomarkers.

An increasing number of recent studies have investigated the feasibility of using
DNA methylation signatures in DNA from liquid biopsies such as circulating tumor cells
(CTCs) and cell-free DNA (cfDNA) as prognostic and predictive biomarkers. Studies in
prostate cancer cfDNA and breast cancer cfDNA and CTCs, for example, have identified
multiple candidate biomarkers that may be useful for early detection and diagnosis (160-
163). However, robustly assessing DNA methylation changes from small amounts of DNA
remains a major technical challenge. The overwhelming majority of these studies utilize
bisulfite conversion based approaches such as methylation specific PCR (MS-PCR) or
reduced representation bisulfite sequencing (RRBS). Bisulfite conversion has been
shown to extensively damage DNA and can result in a loss of up to 90% of DNA yield
(114). Due to the limited amount of tumor DNA in liquid biopsies, bisulfite conversion-
based approaches are suboptimal and may not enable clinical diagnostic use.

To circumvent the issues that arise from bisulfite-based approaches, multiple
studies have investigated affinity enrichment-based approaches using either antibodies
or proteins that specifically bind methylated DNA. For instance, the use of 5-
methylcytosine (5mC) or 5-hydroxymethylcytosine (5hmC) antibodies has been shown to
enrich for methylated DNA from as little as 0.5ng of starting material (164,165). The

methyl-CpG binding domain (MBD) of methyl-CpG binding proteins such as MeCP2 and
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MBD2 have also been used to enrich methylated DNA (166-168). An assay termed
combination of methylated-DNA precipitation and methylation-sensitive restriction
enzymes (COMPARE-MS) employs the methyl-CpG binding domain of MBD2 (MBD2-
MBD) coupled with DNA digestion with methylation-sensitive restriction enzymes to
enrich methylated DNA in heterogenous samples. This assay was used to profile multiple
genes from 20ng of DNA from prostate cancer biopsy samples (168). Here we sought to
develop a robust and scalable enrichment platform for targeted analysis of methylated
DNA from low-input samples. We combined the strength of the COMPARE-MS assay
with semi-automated exclusion-based sample preparation (ESP) to enrich methylated
DNA from low-input samples, in an assay called SEEMLIS. We developed SEEMLIS to
enable methylated DNA analysis in low-input samples such as CTC-derived DNA.

Our lab already has a well-established platform for CTC capture, protein staining,
and nucleic acid extraction both with a handheld and a semi-automated microfluidic ESP
system (139,169,170). Both of these systems harness the rapid, gentle, and low-loss
physical characteristics of the ESP system to enable extraction of high quality DNA from
low-input samples, which can be used for virtually any DNA-based experimental endpoint.
In this study, we show that DNA extracted from this system can be used directly for DNA
methylation analysis by SEEMLIS. We validated the performance of SEEMLIS for single
gene analysis using CTCs from patients with prostate cancer as our source of low-input
target DNA. Additionally, we show that SEEMLIS followed by a pre-amplification step,
can allow methylation analysis of multiple gene targets from low cell inputs, with sensitivity

down to a single cell for certain targets in samples with low non-tumor cell contamination.
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SEEMLIS was designed for seamless integration into our CTC capture, imaging, and
nucleic acid extraction ESP-based system. However, this assay is applicable for use with
any genomic DNA source where methylation marks and genomic integrity are sufficiently
preserved. The clinical utility of this assay is far reaching, including the ability to monitor
responses to epigenetic therapies and to identify patients with specific methylation
signatures that are prognostic of disease outcomes or render them resistant or
susceptible to certain therapies. Importantly, while we have developed this system in the
context of prostate cancer, this assay is readily transferable to other types of cancer and

diseases where DNA methylation changes are of importance
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RESULTS
Range of detection of GSTP1 promoter in LNCaP DNA after digestion with a
methylation-sensitive restriction enzyme and MBD2-MBD enrichment
An overview of the SEEMLIS workflow in shown in Figure 3.1. SEEMLIS was designed
for seamless integration into our existing ESP-based CTC isolation platforms. In this
report, we will use these techniques for sample isolation, DNA extraction, and methylated
DNA enrichment where applicable. However, SEEMLIS may be performed from step 2 of
the workflow (MBD2-MBD Enrichment) with DNA isolated from samples of interest in any
way that preserves methylation and does not significantly damage or shear DNA (168).
In this study, DNA was extracted from lysed cells by magnetic silica coated beads using
ESP-based approaches, which our lab has used extensively for nucleic acid isolation
(139,170,171). To fragment DNA, a combination of methylation-sensitive and in-sensitive
restriction enzymes was used as described previously (168). The addition of a
methylation-sensitive restriction enzyme that only cuts if the restriction site is
unmethylated further reduces unspecific background signal. Tagged MBD2-MBD protein
was immobilized on cobalt coated magnetic beads to capture methylated DNA. Bead-
bound DNA is purified by automated magnetic transfer via ESP through a wash buffer
and into water for elution.

To test the range of detection for a single, methylated gene, we chose GSTP1 as
a benchmark. GSTP1 promoter hypermethylation is present in more than 95% of prostate
cancers and has previously been used in various biomarker studies (65,75,77,172).
Methylation of the repetitive element, LINE 1, was used as a positive control for successful

enrichment of methylated DNA since LINE1 is highly abundant in the human genome and
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known to be methylated in virtually all human cells (173,174). We chose to use the LNCaP
cell line as our positive sample. Bisulfite sequencing has previously been performed on
the LNCaP cell line which shows that the promoter and CpG island of GSTP1 is heavily
methylated (168,175,176). White blood cells (WBC) from healthy donors and patients with
prostate cancer were used to represent the WBC population in circulation as our negative
control. It has been previously shown that GSTP1 is hypomethylated in white blood cells
(65,177). GSTP1 primer location, genomic context, and methylation levels for LNCaP
(176,178) and WBCs (177,178) are shown in Figure 3.2. For all LNCaP and WBC
validation experiments, DNA was extracted by semi-automated ESP as described in the
methods unless otherwise indicated.

To determine the sensitivity, specificity, and range of SEEMLIS for GSTP1 in
LNCaP cells, we generated serial dilutions of LNCaP DNA at 1000, 100, 10, and 1 cell(s)
and used 1000 WBCs as a negative control. Enrichment was performed as described in
the methods and Figure 3.1. DNA was digested with Alul and Hhal restriction enzymes
prior to enrichment of methylated DNA with MBD2-MBD coated magnetic beads.
Quantitative PCR (qPCR) was performed on enriched DNA using primers for GSTP1 and
LINE1. Raw Ct values were used to create ROC curves and calculate GSTP71 and LINE1
methylation index (MI) for each dilution of LNCaP cells and WBC samples. An ROC curve
was created using all LNCaP and WBC values, which had an area under the curve (AUC)
of 0.86 (Figure 3.3A). Youden’s J statistic was used to find the optimal threshold (OT),
which resulted in 81.25% sensitivity and 85.71% specificity for methylated GSTP1 to
distinguish LNCaP from WBC. This threshold was applied to the methylation index values

calculated for each dilution of LNCaP and WBC samples (Figure 3.3B). We were able to
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detect methylated GSTP17 from LNCaP cells above the OT 8/8 times at the 1000 and 100
cell dilutions, 7/8 times at the 10 cell dilution and 3/8 times at the single cell dilution.
GSPT1 was found above the OT 4/28 times in any WBC sample. LINE1 methylation was
detected in all samples in an input dependent manner, indicating successful enrichment
of methylated DNA from all sample types (Figure 3.3B).

We also created an ROC curve using only LNCaP samples with greater than or
equal to 10 cells to demonstrate the increased sensitivity when not working with single
cell samples (Figure 3.3A). This curve results in an AUC very close to 1.0 (0.98). A similar
threshold under these conditions results in an improvement in sensitivity (95.83%), but
no improvement to specificity. The threshold determined to be optimal by Youden’s J
statistic for this sample set is more restrictive, but with higher sensitivity and specificity of
87.50% and 96.43% respectively. The ROC curve generated with data from LNCaP cell
inputs of greater than or equal to 100 cells has an AUC of 1.0 with 100% sensitivity and
specificity at the calculated optimal threshold (Figure 3.3A).

To determine the efficiency of SEEMLIS and calculate a detection limit, we plotted
the GSTP1 Ct values against LINE1 Ct values and cell input number. GSTP1 and LINE1
Ct values were positively correlated to each other across the various dilutions of LNCaP
cells (Figure 3.3C). Similar relative enrichment of GSTP71 and LINE1 in individual
enrichment reactions suggests stochastic variations in how much input DNA is added
from the serial dilutions is responsible for differences in GSTP1 enrichment from the same
dilution, rather than inefficient capture of methylated DNA. Importantly, GSTP1T is
detected in MBD2-MBD enriched LNCaP DNA in an input dependent manner, where each

10-fold dilution of starting cells results in a gain of 3.42 Ct values as determined by the
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slope of the best fit line when plotting raw Ct values vs. log cell input, resulting in an assay
efficiency of 96.06% (Figure 3.3D). The equation of the best fit line was used to calculate
a detection limit for GSTP1 in this assay based on the OT from Figure 3.3B. The detection

limit based on these values is 3 cells.

Range of detection of GSTP1 promoter in heterogenous samples after methylation-
sensitive restriction enzyme digestion and MBD2-MBD enrichment

Next, we wanted to determine range of detection of GSTP1 in samples representative of
the purity of DNA isolated from circulating tumor cells (CTCs). DNA collected form CTC
samples is often contaminated with large amounts of WBC DNA due to persistence of
WBCs in the sample even after CTC enrichment. To test the ability of SEEMLIS to detect
GSTP1 in impure, heterogenous populations, we generated contrived samples to be
representative of the purity levels we may obtain from CTC samples. We used LNCaP
cells to represent CTCs and spiked them into patient-derived WBCs. We spiked
approximately 1000, 100, 10, and 1 LNCaP cells by serial dilution into 1000 WBCs. These
spike-ins represent a range of purity levels from CTCs being 50% of the population to
“worst case scenario” purity levels, where CTCs are less than 1% of the cell population.
The input amounts are representative of the range of CTC numbers we may get from
patient samples, although we also observe higher numbers of CTCs and greater purity in
certain patients. We were able to detect methylated GSTP17 from the contrived sample
sets at similar levels as LNCaP cells alone at each dilution (Figure 3.3E). Methylated
GSTP1 was detected from LNCaP cells spiked into 1000 WBCs above the OT 4/4 times

at the 1000 LNCaP cell dilution, 3/4 times at the 10 LNCaP cell dilution and 2/4 times at
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the single LNCaP cell dilution. Detection of LINE1 methylation corresponded to the total
cell number present in the sample for each of these spike-in experiments.

We also wanted to confirm that different levels of WBCs would not introduce more
false positive GSTP1 signals compared to 1000 WBC inputs, since circulating tumor cell
samples may have varying levels of WBCs. We measured GSTP1 and LINE1 detection
in WBC inputs of 5000, 2000, 100, 10, and 1 cells to confirm that GSTP1 signal was
consistently low in various WBC input amounts (Figure 3.4). The GSTP1 signal in WBCs
did not increase significantly at inputs greater than 1000 cells. GSPT1 signal was below
the detection limit 100% of the time in dilutions lower than 1000 cells. LINE1 was detected
relative to input amount up to 2000 cells, where saturation of LINE1 signal occurred.
Therefore, in these assay conditions, interpretation of LINE1 as a readout of total cellular

level is only applicable to inputs of 2000 cells or less.

Detection of methylated GSTP1 in prostate cancer CTCs

A cohort of patients was selected to test the performance of SEEMLIS on patient CTC
samples. The samples in this cohort were collected by EpCAM positive selection following
CD45+ depletion using a handheld ESP device called the VERSA where RNA was
extracted prior to DNA extraction (171). The VERSA technology integrates multiple
analysis steps into one microfluidic device, including capture, staining, and imaging of
CTCs followed by nucleic acid extraction from the same cells. The RNA from the samples
in this cohort was used to assess gene expression of various prostate specific markers
to ensure the presence of CTCs in the sample. All samples had gene signatures that

support the presence of prostate epithelial cells by expression of multiple prostate specific
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genes (Figure 3.5A). Estimates of CTC and WBC numbers and sample purity were made
from images taken prior to nucleic acid extraction, where CTCs were considered EpCAM
and Hoechst positive and negative for WBC exclusion markers CD45, CD14, and CD44b
(Table 3.1). Sample 274 had a purity greater than 50%. Sample 411 did not have an
image available. All other samples ranged in purity from 1.0%-10.2%. CTC number
ranged from 7 to 237.

DNA obtained from the patient samples was enriched for methylated DNA by
MBD2-MBD and qPCR was performed for GSTP1 and LINE1 using the enriched DNA.
Methylation index was calculated for each sample and the OT determined for GSTP1 in
LNCaP cells was applied. We were able to detect methylated GSTP1 above the OT in
5/6 (83%) samples (Figure 3.5B). LINE1 methylation was detected in all samples
indicating methylated DNA was captured even in sample 578 where methylated GSTP1
was not detected. GSTP1 methylation index was significantly correlated to the CTC
number determined by imaging (Figure 3.5C). However, LINE1 methylation index did not
significantly correlate to total cell number. This may be due to inaccuracy in determining
total cell number from live cell images or loss of LINE1 methylation seen during prostate
cancer progression leading to LINE1 methylation levels not correlating with cell number
(67). This pilot study shows that SEEMLIS can successfully detect methylated GSTP1
from a range of input target cell numbers and sample purities for seamless integration of
targeted methylated DNA analysis into CTC capture, imaging, and gene expression

analysis to allow comprehensive biomarker evaluation.
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SEEMLIS performance without the use of a methylation-sensitive enzyme to
facilitate multiple target detection

While detection of one gene is useful in many contexts, there are myriad reasons for
wanting to detect methylation in multiple gene targets from the same low-input sample.
Splitting the sample into separate reactions for each gene is not ideal when working with
heterogenous, low-input samples. Multiplexing primers in a pre-amplification reaction
would allow analysis of multiple genes from the same limited sample, while still allowing
a single methylated DNA enrichment per sample. However, due to the complexity of
methylation patterns in each different gene region that we may want to include, the use
of a methylation-sensitive enzyme in the assay poses a problem.

A methylation-sensitive enzyme will cut at its restriction site only if the DNA is
unmethylated. Designing primers that contain this restriction site can improve background
from non-specifically captured DNA by preventing amplification during gPCR. However,
in the context of evaluating methylation at multiple targets in low-input samples, each
restriction site for this enzyme is required to be methylated in each gene in the list of
targets to be analyzed. While the use of the methylation-sensitive enzyme is beneficial
for reducing the amount of background unmethylated target DNA, finding a methylation-
sensitive restriction enzyme that is compatible with each region of interest becomes
prohibitively difficult as the number of targets increases. Therefore, depending on the
chosen genes, it may be necessary to use only non-methylation-sensitive restriction

enzymes for detection in the same low-input sample.
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We tested the effect of not using a methylation-sensitive enzyme on GSTP1 detection in
LNCaP and WBCs pre- and post-MBD2-MBD enrichment (Figure 3.6). Samples were
digested with the methylation-sensitive enzyme, Hhal or the non-methylation-sensitive
enzyme, HpyCH4V. All samples were also digested with the non-methylation-sensitive
enzyme Alul. We chose to add an additional non-methylation-sensitive enzyme to replace
Hhal to increase the number of cut sites in our target regions. This ensures that the
fragments are small enough to mitigate false positives from enrichment of methylated
regions far away from the primer site. We found that while the use of the methylation-
sensitive enzyme reduces signal from WBCs, the signal without the enzyme is still low
enough to warrant use in heterogenous populations, if we apply a higher limit of detection
to limit false positives. The combination of enzyme types should be empirically
determined by the researcher for each application of this assay based on the desired

target regions.

Detection of multiple targets by pre-amplification of MBD2-MBD enriched DNA

In order to detect methylation at multiple genes from low cell input samples, we tested the
addition of a pre-amplification step prior to qPCR. We used the TagMan system for
targeted pre-amplification, which amplifies pre-selected targets with the same probes
used in subsequent qPCR-based analysis. We chose this targeted method for pre-
amplification rather than a traditional whole genome amplification (WGA) method for its
speed, reduced hands-on time, and flexibility. Additionally, because we are analyzing a
known subset of genes, amplifying the entire genome increases the risk of unpredictable

biased amplification, which may be exacerbated by the uneven fragment lengths
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produced by restriction enzyme digestion. We have published multiple studies using the
TagMan system of pre-amplification for gene expression and have done extensive testing
in this context to ensure pre-amplification is not affecting the results of our experiments
(139,171,179). In order to determine that the pattern and amount of pre-amplification of
our DNA primers is similar across our genes of interest, we compared Ct values for each
primer set using 5ng and 0.5ng of pre-amplified and unamplified LNCaP DNA (Figure
3.7A). The amplification pattern is similar across all primer sets after pre-amplification and
at different starting concentrations. GSTP1 gained approximately 10 Ct values. RASSF1,
APC, and RARB gained approximately 12 Ct values.

To test the performance of SEEMLIS with the pre-amplification step included, we
generated serial dilutions of 1000, 100, 10, and 1 LNCaP cell(s) and used 1000 and 100
patient-derived WBCs as a negative control. We also spiked 1000, 100, 10, and 1 LNCaP
cell(s) into 1000 patient-derived WBCs to mimic CTC samples. The samples were
enriched for methylated DNA by MBD2-MBD capture. The enriched DNA was then placed
directly into a pre-amplification reaction. We included primers for four genes in the pre-
amplification pool (RASSF1, APC, RARB and GSTP1) which have previously been
identified as being methylated in a large percentage of prostate cancers (65). Primer
locations, genomic context, and methylation level determined by whole genome bisulfite
sequencing in LNCaP (176) and WBCs (177) are shown in Figure 3.2. It is important to
note that RARB is methylated at a low level in WBCs, which is likely to result in a more
restrictive detection limit for this gene. LINE1 was left out of the pre-amplification pool
because it is abundant enough to be detected in samples that have been diluted after the

pre-amplification without pre-amplification of LINE1 itself. Pre-amplified DNA was then
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diluted 1:5 and qPCR was performed for GSTP1, RASSF1, APC, RARB, and LINE1. Ct
values from all LNCaP and WBC samples, excluding spike in samples, were plotted
together for each gene to determine cut off Ct values to be used for methylation index
calculations, as described in more detail in the Methods (Figure 3.7B). Ct values from the
1000 cell WBC samples and LNCaP samples of 10 cells or greater were used to create
ROC curves for each gene (Figure 3.8A). The 1 cell LNCaP dilution samples were not
included in the ROC curves because of the increased background we expected from not
using a methylation-sensitive enzyme for digestion. The AUCs for GSTP1, RASSF1,
APC, and RARB were 0.88, 0.84, 0.83, and 0.67 respectively. Youden’s J statistic was
used to find the OT for each gene, which are listed in Figure 3.8A.

Methylation index was calculated for each gene as described in the Methods
section for pre-amplified samples and the OTs calculated for each gene in Figure 3A were
applied (Figure 3.8B). We were able to detect methylated GSTP71 and RASSF1 from
LNCaP cells above the OT 4/4 times at the 1000 and 100 cell dilutions and 2/4 times at
the 10 cell dilution. We were able to detect methylated APC above the OT 4/4 times at
the 1000 and 100 cell dilutions and 1/4 times at the 10 cell dilution. RARB was only
detected above the optimal threshold 4/4 times at the 1000 cell dilution and 2/4 times at
the 100 cell dilution. GSTP1, RASSF1, and APC were detected above the OT 4/4 times
at the 1000 and 100 cell dilutions for the spike in samples. RARB was detected above the
OT 4/4 times at the 1000 cell dilution and 3/4 times at the 100 cell dilution. Only RASSF1
was ever detected above the optimal threshold at the 10 cell dilution for the spike-in
samples (1/4 times). As expected, we were not able to detect any gene above the optimal

thresholds at the 1 cell dilution for LNCaP alone or the spike-in samples. LINE1
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methylation was detected at all dilutions in all samples in a dilution dependent manner.
LINE1 Ct values were significantly positively correlated with Ct values for each gene
(Figure 3.8C). Methylated DNA was enriched in an input dependent manner for inputs of
1000, 100, and 10 cells for each gene, with efficiencies for GSTP1, RASSF1, APC, and
RARB of 87%, 101%, 92%, and 122% respectively (Figure 3.8D). Undetected samples
were excluded from efficiency analyses. Detection limits listed in Figure 3.8A were
calculated based on the OT using the equation of the best fit line determined by plotting
Ct values vs. cell input (Figure 3.8D). GSTP1 and RASSF1 had a detection limit of 14
cells while APC and RARB had detection limits of 24 and 152 cells respectively.

We also performed SEEMLIS on 100 WBCs in addition to 1000 WBCs to see if
lowering the amount of background cells would reduce background signal (Figure 3.8B).
The GSTP1 and RASSF1 signals from 100 WBCs were reduced to effectively 0. APC
signal was reduced to the equivalent level of a single LNCaP cell. RARB signal was not
reduced between 1000 and 100 WBCs. These results indicate that reducing the amount
of background WBCs in the sample may lower the threshold enough to approach single

cell sensitivity for certain genes.

Detection of multiple targets in pre-amplified MBD2-MBD enriched DNA from cells
isolated by single cell aspiration

These data suggest that the lack of a methylation-sensitive enzyme and addition of a pre-
amplification step can allow us to look at multiple gene targets in CTC samples where
WBCs are present, but only in certain high purity or high CTC-burden samples. In order

to look at multiple gene targets in samples where purity or CTC-burden is low, further
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purification steps are warranted. One way to achieve 100% CTC purity is to use a single-
cell aspirator to select only CTCs or only WBCs. We tested the feasibility of this by using
a semi-automated single cell aspirator (SASCA) developed in our lab (180). We tested
the feasibility of this in 3 prostate cancer CTC samples that were first enriched for EpCAM
positive cells as well as LNCaPs and WBCs as positive and negative controls
respectively. An example image of a single WBC in the single cell aspirator microarray is
shown in Figure 3.10A. We aspirated 2-3 groups of approximately 10-15 CTCs, LNCaP
cells,, and WBCs. We then performed SEEMLIS without the use of a methylation-
sensitive enzyme with the pre-amplification step included on each of these samples.
Methylation index was calculated for each gene in each group (Figure 3.9B). We were
able to detect LINE1 from each sample at comparable levels to each other and to our 10
cell dilution samples in Figure 3.8. We were able to detect GSTP1 from 1 LNCaP sample
and in 1 CTC group from Pt. 1. RASSF1 was detected in both LNCaP control groups as
well as 2/2 CTC groups from patient 1 and 2/3 CTC groups from patient 2. APC was
detected in 1/2 LNCaP groups, but was not detected in any CTC groups. RARB was
detected in all CTC groups from Patients 2 and 3 and in 1/2 CTC groups from patient 3.
None of the genes, apart from LINE1, were detected in the aspirated WBC group.
Generating pure samples by single cell aspiration allowed us to perform a multiplexed
analysis of methylation signatures in prostate cancer CTCs. These data demonstrate the

utility of this assay for targeted methylation analysis in CTCs and other low-input samples.
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DISCUSSION

Analyzing epigenetic signatures in low-input samples such as DNA derived from liquid
biopsies has been an on-going challenge. Most techniques that measure DNA
methylation rely on bisulfite conversion of DNA, which can lead to extensive damage of
input material. This problem necessitates large input amounts, or reduces sensitivity such
that targeted analysis of specific regions is not reliable. This loss of sensitivity is especially
true in heterogenous samples due to the increased need for assay sensitivity to
distinguish target DNA from background DNA. The assay presented here uses MBD2-
MBD enrichment of methylated DNA in a semi-automated ESP based system to support
targeted DNA methylation analysis in low-input samples without chemical DNA alteration
or lengthy protocols.

While we have developed SEEMLIS in the context of prostate cancer and
specifically with CTC biomarker development in mind, this assay is readily transferable
for targeted methylation analysis and biomarker development in any disease state,
including blood and solid tumors and non-cancer diseases. This assay also provides a
method for analysis of single cell heterogeneity, which may be useful not only for research
in disease progression, but also for non-disease states such as development and cellular
differentiation.

SEEMLIS also lends itself to further downstream applications such as sequencing
the MBD2-MBD captured DNA (MBD-seq) and we are currently exploring this endpoint.
There have been multiple studies that have performed reduced representation bisulfite
sequencing (RRBS) from low-input samples including single cells, but this necessitates

using sequencing methods that even further reduce sequence representation than when
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performed with thousands of cells (181,182). Furthermore, because the damage caused
by bisulfite conversion is a random event, analysis of specific gene loci at the single cell
level is reliant on chance that the site of interest remains intact, is converted efficiently,
and is able to be mapped successfully post-sequencing. This assay provides a way to
alleviate some of these challenges by enabling enrichment of methylated DNA from low-
input samples without chemically altering or damaging the DNA. While previous studies
have demonstrated success in MBD-seq on samples inputs as low as 5ng (183), we
anticipate that our semi-automated capture assay will be able to lower the minimum input
even further based on the results in this study, especially in pure samples. As such, the
clinical and research utility of this technique is incredibly far-reaching.

A limitation of capture-based assays such as this one is the lack of single
nucleotide resolution. As of now, bisulfite or enzymatic based conversion techniques must
be used in order to achieve this level of resolution. However, resolution at the single base
level is often not needed for clinical tests or to understand the contribution of DNA
methylation to disease progression or heterogeneity. SEEMLIS is not meant to reveal the
transcriptional nuances that may arise from alterations in methylation at specific CpG
sites, but rather is designed to sensitively and specifically identify regions of DNA
methylation in low-input samples. Identification of differences in methylated regions by
this assay may then lead to more in depth, higher resolution studies of DNA from larger
samples.

This adaptability of SEEMLIS to many research-based and clinical needs,
including highly sensitive, single gene analysis and analysis of multiple genes from single

or multiple cells, makes it an exciting tool for methylation analysis in various settings. The
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ability to quickly and reliably analyze epigenetic biomarkers is important for researchers
and clinicians due to revelations over the last few decades on epigenetic influence on

development and disease.
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MATERIALS AND METHODS

Cells for Assay Validation

LNCaP cells (ATCC) were a gift from Dr. David Jarrard and were cultured in RPMI
medium (Corning) supplemented with 10% fetal bovine serum and 1%
penicillin/streptomycin (HyClone). LNCaP cells were harvested when confluent and
frozen in aliquots in growth medium plus 10% DMSO (Fisher Scientific) at -80° C and
quick thawed for use in assay validations experiments. White blood cells (WBCs) for
assay validation experiments were derived from healthy donor blood or from the blood of
a patient with prostate cancer. WBCs were selected on CD45 positivity using magnetic
LS MACS columns (Miltenyi). WBCs were frozen in aliquots in PBS plus 10% DMSO

(Fisher Scientific) at -80° C and quick thawed for use in assay validations experiments.

DNA Extraction

Semi-automated DNA extraction was performed on a Gilson PIPETMAX liquid handling
robot enabled for exclusion-based sample preparation (ESP), termed EXTRACTMAX
(184). LiDS buffer (90mM Tris-HCL, 500mM lithium chloride, 1% Igepal CA-630, 10mM
EDTA, 1mM dithiothreitol) and MagneSil Paramagnetic Particles (PMPs) (Promega)
resuspended in GTC buffer (10 mM Tris-HCI, 6 M guanidinium thiocyanate, 0.1 % Igepal
CA-630, pH 7.5) are added to the EXTRACTMAX extraction microplate (Gilson) by the
robot. Cells were added to the microplate well containing LiDS, GTC, and MagneSil beads
and mixed by the robot. Cells were allowed to lyse and DNA was allowed to bind to
MagneSil PMPs for 5 minutes. The robot then transferred the MagneSil PMPs with bound

DNA by exclusive liquid repellency (ELR) through one PBST (PBS containing 0.1%
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Tween-20) wash, one PBS wash, and into water for elution. Beads were manually
resuspended in the elution well and allowed to elute for 2 minutes. The MagneSil PMPs
are magnetically transferred out of the elution well, leaving eluted DNA in water. LNCaP
and WBC DNA for restriction enzyme and primer pre-amplification validation experiments
was extracted using the AllPrep DNA/RNA mini kit (Qiagen) according to manufacturer’s

instructions.

Restriction Enzyme Digestion

DNA is digested using 1 pL of each chosen restriction enzyme (Alul at 10 units/uL, Hhal
at 20 units/uL, and/or HpyCH4V at 5 units/uL; NEB) in 20 pL reactions containing 1x
CutSmart Buffer (NEB) for 15 minutes at 37 °C followed by enzyme inactivation for 20

minutes at 80 °C.

Methylated DNA Enrichment

25 pL of TALON magnetic beads (Takara) were washed 3x with 100 uL 1x Binding Buffer
(BB) (4% glycerol, 1 mM MgCl., 0.5 mM EDTA, 120 mM NaCl, 2 mM Tris-HCI pH 7.4,
0.2% Tween-20, and 0.5mM DTT). Washed beads were resuspended in 100 yL MBD2-
MBD Coupling Buffer (1x BB, 1x Halt protease inhibitor cocktail (Thermo Scientific), 500
ng Unmethylated Lambda DNA (Promega), 5 pyL tagged MBD2-MBD (EpiXplore Kit,
Takara)) and placed on shaker at RT for 1 hour to bind MBD2-MBD to the TALON beads.
MBD2-MBD bound beads were washed 3x with 100 uL 1x BB and resuspended in 88 L
1x BB with 1x Halt protease inhibitor cocktail and added to 20 pL restriction enzyme

digested DNA in 200 uL PCR tubes. This reaction was placed on a shaker at RT for 3
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hours to bind methylated DNA to MBD2-MBD conjugated TALON beads. PCR tubes were
placed onto the Gilson PIPETMAX liquid handling robot (EXTRACTMAN system enabled
for ESP as previously described (184)) for washing and elution steps. The robot
transferred the whole volume from the PCR tubes onto the EXTRACTMAX extraction
microplate (Gilson) and then magnetically transferred the TALON beads through a wash
containing 1x BB with 1x Halt protease inhibitor cocktail and into water for elution. The
whole elution volume including beads was manually pipetted into new 200 uL PCR tubes
and placed in a thermocycler at 95°C for 15 minutes to ensure complete elution of
methylated DNA. If pre-amplification of captured DNA was being performed, the elution
volume was manually pipetted into new 200 pL PCR tubes containing the pre-
amplification reaction mix and placed directly into the thermocycler under pre-
amplification cycling conditions. The resulting eluate was used in downstream

applications. Volumes indicated are per reaction.

Quantitative Real Time PCR and Pre-amplification

Quantitative PCR was performed using TagMan hydrolysis probes (Applied Biosystems)
and iTaq Universal Probes Supermix (Bio-Rad). Custom primer pairs and FAM dye-
labeled TagMan MGB probes were used for methylation analysis. Primer and probe
sequences are listed in Table 3.2. Commercially available probes from Applied
Biosystems were used for gene expression analysis for AR_Total (Hs00907242_m1),
TMPRSS2 (Hs01120965_m1), KLK2 (Hs_00428383 _m1), FOLH1 (Hs00379515_m1),
NKX3.1(Hs00171834_m1), POLR2A (Hs00172187_m1), and RPLPO (4333761F).

Cycling conditions: 5 minutes at 95 °C for initial denaturation and enzyme activation
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followed by 45 amplification cycles of 5 seconds at 95 °C and 30 seconds at 60 °C. Pre-
amplification was performed using custom hydrolysis probes and TagMan PreAmp
Master Mix (Applied Biosystems) when indicated according to manufacturer
specifications. Cycling conditions: 10 minutes at 95 °C for enzyme activation followed by
14 cycles of 95 °C for 15 seconds and 60 °C for 4 minutes. Pre-amplified samples were

diluted 1:5 with TE buffer.

Single Cell Aspiration

For LNCaP and WBC aspiration, cells were first diluted to 100 cells/ul with PBS. For CTC
aspiration, CTCs were first enriched using the VERSA platform as described above were
stained in the VERSA with Hoechst 33342 (Thermo Fisher) and anti-bodies to EpCAM
conjugated to PE (Abcam) and exclusion markers: CD27, CD45, CD34, and CD11b each
conjugated to AlexaFluor 647 (BioLegend). Single cell aspiration was performed using a
custom semiautomated single-cell aspirator (SASCA) platform as previously described
(180). PDMS microarrays were prepared as previously described and adhered to a
cleaned glass microscope slide. For diluted LNCaP and WBC samples, 6 pl cells were
seeded for a total of ~600 cells per microarray. Stained CTC samples were seeded
directly from the VERSA into the microarray. The microarray was imaged on a Nikon Ti-
E Eclipse inverted fluorescent microscope, and target cells were identified by phenotypic
staining analysis for CTCs or brightfield imaging for LNCaP and WBC control groups.
CTCs were identified as EpCAM positive, exclusion (CD45/CD34/CD11b/CD27) negative
cells, whereas WBCs were classified as EpCAM negative, exclusion positive cells.

Groups of 10-15 CTCs, LNCaPs, and WBCs were aspirated from microwells and
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dispensed directly into 10 yL PBS in the extraction plate for DNA extraction. Images of
the microarray were analyzed using NIS Elements AR Microscope Imaging Software
(NIS-Elements, RRID:SCR_014329) to obtain HLA-I mean fluorescent intensity (MFI)

values.

Whole Blood Processing and CTC Capture

Blood is collected and processed as previously described (171,185). Briefly, whole blood
collected by venipuncture into EDTA tubes was separated by centrifugation with Ficoll-
Paque PLUS (Fisher Scientific). The layer containing mononucleated cells was depleted
of CD45+ cells by magnetic LS MACS columns (Miltenyi). CTCs were isolated using an
anti-EpCAM goat polyclonal antibody (R&D Systems). RNA was isolated using oligo (dT)
Dynabeads (Invitrogen) and DNA was isolated using MagneSil Paramagnetic Particles

(PMPs) (Promega) as previously described (170).

Methylation Index Calculation
Methylation Index (MI) was calculated by the delta Ct method using the max cycle value

(MCV) as the “control” Ct value:

Methylation Index= 2 (¢tMCV)
MCYV for GSTP1 (no pre-amplification) is 45. Unamplified wells were given the MCV as
their Ct value for analysis. Ml of 1 is then interpreted as no enrichment of methylated DNA
for the target. MCV for each gene for pre-amplified samples was assigned for each gene

by determining a Ct cutoff where serially diluted replicates are no longer reliably detected

or where clustering of negative controls is seen (Figure 3.7B). MCV for pre-amplified
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GSTP1 was set at 35. MCV for pre-amplified RASSF1 was set at 33, APC at 28, and

RARB at 30. MCV for LINE1 in either condition is 45.

Statistical Analysis

Receiver operator characteristic (ROC) curves were generated for each gene using Prism
8 (GraphPad) by plotting sensitivity vs. 100-specificity for the raw Ct values of LNCaP
(true positive) and WBC (true negative). Optimal Threshold (OT) values were determined
using Youden’s J Statistic which is defined as the maximum value achieved from
subtracting 100 from the sum of the sensitivity and 100-specificity values (in
percentages). The associated Ct value was then converted into a methylation index (MI)
using the MCYV for each gene as described in the methods. Area under the curve (AUC)
with 95% confidence intervals were found and reported, which indicate the probability that
a randomly selected true positive sample will have a greater Ml value than a randomly
selected true negative sample. Simple linear regression and semi-log non-linear fit
analyses were performed in Prism 8 and r, R? and slope are reported where relevant to
data interpretation. Assay efficiencies (E) were calculated using slopes of best fit lines

when comparing raw Ct values to log cell input as follows:

1
E= -1+107Slope

All error bars represent SEM.
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Table 3.1. CTC, WBC, and Total Cell Counts for Patient Samples

Patient # CTCs WBCs Total Cells  Purity (%)
274 237 242 479 49.5
408 72 1355 1427 5.0
581 7 238 245 2.9
411 NA NA NA NA
501 28 2783 2811 1.0

578 9 79 88 10.2



Table 3.2. Custom TagMan probe sequences for DNA methylation analysis

Gene Primer Sequence (5'- 3")
Fwd TTCGCTGCGCACACTTC
GSTP1 | probe CGGTCCTCTTCCTGCTGTCTGTTT
Rev CTTTCCCTCTTTCCCAGGTC
Fwd CCTCCAGAAACACGGGTA
RASSF1 | probe TTTGCGGTCGCCGTCGTTGT
Rev CTTCCTTCCCTCCTTCGTC
Fwd TTATTACTCTCCCTCCCACCTC
APC Probe TCTTGTGCTAATCCTTCTGCCCTGC
Rev TGGCAGTTGACACGCATAG
Fwd GAAGGAGAACTTGGGATCTT
RARB | prope CTAACCGGCTCGTTCGGACCTTT
Rev AGCCTGTAATTGATCCAAATGA
Fwd CGCAGGCCAGTGTGTGT
LINET | prope CCGTGCGCAAGCCGA
Rev TCCCAGGTGAGGCAATGC

104



Figure 3.1. SEEMLIS workflow.
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Figure 3.1. SEEMLIS workflow. Samples are pre-processed to enrich for circulating
tumor cells. CTCs are captured by methods including ESP-based enrichment and single
cell aspiration. Genomic DNA is extracted using ESP-based methods. Genomic DNA is
digested with restriction enzymes and enriched using MBD2-MBD bound magnetic
beads. Methylated DNA is washed and eluted on a semi-automated ESP-based system

and used in downstream applications such as gPCR.
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Figure 3.2. Primer locations and genomic context for GSTP1, RASSF1, APC, and
RARB.
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Figure 3.2. Primer locations and genomic context for GSTP1, RASSF1, APC, and
RARB. Forward and reverse primer locations are shown for each gene (red arrows). The
boxes encompassing the red arrows represent the location on either side of the amplicon
where the closest restriction enzyme cut site for any of the enzymes used in the assay
will cut. Lightning bolts are locations of methylation-sensitive restriction enzyme cut sites
in GSTP1. Genomic context for each gene was generated using the UCSC genome
browser using the GRCh37/hg19 genome. The locations of the CpG island for each gene
if present is indicated by the green bar with the total number of CpG dinucleotides in the
whole CpG island (not only what is present in image) indicated. LNCaP and WBC (PBMC)
methylation data performed by whole genome bisulfite sequencing from studies deposited

into the UCSC genome browser is shown by vertical gold bars (176-178).
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Figure 3.3. Range of detection of GSTP71 promoter in MBD2-MBD enriched DNA.
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Figure 3.3. Range of detection of GSTP1 promoter in MBD2-MBD enriched DNA.
Methylated DNA was enriched by MBD2-MBD capture from DNA extracted from serially
diluted LNCaP cells (n=8 per dilution) and 1000 patient-derived (n=10) or healthy donor
(HD) (n=18) white blood cells (WBCs). Quantitative RT-PCR for GSTP1 and LINE1 was
performed using enriched methylated DNA. A) ROC curves were generated for all LNCaP
samples compared to all WBC samples (greater than or equal to 1 cell), only WBC
samples greater than or equal to 100 cells, or only WBC samples greater than or equal
to 10 cells. Area under the curve (AUC) with 95% confidence interval is indicated. Optimal
threshold (OT) values determined by Youden’s J statistic are listed with their associated
sensitivity and specificity values. Detection limit was calculating using the slope of the
best fit line of GSTP1 Ct values plotted against cell input. B) Relative methylation was
calculated by delta Ct relative to a max cycle value (MCV) of 45 with all undetected
samples set to a Ct value of 45 for analysis. Optimal threshold as determined by ROC
curve is shown as a dotted line. Each dot represents an individual sample taken from a
pool of cells diluted to the indicated concentration. C) LINE1 and GSTP1 Ct values were
plotted against each other for all LNCaP samples. A simple linear regression was
performed to determine the best fit line and 95% confidence interval for that line (shaded
region). R and R? values are listed for the correlation. D) GSTP1 Ct values were averaged
for each cell input and plotted against the cell input values. A semi-log non-linear fit was
performed to determine the best fit line and the slope of the best of fit line (-3.42). Each
ten-fold dilution of input should result in a gain of 3.32 Ct values, giving a slope of -3.32

for a perfect assay (100% efficiency). E) Relative methylation for serially diluted LNCaP
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cells spiked into 1000 WBCs from a patient (n=8) is shown. Performed as described

above for (B). All error bars represent standard error of the mean (SEM).
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Figure 3.4. Detection of GSTP1 promoter in additional dilutions of WBCs and limit
of LINE1 detection.
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Figure 3.4. Detection of GSTP1 promoter in additional dilutions of WBCs and Imit
of LINE1 detection. Additional dilutions of WBCs of 5000, 2000, 100, 10, and 1 cell(s)
were created to determine the background GSTP1 level and upper range of detection
for the assay based on LINE1 detection. GSTP1 detection was not increased in larger
dilutions compared to 1000 cells and was under the OT (dotted line) for all dilutions
lower than 1000. LINE1 values were dilution dependent for the 100, 10, and 1 cell(s)

dilutions. The upper limit of range of detection is approximately 2000 cells.
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Figure 3.5. Detection of GSTP1 promoter in MBD2-MBD enriched DNA from
prostate cancer CTCs.

A 33 B
g 8 e
ol § = .4,GSTP1 = 47, LINE1
Patient# & E g =10 s 10
oy 3 106
274 ) ) $ 105
408 210 g
c < 10
581 5 510
411 S 10" I B L ... 5 492
> >
501 2 Z 10t
D ]
578 = 100 = 10°
Gene Expressi 8 s =35 R ]
ene eExpression
Wltish Il Medium  [llLow ¥ B ¥ b B -
Patient Number Patient Number
GSTP1 LINE1
103 Patient Samples = 107 Patient Samples
E £ 105 ess ® 501
X
) D 1054e
2 578
2 274 k-]
E 10 £ 10 ® 274 ® 408
c c
§ 531 § 1w
=
g 0 % r=0.97 8 42
s R2=0.94 £ o
2 =0.0062 ]
s 78 P = 0
0 50 100 150 200 250 0 1000 2000 3000

Number of CTCs Total Cells



115

Figure 3.5: Detection of GSTP1 promoter in MBD2-MBD enriched DNA from
prostate cancer CTCs. Circulating tumor cells (CTCs) were enriched by positive
selection for EpCAM using ESP. RNA and DNA were extracted from the EpCAM selected
population following live cell, on chip imaging of selected cells. A) Gene expression was
determined by gPCR for the indicated genes. Raw Ct values were used to create the heat
map. Heat map intensity is determined separately for each gene and comparisons can
be made within each column, but not across rows. B) DNA extracted from the enriched
population was digested with Alul and Hhal restriction enzymes prior to enrichment of
methylated DNA by MBD2-MBD. gPCR was performed for GSTP1 and LINE1 using the
enriched methylated DNA. Relative methylation was calculated by delta Ct relative to a
max cycle limit of 45 with all undetected samples (ND) set to a Ct value of 45 for analysis.
Optimal threshold for GSTP1 is shown as a dotted line. C) Relative methylation for GSTP1
and LINE1 is plotted against the number of CTCs (GSTP17) or total number of cells
(LINET). A semi-log non-linear fit was performed to determine the best fit line. GSTP1 is

positively correlated to CTC number with an R? value of 0.94 and p value of 0.0062.
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Figure 3.6. Effect of non-methylation-sensitive enzyme digestion on GSTP1
enrichment. 5ng of LNCaP or WBC DNA was digested with Alul and either Hhal or
HpyCH4V. Half of the samples were then enriched for methylated DNA. gPCR for
GSTP1 was performed on the digested and enriched DNA. Relative amplification of
GSTP1 is shown for each condition. Optimal threshold for GSTP1 is shown as a dotted

line.
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Figure 3.7. Analysis of pre-amplification for GSTP1, RASSF1, APC, and RARB.
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Figure 3.7. Analysis of pre-amplification for GSTP1, RASSF1, APC, and RARB. A)
5ng and 0.5ng of LNCaP DNA was digested with Alul and Hhal. Digested DNA was then
pre-amplified with primers to the indicated genes. gPCR was performed on pre-amplified
(Pre-Amp) and non-pre-amplified (Input) DNA. Ct values are shown for each condition
with standard deviation of triplicate qPCR wells shown. B) Ct values for SEEMLIS
enriched methylated DNA from serial dilutions of LNCaP DNA and 1000 WBCs were
plotted for each gene to determine max cycle value (MCV) cut off Ct value. Dotted lines

indicate the determined cut off for each gene as labeled.
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Figure 3.8. Detection of multiple genes from MBD2-MBD enriched DNA.
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Figure 3.8. Detection of multiple genes from MBD2-MBD enriched DNA. Methylated
DNA was enriched by MBD2-MBD capture from DNA extracted from serially diluted
LNCaP cells (n=4 per dilution), 1000 (n=16) and 100 (n=8) patient-derived WBCs, and
serially diluted LNCaP cells spiked into 1000 patient-derived WBCs (n=4 per dilution).
Enriched methylated DNA was pre-amplified with probes to the indicated genes
(excluding LINE1). Pre-amplified DNA was diluted 1:5 and gPCR was performed with the
same probes, including LINE1. A) For each gene, ROC curves for WBC samples of 1000
cells and LNCaP samples of 1000, 100, or 10 cells were created. Area under the curve
(AUC) with 95% confidence interval is indicated. Optimal threshold (OT) values
determined by Youden’s J statistic are listed with their associated sensitivity and
specificity values. Detection limit was calculating using the slope of the best fit line of Ct
values plotted against cell input (D). B) Relative methylation was calculated by delta Ct
relative to a max cycles value (MCV) of 35 (GSTP1), 33 (RASSF1, APC, RARB), or 45
(LINET) with all undetected samples set to the corresponding MCV for analysis. Optimal
threshold as determined by ROC curve is shown as a dotted line. Each dot represents an
individual sample taken from a pool of cells at the indicated concentration. C) Ct values
for LINE1 vs. Ct values for each gene were plotted against each other for LNCaP samples
of 1000, 100, 10, and 1 cell(s). A simple linear regression was performed to determine
the best fit line and 95% confidence interval for that line (shaded region). R and R? values
are listed for the correlation. Each gene was significantly correlated to LINE1 values with
p values <0.0001. D) Ct values were averaged for each cell input and plotted against the

cell input values. A semi-log non-linear fit was performed to determine the best fit line and
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the slope of the best of fit line, which are indicated in parentheses for each gene. All error

bars represent standard error of the mean (SEM).
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Figure 3.9. Detection of multiple genes in MBD2-enriched DNA from cells purified

by single cell aspiration.
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Figure 3.9. Detection of multiple genes in MBD2-enriched DNA from cells purified
by single cell aspiration. A) Example image of WBCs seeded into microarray for
single cell aspiration. Zoomed image is showing a single microwell within the microarray
containing a single WBC. B) Methylation index for GSTP1, RASSF1, APC, RARB, and
LINE1 in groups of cells collected by single cell aspiration. Each dot represents a group

of 10-15 cells that were aspirated, pooled, and processed with SEEMLIS.
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Chapter 4.

HLA-I as a potential biomarker in
circulating tumor cells

This chapter is adapted from the following manuscript in preparation: Rodems TS,
Heninger E, Stahlfeld CN, Gilsdorf C, Carlson K, Kircher MR, Beebe DJ, McNeel DG,
Haffner MC, Lang JM. Targetable epigenetic alterations regulate class | HLA loss in
prostate cancer.

Contributions: Figure 4.1A was performed in collaboration with E.H. and K.C. Figure 4.4
was performed in collaboration with C.N.S. and C.G. All other experiments and
analyses were performed by T.S.R.
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ABSTRACT

Personalized medicine has long been a goal of the oncology community. Using
biomarkers to identify patients who would or would not benefit from therapies ensures
that patients are not subjected to painful, expensive, and time-consuming treatments that
are not effective. In prostate cancer, the hunt for biomarkers has been met with limited
success. Part of the lack of robust biomarkers in prostate cancer is the lack of common
genomic alterations present in prostate cancer. The most common genomic alterations
are only present in half the patient population. On the other hand, epigenetic alterations
have been found to be much more common in prostate cancer. For example, DNA
methylation in the promoter of GSPT1 and RASSF1 is present in more than 90% of
human prostate cancer. Our studies in this thesis suggest that methylated HLA-I may
have utility as a biomarker to identify patients who may benefit from epigenetic therapies
either alone or in combination with immunotherapies that rely on HLA-I expression. We
have developed a method to assess DNA methylation signatures in low-input samples,
including circulating tumor cells (CTCs), called SEEMLIS and descried in Chapter 3 of
this thesis. Here, we use SEEMLIS to detect HLA-I methylation in CTCs from patients
with prostate cancer. We found that HLA-I was able to be detected in CTCs with low HLA-
| expression. This provides a foundation for future biomarker development and studies on

HLA-I DNA methylation | circulation during cancer progression.
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INTRODUCTION

The World Health Organization defines a biomarker as “any substance, structure or
process that can be measured in the body or its products and influence or predict the
incidence of outcome or disease” (186). The National Institutes of Health has published
official definitions for multiple different types of biomarkers including diagnostic,
predicative, prognostic, safety, susceptibility, and pharmacodynamic (187). Biomarkers
are varied in nature, ranging from phenotypic to genomic to measures of whole-body
system processes. The development of more and better biomarkers will help shape the
future of personalized medicine.

Biomarkers have been of particular use in cancer, especially because of the
heterogenous nature of human cancer biology and treatment response. Existing and well-
known biomarkers include the BRCA genes as susceptibility biomarkers of breast cancer,
HER2 as a predictive biomarker for response to HER2-targeted therapies, and PSA as a
prognostic biomarker for prostate cancer progression (187). While some biomarkers have
proven to be extremely useful in the clinic, other biomarkers have been met with
worrisome issues often relating to heterogeneity in patient disease. Therefore, novel
biomarkers in cancer are continually being sought after.

One of the most well-known biomarkers, PSA, is a liquid biomarker in prostate
cancer. PSA has been reported to have both diagnostic and prognostic uses, however,
PSA has been criticized for its lack of sensitivity and specificity, especially for diagnosis
(188). Genomic alterations such as AR amplification and TMPRSS2-ERG fusion events
have also been proposed as biomarkers in prostate cancer (105,106,189,190). However,

the search for other genomic biomarkers has been limited, partly due to the infrequent
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nature of genomic alterations in prostate cancer (62). Therefore, there is a need for better
biomarkers in the clinic. Epigenetic biomarkers have been proposed as alternatives.
Certain methylation events, including GSTP1, RASSF1, APC, and RARB, can be
identified in more than 80% of patients with prostate cancer and combinations of common
epigenetic markers are being investigated for their diagnostic and prognostic potential
(65,75-77,157,158,172,191). Identification of methylation signatures in HLA-I in Chapter
2 lead us to hypothesize that methylated HLA-I may have utility as a biomarker in prostate
cancer.

The ability to measure HLA-I methylation in tumors is the first step in determining
the efficacy of epigenetically silenced HLA-I as a biomarker in patients with prostate
cancer. Evaluating primary tumor biopsies is typically limited to single snapshot of early
disease biology due to patients receiving prostatectomy as typical first line therapy.
Metastatic biopsies require painful and invasive procedures and are generally not
repeatable. Liquid biopsies, including blood, urine, and lymph, represent a minimally
invasive alternative to traditional solid biopsy sources of tumor material (110). Liquid
biopsies can also be performed repeatedly and longitudinally, which allows for dynamic
evaluation of biomarkers and treatment response. Multiple types of tumor material can be
obtained from liquid biopsies including circulating tumor DNA (ctDNA), exosomes, and
circulating tumor cells (CTCs). As intact cells, CTCs represent the most comprehensive
source of tumor material and offer the ability to analyze protein, RNA, and DNA from the
same sample.

Our lab has a microfluidic platform to enumerate CTCs, analyze protein

expression, and extract nucleic acids, however prior to the work in Chapter 3 of this thesis,
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we were not able to perform methylated DNA analysis (139,170,171). Traditional methods
of methylation analysis are not suitable for targeted evaluation of methylation signatures
from rare cell populations such as CTCs. Development of the SEEMLIS assay described
in Chapter 3 allows us to perform multiplexed, targeted analysis of HLA-I in CTCs. In this
study, we performed the first analysis of HLA-I protein expression in CTCs from patients
with prostate cancer and identified methylated HLA-I in CTCs with low HLA-I expression,
supporting the potential for methylated HLA-I as a future clinical biomarker, and

identifying HLA-I low or negative CTCs as a potentially druggable population.
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RESULTS

Evaluation of HLA-I protein expression in CTCs

The data in this thesis as well as data from other groups have shown HLA-I protein and
gene expression is lost or downregulated in a subset of primary prostate cancers and the
majority of metastatic prostate cancers. Therefore, we hypothesized that HLA-I loss would
also be identifiable in CTCs from patients with prostate cancer. Prior to this work, HLA-I
expression in CTCs had not been studied. We gathered two cohorts of 8 patients to study
HLA-I expression at the cell surface and intracellularly. Samples were collected, stained,
and imaged using VERSA technology. CTCs were identified as being Hoechst positive,
cytokeratin positive, and negative for multiple white blood cell proteins. White blood cells
(WBCs) were identified as being Hoechst positive, cytokeratin negative, and positive for
WBC proteins. Mean fluorescent intensity (MFI) of HLA-I was generated per cell and
compared to the median HLA-I in the WBC population from the entire cohort, which
served as a population control for normal HLA-I expression (Figure 4.1A). A
representative image of a CTC and WBC is shown in Figure 4.1B. We found that HLA-I
expression was heterogenous both between patients and between individual CTCs from
the same patient. In the intracellular expression group, 7 out of 8 patients had at least
one CTC with expression below the median WBC level of expression. Half of the patients
had intracellular HLA-I expression below the median WBC level in all CTCs. For the
surface expression cohort, all 8 samples had at least two CTCs with surface expression
of HLA-I below the level of median WBC expression. Only one patient had the majority of
CTCs fall above the WBC median. This analysis suggests that surface expression of HLA-

| is impaired in CTCs from patients with prostate cancer, but the mechanisms contributing
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to loss of surface expression may be varied. Therefore, identifying patients that would
benefit from epigenetic therapies may require deeper analysis than evaluating HLA-I
protein expression alone. While low intracellular staining of HLA-I may imply
transcriptional downregulation, there are multiple molecular mechanisms which may yield
the same phenotype. As such, loss of protein expression alone may not be indicative of

epigenetic silencing of HLA-I.

Validation of detection of methylated HLA-l in prostate cancer cell lines by
SEEMLIS

As described in Chapter 3 of this thesis, we have developed a method for methylated
DNA analysis in CTCs, called SEEMLIS. We sought to use this method to measure HLA-
| methylation in CTCs to evaluate this signature as a potential biomarker. We first
validated the enzymes and primers in cell line models and patient-derived WBCs. As
discussed in Chapter 3, using methylation sensitive enzymes to digest DNA for SEEMLIS
decreases background signal. However, we were not able to identify a methylation
sensitive enzyme with a cut site that was commonly methylated in all of our target DNA
regions. For example, evaluation of the cut site for the methylation sensitive enzyme used
for GSTP1 single gene analysis, Hhal, is unmethylated in HLA-A in LNCaP cells despite
heavy preceding methylation levels (Figure 4.2A). This results in loss of HLA-A signal
from LNCaPs after digestion with Hhal (Figure 4.2B). We chose to continue with the non-
methylation sensitive enzyme, HpyCH4V, to avoid interference from differences in
methylated CpG signatures at enzymatic cut sites that may exist between genes and

between patients.
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We next tested the ability of the assay to detect HLA-A, HLA-B, and HLA-C
methylation from various starting DNA and cell inputs and in heterogenous samples. For
the following validation experiments, we performed SEEMLIS for multiple gene analysis,
which includes a pre-amplification step prior to qPCR. To confirm we could detect
differences in methylation level using the enzymes and primers that were chosen, we
generated serial dilutions of LNCaP and LAPC4 DNA from 5ng down to 0.005ng as well
as dilutions of WBC DNA at 5ng and 0.5ng per run. DNA was digested with Alul and
HpyCH4V followed by the methylated DNA enrichment, wash, and elution steps of
SEEMLIS. Enriched DNA was subjected to qCPR using primers targeting HLA-A, HLA-
B, HLA-C, and LINE1 (Figure 4.3A). We determined a max cycle threshold (MCV) of 33
by plotting all the LNCaP and LAPC4 raw Ct values and defining a cut-off cycle value
near the point where replicate captures were no longer reliably detected (Figure 4.3B).
This MCV was used to calculate all relative methylation values in this Chapter. Relative
methylation for the LNCaP, LAPC4, and WBC samples is shown in Figure 4.3C. We were
able to detect methylated HLA-I from both prostate cancer cell lines down to the 0.05ng
level in both duplicate runs. Detection at the 0.005ng level was more successful in the
LAPC4 cell line, which is supported by our data in Chapter 2 showing HLA-I is more
methylated in LAPCA4 cells compared to LNCaP cells. HLA-I methylation was detected in
the WBC samples, but at much lower levels than the corresponding cancer cell line
dilutions. LINE1 was detected in an input dependent manner in all cell lines and WBC
samples.

Next we tested the whole SEEMLIS platform beginning with the semi-automated

DNA capture step. We generated serial dilutions of 1000, 100, 10, and 1 LNCaP cells and
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1000 and 100 patient-derived WBCs as control samples. We also generated spike-in
samples to represent a patient sample containing CTCs with background WBCs by
spiking 1000, 100, 10, or 1 LNCaP cell(s) into 1000 WBCs. Methylated DNA was enriched
in each sample by SEEMLIS followed by qPCR using primers targeting HLA-A, HLA-B,
HLA-C, and LINE1. Relative methylation was calculated for each sample (Figure 4.3D).
We were able to detect methylated HLA-I in LNCaP cells at similar levels to the DNA
inputs for the corresponding dilutions (i.e. 5ng is on the order of 1000 cells, 0.5ng is on
the order of 100 cells, etc). We also detected methylated HLA-I from spike-in samples at
similar levels to samples with LNCaP alone. LINE1 was detected in an input dependent
manner in all cell lines and WBC samples as well as spike-in samples.

We next generated ROC curves for each HLA-I gene using the data from Figure
4.3C. We chose to leave the single cell dilution out of the calculations since we are
reducing sensitivity of the assay with the addition of the pre-amplification step and do not
anticipate performing this assay for HLA-I detection on heterogenous samples with fewer
than 10 CTCs due to the relatively high background signal in WBCs shown in Figure 4.3D.
We generated two sets of ROC curves, one using the data from 1000 WBCs and one
using the data from 100 WBCs, to demonstrate the limitations of using this assay with
high background samples (Figure 4.3E,F). The curves generated from the 1000 WBC
data had areas under the curve ranging from 0.59 to 0.77. An area under the curve (AUC)
of 0.5 represents a test that is not able to distinguish the difference between the two input
sample types. Therefore, the ability of this test to distinguish between LNCaP cells and
high levels of WBCs based on HLA-I methylation is relatively weak. HLA-B had the

highest AUC and lowest detection limit, which was calculated from the optimal threshold
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(OT) determined by Youden’s J statistic plugged into the equation of the best fit line and
for the LNCaP dilution series. The ROC curves generated using the 100 WBC data show
that reducing background signal can significantly improve the sensitivity, specificity, and
detection limits of this assay. Both HLA-A and HLA-B had curves with an AUC of 1,
representing a perfect test. HLA-C also had a markedly improved AUC of 0.89. Each gene
had a calculated detection limit of under 10 cells. Since these detection limits are based
on cell lines that we have determined to be relatively uniformly and heavily methylated,
we anticipate the real limits for CTC samples would be much more conservative. This
may limit our ability to use samples straight from VERSA isolation. In fact, when we
attempted to perform this assay on two VERSA-isolated CTC samples with approximately
600-1000 WBCs present, we were unable to detect methylated HLA-I above the
thresholds determined by the cell line studies. HLA-C was not detected in either sample,
but we did detect HLA-A and HLA-B methylation at levels that were relative to estimated
CTC counts. Due to the high threshold that was necessary to apply, we were unable to
attribute the HLA-A and HLA-B signal to CTCs for certain. However, we hypothesized
that with more stringent sample clean-up, we would be able to detect methylated HLA-I

from CTCs with a lower background threshold applied.

Evaluation of HLA-I methylation in CTCs purified by single-cell aspiration

To eliminate the background signal from WBCs, we utilized a semi-automated single cell
aspiration system to individually aspirate CTCs (180). With this technology, we were also
able to separate out subgroups of CTCs with high or low HLA-I protein expression to

further analyze the association of HLA-I methylation signatures with HLA-I expression in
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CTCs. CTCs were first isolated using VERSA and stained with Hoechst and antibodies
to HLA-I, EpCAM, and markers of WBCs. Stained cells were seeded onto a microwell
array for aspiration (Figure 4.4A). CTCs were then aspirated based on relative levels of
HLA-I expression determined by fluorescence microscopy for each patient sample. A
representable example image of a cell in each of these populations is presented in Figure
4.4B. Groups of approximately 10-15 HLA-I positive or HLA-I negative CTCs were
selected for single cell aspiration. We confirmed HLA-I expression differences in the
identified populations by analyzing the mean fluorescent intensity (MFI) of HLA-I
expression in each group (Figure 4.4C). HLA-I expression in the HLA-I negative CTC
populations was significantly lower than both the HLA-I positive CTC populations and the
matched WBC populations. Of note, HLA-I expression in the HLA-I positive CTC groups
was lower than matched WBCs. Though the differences were not statistically significant,
this lower level of HLA-I expression may be functionally significant and epigenetically
regulated. We also collected a control group of approximately 10 WBCs from an additional
patient as well as a positive control group of 10 LNCaP cells for comparison.

Methylated DNA was enriched by MBD2 protein-based precipitation from
enzymatically digested DNA from the collected groups of CTCs and controls and
subjected to qPCR with primers targeting LINE1 and the HLA-I genes. We were able to
successfully detect HLA-I methylation from 10 aspirated LNCaP cells, while no
methylation was detected in the WBC group (Figure 4.4D). LINE1 methylation was
detected at comparable levels in all patient samples and controls (Figure 4.4D,E). We
were able to detect HLA-I methylation in all three patient samples, though the pattern of

detection and association with protein expression varied (Figure 4.4E). Two out of three
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patients, patient 568 and 490, had methylation signatures in at least two HLA-I genes that
were higher in HLA-I negative CTCs compared to HLA-I positive CTCs. Patient 568 had
HLA-A and HLA-B methylation in the HLA-I negative population at levels similar to LNCaP
cells. HLA-A methylation was detected in the HLA-I positive population from patient 568,
though at a lower level than the HLA-I negative group. We were able to obtain two groups
of HLA-I negative CTCs from patient 490, both of which had methylation in HLA-A and
HLA-B. One of the groups also had a small detected amount of HLA-C methylation.
However, similar to patient 568, HLA-A was also detected in the HLA-I positive group.
Patient 487 had detectable methylation in both groups of CTCs, with higher levels
detected in the HLA-I positive population. As mentioned above and shown in Figure 4.4C,
the HLA-I expression level in the HLA-I positive CTC group was lower than the matched
WBC expression, suggesting that lower, non-negative HLA-I expression may still be
epigenetically regulated in some patients. Importantly, these patients may still benefit
from epigenetic therapy to express HLA-I to levels closer to that of WBCs. Overall, this
preliminary experiment represents the first analysis of HLA-I methylation in CTCs and
demonstrates our ability to detect HLA-I methylation in prostate cancer CTCs with low

HLA-I expression levels, providing a foundation for future biomarker studies.
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DISCUSSION

Circulating tumor cells are believed to have metastatic potential and provide a relatively
non-invasive snapshot of tumor biology, which can be repeatedly sampled by blood draw.
The utility of CTCs in the clinic extends to the biological signatures of CTCs that can be
used as therapeutic biomarkers. So far, biomarker studies in CTCs have been largely
restricted to protein makers and enumeration, but recent advances in technology have
opened the door for epigenetic-based biomarker development. This Chapter
demonstrates the potential for methylated HLA-I as a biomarker for identifying patients
with epigenetically downregulated HLA-I. Identifying these patients may guide future
clinician decision about which patients may benefit from certain classes of epigenetic and
immunotherapies.

This study represents the first analysis of HLA-I protein expression and DNA
methylation in prostate cancer CTCs. HLA-I protein expression has been assessed in
primary and metastatic prostate cancer lesions, but no studies have been published on
expression of HLA-I in CTCs from patients with prostate cancer. Here we show that both
intracellular and extracellular HLA-I protein expression is highly heterogenous in prostate
cancer CTCs. However, we were able to identify CTCs with HLA-I expression below the
WBC median expression level in all but one patient and several patients had CTCs that
were all below the WBC medial expression. The overall lower expression of HLA-I in
CTCs in the patients in these two cohorts suggests loss of HLA-I may be important for
cell survival in circulation and possibly to their ability to successfully disseminate. Future
investigations into how HLA-I loss contributes to the metastatic potential of CTCs and

promotes survival in circulation will help support this hypothesis.
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Prior to this work, a limited number studies had performed analyses of methylated DNA
in CTCs from various tumor types, including two studies in prostate cancer (160,161,192-
198). However, all of these studies utilized methods that require bisulfite conversion of
DNA, which can damage the input material. Our method, SEEMLIS, is unique in that it
does not rely on bisulfite conversion, thus preserving the quality and integrity of the input
DNA. Our use of restriction enzymes to cut DNA, rather than relying on random shearing,
also preserves our target sequences. These key differences allow for successful
enrichment and detection of methylated DNA as evidenced by amplification of LINE1,
even from very low starting input. For comparison, Pixberg et al. had successful
amplification of methylated DNA in only 30-40% of their CTC samples. In contrast, we
were able to detect LINE1 methylation in all 5 CTC samples we tested at levels that were
comparable to estimated total cell input. A high assay success rate, such as that achieved
here with SEEMLIS, is critically important to for future endeavors to perform analysis of
HLA-| at scale in the clinic.

Our initial attempt to detect methylated HLA-I in CTC samples containing large
amounts of background WBCs was not successful due to the relatively high cutoff we had
to assign to account for the high signal from WBCs determined in our validation
experiments. While it is possible that this signal may be non-specific, it is also possible
that we are detecting real epigenetic regulation of gene expression in a small subset of
the total WBC population. A recent study evaluated HLA-I gene expression in different
immune cell types and in hematopoietic cells are various stages of differentiation. This

study found significant variability across these populations, where certain cell types
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including certain lineages of hematopoietic progenitor cells had much lower HLA-I gene
expression compared to other immune cell types. It is possible that epigenetic
mechanisms may regulate these differences in expression, from a development or cell
differentiation perspective, which may be detected by our assay. Future studies will
assess HLA-I methylation in various WBC lineages and developmental stages to
determine if this may be impacting our sensitivity. Using this information, we can include
additional sample clean-up steps to remove the specific cell types that diminish our ability
to detect HLA-I methylation in CTCs.

To overcome the challenges with impure CTC samples, we employed single cell
aspiration to generate pure CTC populations. We collected groups of CTCs stratified by
HLA-I protein staining and evaluate HLA-I methylation signatures in the two subgroups.
While we were able to successfully detect HLA-I methylation in CTCs using this
purification method, the association of HLA-I methylation with protein expression was not
as clear. We found that HLA-B and/or HLA-C were associated with HLA-I negative CTCs
in two out of three patients, while methylated HLA-A was detected in both HLA-I negative
and positive CTCs. One possibility is that some of the signal we are detecting may be
unrelated to HLA-I loss. The DNA fragment generated by our chosen restriction enzymes
contains the entire promoter and CpG island. Our study on HLA-I methylation signatures
in prostate cancer cell lines in Chapter 2 revealed that only certain areas of differential
methylation in cancer cell lines were correlated to loss of gene and protein expression.
Therefore, we may be detecting methylation signatures that are uniquely presentin CTCs,
but do not have and bearing on HLA-I downregulation. In contrast, our analysis of HLA-I

methylation in TCGA samples in Chapter 2 suggested a more uniform effect of differential
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methylation on loss of gene expression, especially for HLA-A. Additional investigation into
the contribution of specific areas of DNA methylation to HLA-I expression, followed by re-
design of enzyme combinations to generate more specific fragments, will alleviate these
challenges for future studies.

Another reason we may detect HLA-I methylation in both CTC subgroups is the
large amount of intra- and interpatient heterogeneity in HLA-I expression in CTCs and
WBCs. This makes it challenging to determine a cut off or range for “normal” and
functional HLA-I expression level. The level of HLA-I expression in the HLA-I positive CTC
group was overall lower than the WBC group, which may indicate that the HLA-I positive
CTCs have impaired and non-functional HLA-I expression that is epigenetically regulated.
Determining a cutoff for functional downregulation of HLA-I may make the association of
HLA-I protein expression and methylation clearer. Our future studies will include analysis
of HLA-I expression levels on HLA-I function to establish the functional expression range
of HLA-I in our assay. This will allow us to determine true positive and negative thresholds
for HLA-I expression in CTCs.

Despite these challenges, we have shown that HLA-I methylation can be detected
in purified groups of CTCs from patients with prostate cancer. This initial analysis of HLA-
| DNA methylation in CTCs is promising for the future of epigenetic biomarker

development in rare cells.
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MATERIALS AND METHODS

CTC Capture, Imaging, and Analysis

Blood samples were collected from patients after receiving written informed consent
under a protocol approved by the IRB at the University of Wisconsin-Madison. CTCs were
processed and stained as previously described in Sperger et. al (139). Briefly, PBMCs
were isolated from whole blood on Ficoll-Paque PLUS (GE Healthcare, Cat# 45-001-750)
gradient and fixed with Cytofix Fixation Buffer (BD Biosciences, Cat# 554655). Fixed cells
were incubated with paramagnetic particles (PMPs) (Dynabeads® FlowComp™ Flexi kit,
Life Technologies, Cat# 11061D) coated with biotinylated anti-EpCAM antibody (R&D
Systems, Cat# AF960, RRID: AB_355745). The Versatile Exclusion-based Rare Sample
Analysis (VERSA) platform was used for enrichment and staining of CTCs, as described
previously (139,169,199). PMP bound cells were isolated in the VERSA and stained with
Hoechst 33342 (Thermo Fisher, Cat# P162249) and antibodies to the proteins indicated
in the corresponding figures, which are summarized in Table 4.1. Pan-cytokeratin (CK)
was conjugated to Alexa Fluor™ 790 using the Alexa Fluor™ 790 Antibody Labeling Kit
(Life Technologies, Cat# A20189) according to manufacturer’s instructions. All other
antibodies were purchased pre-conjugated to the fluorophores listed in Table 4.1. CD45,
CD34, and CD11b were used on the same channel to serve as a white blood cell (WBC)
“exclusion channel’. CD14 and CD27 were included in addition to CD45, CD34, and
CD11b in the WBC exclusion channel for the experiment measuring extracellular HLA-I
in CTCs only. Cells were stained for extracellular markers at 4°C for 30 minutes. Cells
were permeabilized and stained for intracellular antibodies with BD Perm/Wash at 4°C

overnight (BD Biosciences, Cat# BDB554723). Cells were imaged in the VERSA at 10x
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magnification using NIS Elements AR Microscope Imaging Software (NIS-Elements,
RRID:SCR _014329) and analyzed using NIS Elements analysis software. CTCs were
defined as positive for Hoechst and CK and negative for CD45/34/11b or

CDA45/34/11b/14/27. All other cells were considered part of the WBC population.

Single Cell Aspiration of CTCs for Methylation Analysis

CTCs enriched using the VERSA platform as described above were stained in the VERSA
with Hoechst 33342 (Thermo Fisher, Cat# P162249) and anti-bodies to HLA-I, EpCAM,
CD27, CD45, CD34, and CD11b. Fluorophores, catalog numbers, and other antibody
information is summarized in Table 4.1. Cells were then further enriched using a single
cell aspiration platform, SASCA, as described by Tokar et al (180). Briefly, cells were
seeded into polydimethylsiloxane (PDMS) microwells mounted on a glass microscope
slide. The microwell array was imaged on a Nikon Ti-E Eclipse inverted fluorescent
microscope, and target cells were identified by phenotypic staining analysis. CTCs were
identified as EpCAM positive, exclusion (CD45/CD34/CD11b/CD27) negative cells,
whereas WBCs were classified as EpCAM negative, exclusion positive cells. CTCs were
further subdivided into groups based on HLA-I positivity compared to WBCs in the same
sample. Target cells were aspirated from microwells and dispensed directly into a droplet
of PBS in the EXTRACTMAN extraction plate (Gilson, Cat# 22100008) for DNA
extraction. Images of the microarray were analyzed using NIS Elements AR Microscope
Imaging Software (NIS-Elements, RRID:SCR_014329) to obtain HLA-I mean fluorescent

intensity (MFI) values.
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DNA Extraction from CTCs

Semi-automated DNA extraction was performed on a Gilson PIPETMAX liquid handling
robot enabled for exclusion-based sample preparation (ESP), termed EXTRACTMAX
(184). LiDS buffer (90mM Tris-HCL, 500mM lithium chloride, 1% lIgepal CA-630, 10mM
EDTA, 1mM dithiothreitol) and MagneSil Paramagnetic Particles (PMPs) (Promega, Cat#
MD1441) resuspended in GTC buffer (10 mM Tris-HCI, 6 M guanidinium thiocyanate, 0.1
% Igepal CA-630, pH 7.5) are added to the extraction microplate (Gilson, Cat# 22100008)
by the robot. Cells were added to the microplate well containing LiDS, GTC, and MagneSil
beads and mixed by the robot. Cells were allowed to lyse and DNA was allowed to bind
to MagneSil PMPs for 5 minutes. The robot then transferred the MagneSil PMPs with
bound DNA by exclusion liquid repellency (ELR) through one PBST (PBS containing 0.1%
Tween-20) wash, one PBS wash, and into 15uL of nuclease-free water (Promega, Cat#
P1197) for elution. Beads were manually resuspended in the elution well and allowed to
elute for 2 minutes. The MagneSil PMPs are magnetically transferred out of the elution

well, leaving eluted DNA in water.

MBD2-MBD Enrichment of Methylated DNA from CTCs

The SEEMLIS method described in Chapter 3 was used for all methylation studies.
Briefly, 25 uL of TALON magnetic beads (Takara, Cat# 635637) were resuspended in
100 uL MBD2-MBD Coupling Buffer (1x BB, 1x Halt protease inhibitor cocktail (Thermo
Scientific, Cat# P187786), 500 ng Unmethylated Lambda DNA (Promega, Cat# D1521),
5 uL tagged MBD2-MBD (EpiXplore Kit, Takara, Cat# 631962) and placed on shaker at

RT for 1 hour to bind MBD2-MBD to the TALON beads. MBD2-MBD bound beads were
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added to DNA digested using 1 uL of each restriction enzyme (Alul at 10 units/uL (NEB,
Cat# R0137L) and HpyCH4YV at 5 units/uL (NEB, Cat# R0620L)) and placed on a shaker
at RT for 3 hours to bind methylated DNA to MBD2-MBD conjugated TALON beads.
Bead-bound methylated DNA was washed and eluted on the Gilson EXTRACTMAX

system and placed into PCR prepared with pre-amplification master mix.

Pre-amplification and qPCR of MBD2-MBD Enriched DNA from CTCs.

Quantitative PCR was performed using custom TagMan hydrolysis probes (Applied
Biosystems) and iTaq Universal Probes Supermix (Bio-Rad, Cat# 1725153). Primer and
probe sequences are listed in Table 4.2. Cycling conditions: 5 minutes at 95 °C for initial
denaturation and enzyme activation followed by 45 amplification cycles of 5 seconds at
95 °C and 30 seconds at 60 °C. Pre-amplification was performed using the custom
hydrolysis probes and TagMan PreAmp Master Mix (Applied Biosystems, Cat# 4488593)
when indicated according to manufacturer specifications. Cycling conditions: 10 minutes
at 95 °C for enzyme activation followed by 14 cycles of 95 °C for 15 seconds and 60 °C
for 4 minutes. Pre-amplified samples were diluted 1:5 with TE buffer. Ct values were

transformed into relative methylation values by the following equation:
Methylation Index =2 (¢tMCV)

Where MCV is the max cycle value, which is the Ct cut-off determined by plotting data

points from serial dilutions and determining where replicate values are no longer reliably

detected. If serial dilutions are always reliably detected, the MCV is set at the highest

cycle ran for qPCR. For HLA-I, MCV is equal to 33. For LINE1, MCV is equal to 45.
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Statistical Analysis

All statistical analyses were performed in Prism 8 (GraphPad Prism, RRID:
SCR _002798). For CTC MFI experiments, comparisons were made by Kruskal-Wallis
test using the Dunn’s method for correction of multiple comparisons. Receiver operator
characteristic (ROC) curves were generated for each gene by plotting sensitivity vs. 100-
specificity for the raw Ct values of LNCaP (true positive) and WBC (true negative).
Optimal Threshold (OT) values were determined using Youden’s J Statistic which is
defined as the maximum value achieved from subtracting 100 from the sum of the
sensitivity and 100-specificity values (in percentages). The associated Ct value was then
converted into a methylation index (Ml) as described above. Area under the curve (AUC)
with 95% confidence intervals were found and reported, which indicate the probability that
a randomly selected true positive sample will have a greater Ml value than a randomly
selected true negative sample. Semi-log non-linear fit analyses were performed in prism

to calculate detection limits. All error bars represent SEM.
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Table 4.1. Antibodies used for HLA-l expression studies.

Experiment Target Fluorophore Clone Manufacturer Catalog Number RRID

HLA-I PE W6/32  BioLegend 311406 AB_314875

Intracellular | CD45 647 HI30 BioLegend 304018 AB_389336
Sta"i'r';iﬁ‘g' | cp34 647 581 BioLegend 343508 AB_1877133

CTCs CD11b 647 M1/70  BioLegend 101218 AB_389327

CK 790 C-11 BioLegend 628602 AB_439775

HLA-I 647 W6/32  BioLegend 311414 AB_493135

CD45 PE HI30 BioLegend 304008 AB_314396
Extracellular | CD34 PE 581 BioLegend 343506 AB_1731862

Staki'r';iﬁ‘; | co1tb PE M1/70  BioLegend 101208 AB_312791

CTCs CD14 PE HCD14  BioLegend 325606 AB_830679
CD27 PE 0323  BioLegend 302842 AB_2564146

CK 790 C-11 BioLegend 628602 AB_439775

HLA-I FITC W6/32  BioLegend 311404 AB_314873

HLA-I CD45 647 HI30 BioLegend 304018 AB_389336
Sé?r'gggfo'p CD34 647 581 BioLegend 343508 AB_ 1877133

single cell | CD11b 647 ICRF44  BioLegend 301319 AB_493020

aspiration CD27 647 0323 BioLegend 302812 AB_493082
EpCAM PE VU-1D9 Abcam ab112068 AB_10861805
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Table 4.2. Primers used for HLA-I methylation studies.

Forward Primer (5'-3") Reverse Primer (5'-3') Probe (5'-3)
HLA-A  GTGGACGACACGCAGTTC GCCCCTCCTGCTCTATCCA TCGACAGCGACGCCGCG
HLA-B CAGTTCGTGAGGTTCGACA CTCTCGGTAAGTCTGTGTGTT CGGAGTATTGGGACCGGAACACA
HLA-C GCTTCATCTCAGTGGGCTAC CGCTTGTACTTCTGTGTCT TTCGTGCGGTTCGACAGCGA

LINE1 CGCAGGCCAGTGTGTGT TCCCAGGTGAGGCAATGC CCGTGCGCAAGCCGA
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Figure 4.1. HLA-I expression in circulating tumor cells.
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Figure 4.1. HLA-l expression in circulating tumor cells. A) Intra- and extracellular
HLA-I protein expression in circulating tumor cells from 8 patients with prostate cancer.
Cells in the intracellular expression group were permeabilized prior to HLA-I staining.
Dotted line represents median HLA-lI expression in all patient matched WBCs. B)
Representative images of a CTC with low HLA expression and a WBC near the median

expression from patient 384.
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Figure 4.2. Evaluating the use of alternative enzymes for methylation analysis by
SEEMLIS to detect HLA-I methylation.
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Figure 4.2. Evaluating the use of alternative enzymes for methylation analysis by
SEEMLIS to detect HLA-I methylation. A) Bisulfite sequencing analysis of HLA-A exon
2 in LNCaP and WBC DNA with the cut site for methylation sensitive restriction enzyme,
Hhal, indicated. Black circles represent methylated CpGs. White circles represent
unmethylated CpGs. B) Methylation index for HLA-A and LINE1 in two different restriction

enzyme digest combinations in LNCaP and WBCs.
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Figure 4.3. Initial validation of SEEMLIS for detection of methylated HLA-I. A) Primer
locations for assessing CTC methylation. The cut sites of the restriction enzymes used to
digest the DNA are indicated. The fragments used for MBD2-MBD enrichment extend
from the first enzyme cut site to the second, with the primer location in the center. B) Raw
Ct values from LNCaP and LAPC4 serial dilutions plotted to determine cut off for max
cycle value (MCV). Dotted line is at chosen MCV of 33. C) Methylation indexes for MBD2-
MBD enriched serially diluted LNCaP and WBC DNA at the indicated ng amounts
(amounts indicated are per assay run) D) Methylation indexes for SEEMLIS enriched
serially diluted cell amounts (amounts indicated are per assay run). For spike in samples
in, serially diluted LNCaP cells spiked into 1000 patient-derived WBCs. For each gene,
ROC curves for WBC samples of 1000 cells (E) or 100 cells (F) and LNCaP samples of
1000, 100, or 10 cells were created. Area under the curve (AUC) with 95% confidence
interval is indicated. Optimal threshold (OT) values determined by Youden’s J statistic are
listed with their associated sensitivity and specificity values. Detection limit was
calculating using the slope of the best fit line of Ct values plotted against cell input. G)
Methylation index of the HLA-I genes and LINE1 in two CTC samples. Estimated numbers
of CTCs and WBCs in each sample are indicated below graph. For (C) and (D), each dot
represents an individual sample taken from a pool of cells at the indicated concentration.
Error bars represent SEM. For (C), (D), and (E), optimal thresholds as determined by

ROC curve are shown as dotted lines.
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Figure 4.4. Detection of methylated HLA-I in HLA-I positive and negative CTCs
purified by single cell aspiration.
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Figure 4.4. Detection of methylated HLA-l in HLA-I positive and negative CTCs
purified by single cell aspiration. A) Image of a seeded microwell (pt. 568) with zoomed
in images showing one HLA-I positive CTC (circle) and one HLA-I negative CTC (square).
B) Representative 10x images of HLA-I negative and HLA-I positive CTCs and a WBC in
the single cell aspirator microwells (pt. 490). C) HLA-I mean fluorescent intensity (MFI) of
HLA-I in each CTC population and matched WBCs. Approximately 10-15 CTCs were
chosen to be aspirated from each group with the exception of the WBC populations, which
were not used for analysis. D) HLA-I methylation in 10 WBCs and 10 LNCaP cells purified
by single-cell aspiration. E) HLA-I methylation in HLA-I positive and negative groups of

approximately 10-15 CTCs. * p<0.05, ** p<0.01, *** p<0.001.
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Chapter 5:

Discussion and Future Directions
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AIM OF THESIS OVERVIEW

Prostate cancer is the second most commonly diagnosed cancer in men and accounts
for just over 10% of all new cancer cases in the United States (3). While men who are
diagnosed with local and regional disease have extremely good prognoses, men
diagnosed with metastatic prostate cancer have a 5-year survival rate of only 30% (3).
The overarching goal of many prostate cancer research groups has been to understand
the molecular mechanisms of metastasis in an effort to improve long term survival rates
for men with metastatic prostate cancer. An area of increasing interest in prostate cancer,
and the larger oncology research community, is the contribution of the immune system to
cancer progression and metastasis. Immune evasion, or the ability of cancer cells to hide
from the immune system, has been attributed to the promotion of cancer progression and
metastasis and also plays a role in resistance to therapy, especially immunotherapies
(34,35,200). Understanding how cancer cells evade the immune system is critical to
improve patient outcomes and develop better therapies.

One mechanism of immune evasion is downregulation of immune regulatory
molecules by cancer cells, including the class | major histocompatibility complex (MHC-
[). MHC-I is essential for tumor cell recognition by T-cells through the T-cell receptor
(TCR). Loss of MHC-I at the cell surface reduces tumor immunogenicity and renders
certain immunotherapies ineffective. Downregulation or loss of expression of class |
human leukocyte antigens (HLA-I), one component of MHC-I molecules, represents a
major contributing factor to loss of MHC-I at the surface of tumor cells. Downregulation of
HLA-I has been reported in many types of cancer, including prostate cancer (36,37).

However, prior to this thesis, the epigenetic mechanisms regulating HLA-I downregulation
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in prostate cancer had not been widely explored. Additionally, no research had been done
to describe HLA-I expression in circulating tumor cells, which are a valuable tool for
studying solid tumor dissemination and are thought to have metastatic potential. The goal
of this thesis work was to characterize and investigate the epigenetic mechanisms
involved in HLA-I downregulation in prostate cancer and develop a method to describe
HLA-I methylation in circulating tumor cell (CTC) samples to aid future biomarker
development. Elucidating mechanisms of HLA-I regulation in primary, metastatic, and
circulating prostate tumor cells can increase understanding of immune evasion
mechanisms during prostate cancer progression and generate new molecular targets for
therapeutic intervention. In addition, the ability to measure and monitor HLA-I methylation
in CTCs can aid physicians in decision-making for treatment regimens, allowing for more

personalized therapy options.
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DISCUSSION

Epigenetic regulation of HLA-l in prostate cancer

HLA-I loss has been well defined at the protein level in multiple cancer types, including
prostate cancer (36,37). However, prior to this thesis work, limited research had been
done to explore the molecular mechanisms responsible for HLA-I loss. A previous study
had identified loss of heterozygosity (LOH) as responsible for HLA-I loss in breast and
non-small cell lung cancer (132,133). Previous studies in colon cancer and melanoma
had also identified genomic alterations that contributed to HLA-I loss (201). Yet another
study identified mutations that caused loss of HLA-I expression in cervical cancer
(202,203). In contrast, we found a striking lack of genomic alterations and mutations in
the HLA-I genes in patients with primary or metastatic prostate cancer. More importantly,
we found no correlation of genomic alterations to HLA-I gene expression. One caveat to
this analysis is that the HLA-I genes are significantly polymorphic, which can lead to
certain alterations being masked when analyzing sequencing data. One study addressed
this issue in lung cancer by aligning sequencing reads to patient matched germline DNA,
rather than a reference genome, to account for variations in each individual’s HLA
haplotype (133). This study found the percentage of NSCLC tumors with LOH was
approximately 5 to 7 times higher than what is reported in TCGA data for NSCLC.
However, even if we apply this increase to the number of deep deletion events in the data
in Figure 2.1A, there would still be less than 10% of samples harboring deep deletions in
any HLA-I gene. This is, of course, speculative and further investigations into the true

percentage of prostate tumors with LOH in the HLA-I genes may be warranted.
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Nevertheless, it seems likely that genomic alterations in HLA-I genes are not a significant
contributor to HLA-I loss in prostate cancer.

We next measured HLA-I gene expression in prostate cancer to determine if HLA-
| loss occurs at the transcriptional level. To do this, we analyzed HLA-I gene expression
data from the TCGA-PRAD (PRAD) data set and a study by Taylor et al (134).
Comparison of HLA-I gene expression in primary tumor samples from both studies
relative to gene expression in normal prostate tissue identified a subgroup of primary
tumor samples with diminished HLA-I gene expression. Interestingly, in the Taylor data
set, the percentage of samples with low HLA-I expression was much higher in metastatic
samples, suggesting HLA-I gene expression may be lost during the metastatic process
or that tumor cells with low HLA-I expression may have a survival advantage. Patients
from the Taylor data set with low HLA-I gene expression had significantly decreased
disease-free survival time based on biochemical recurrence (two occurrences of PSA >
0.2ng/mL) after radical prostatectomy. Together, these analyses identified that there is a
subgroup of patients with prostate cancer with low HLA-I gene expression, which is
associated with negative patient outcomes. This is important information for oncologists
due to the prevalence of immunotherapies in use in the clinic. Not only would these
patients not benefit from immunotherapies that rely on MHC-I expression on tumor cells,
including certain cancer vaccines and PD-1/PD-L1 targeted therapies, but they also likely
represent a patient population that may progress faster without effective treatment due to
increased immune evasion capabilities of the tumors (40,42).

It is important to consider the different methods of data collection and analysis in

the PRAD and Taylor data sets. The PRAD gene expression data was generated by RNA-
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seq while the Taylor data set was generated by cDNA microarray. These two methods
differ in that RNA-seq measures expression across the entire transcriptome, while cDNA
microarrays only measure expression by pre-defined probes included in the array. In this
way, RNA-seq is much more comprehensive. A recent study looked at concordance
between gene expression data generated by Affymetrix microarray and RNA-seq. This
study found that RNA-seq had increased dynamic range compared to the Affymetrix
microarray and determined a concordance of 40-60% between the platforms for
differentially expressed genes (204). Another caveat to consider is sample purity. In both
the PRAD and Taylor studies, the samples collected for analyses were not always 100%
pure, meaning non-tumor cells were included in the sample preparation and subsequent
analyses. Non-tumor cell types that would be included in prostate cancer samples include
immune cells and prostate basal cells, which are likely to have high expression of HLA-I
genes. The Taylor et al. and TCGA tumor samples were required to be at least 70% and
60% tumor material, respectively (205). One study analyzed tumor purity in multiple
TCGA studies and found that the PRAD data set had a median purity level of 90%, with
a range from ~40% to 100% (206). This study also found that enrichment of genes related
to immune function was significantly altered when accounting for tumor purity in multiple
TGCA data sets, however the HLA-I genes were not among those that were altered.
Despite these considerations, these data sets provide valuable information for the
biological relevance of HLA-I gene expression in patients. We hypothesized that
understanding the mechanisms that contribute to loss of HLA-I gene expression may help

identify effective therapies for patients in the HLA-I low subgroup.
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Loss of gene expression can occur as the result of many different mechanisms.
Having ruled out genomic alterations as a significant source of HLA-I regulation in
prostate cancer, we hypothesized that transcriptional regulation by epigenetic
mechanisms could be responsible. Previous studies in esophageal cancer had reported
that DNA methylation in the promoter regions of the HLA-I genes was a major contributing
factor to loss of HLA-I gene expression (128). Additionally, studies from our lab had found
that treating cell lines with epigenetic modifying agents could induce expression of cancer
testis antigens (CTAs), which are peptides presented to T-cells by MHC-I molecules and
are important for cancer vaccine therapies and general immune surveillance (101). At the
global level, epigenetic changes are common in prostate cancer. There is a global loss of
methylation across the genome leading to increased genomic instability and expression
of oncogenes (67,69-71). In contrast, DNA methylation at specific gene promoters has
been found to be significantly increased during prostate cancer progression (65). In
addition, the expression of epigenetic readers and writers is altered in prostate cancer.
DNA methyltransferase (DNMT) and histone deacetylase (HDAC) protein expression has
been reported to be increased in prostate cancer tissue (95). While protein expression
was not available, DNMT and HDAC gene expression was increased in the PRAD and
Taylor data sets. We found DNMT and HDAC protein expression was increased in
prostate cancer cell lines compared to a benign prostate epithelial cell line, however gene
expression was not increased. Importantly, expression of members of the DNMT and
HDAC families was correlated to HLA-I expression in the PRAD and Taylor data sets and
our cell line models. Therefore, we hypothesized that HLA-I genes may harbor epigenetic

signatures which contribute to loss of HLA-I expression by blocking HLA-I transcription.
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Our analysis of the epigenetic landscape of the HLA-I genes in prostate cancer
cell lines revealed differential DNA methylation, H3K27 acetylation, and H3K27 tri-
methylation levels across the HLA-I genes when compared to a benign prostate epithelial
cell line. These epigenetic changes were highly correlated to HLA-I gene and protein
expression in the cell lines. Treatment with DNMT and HDAC inhibitors reversed DNA
methylation and histone acetylation signatures, respectively. DNMT and HDAC inhibition
also induced HLA-I expression in cancer cell lines and prostate cancer biopsies cultured
ex vivo. Increased binding of RNA polymerase Il at HLA-I promoters after treatment with
DNMT and HDAC inhibitors supports our hypothesis that repressive epigenetic signatures
are regulating HLA-I transcription. We confirmed functionality of the induced HLA-I protein
by co-culturing PSMA positive LNCaP cells pre-treated with DNMT and/or HDAC
inhibitors with T-cells from PSMA-vaccinated mice. Activation of T-cells was increased
when co-cultured with treated cells compared to DMSO controls and was dependent on
HLA-I accessibility. These results show that HLA-I is epigenetically regulated in prostate
cancer and inhibition of DNMT and HDAC proteins leads to functional re-expression of
HLA-I at the cell surface.

While this study focused on epigenetic regulation of HLA-I genes, there are many
other genes involved in maintaining MHC-| expression at the cell surface. Multiple genes
involved in antigen processing, including genes encoding the subunits of the
immunoproteasome and genes involved in MCH-I trafficking, are downregulated in the
prostate cancer cell lines used in this study. Preliminary studies suggest that DNMT and
HDAC inhibition may induce expression of the antigen processing machinery (APM)

genes (Appendix A). Epigenetic silencing in genes involved in antigen presentation may
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drive the expression changes in APM proteins observed in prostate cancer, which could
contribute to loss of MHC-I expression at the cell surface. It is a goal of future studies to
explore the interconnected pathways that contribute to functional MHC-I expression.
Analysis of genome-wide methylation and histone modifications in cell lines and patient
samples would give insight into the pattern of epigenetic silencing that contributes to loss
of MHC-I expression overall.

Overall, these results indicate a key role for epigenetic regulation of HLA-I
expression in prostate cancer and that HLA-I loss is reversible with epigenetic therapy
(Figure 5.1). Future studies will need to focus on the utility of this type of treatment in
patients. Identifying patients with epigenetically silenced HLA-I is necessary to perform
these studies and would allow for more personalized therapy decisions in the future,

specifically in regards to epigenetic and immunotherapy.

Development of SEEMLIS

Sensitively and specifically measuring epigenetic signatures in patients is essential
to the development of epigenetic-based biomarkers. Tumor tissue is difficult to obtain
from patients with prostate cancer. Biopsies from the primary tumor offer the most readily
available source of tumor DNA, but is often only an option in early stage prostate cancer
due to prostatectomy. In later stage disease, metastatic lesions can also serve as a
source of tumor DNA, however prostate cancer most often metastasizes to the bone,
which requires a painful and invasive procedure to biopsy. Liquid biopsies, such as blood
draws, have been proposed as a minimally invasive alternative to traditional tissue

biopsies with the added benefit of being able to be performed repeatedly. Our lab has a
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semi-automated platform for isolation of CTCs from whole blood by exclusion-based
sample preparation (ESP), which enables CTC enumeration, protein staining, and nucleic
acid extraction (139,171). In order to detect epigenetic signatures in CTCs, we sought to
expand the capabilities of this platform to enable methylated DNA enrichment.

A method called COMPARE-MS had been developed by a collaborator of our lab
to enrich for methylated DNA from heterogenous samples including tumor biopsies using
a combination of methylation sensitive restriction enzyme digestion and enrichment with
a peptide derived from the methyl DNA binding domain of methyl-CpG-binding domain
protein 2 (MBD2-MBD) (168). We took advantage of the sensitivity and specify afforded
by COMPARE-MS with the capabilities of our semi-automated CTC isolation system to
develop SEEMLIS, semi-automated ESP-based enrichment of methylated DNA from low-
input samples. Using this assay, we were able to successfully detect GSTP71 methylation
from CTC samples estimated at >1% purity. To detect methylation in multiple genes to
enable multiplexed analysis of DNA methylation in the same cells, we generated pure
CTC populations by single cell aspiration and added a pre-amplification step. In summary,
SEEMLIS was able to sensitively and specifically detect methylation signatures from low-
input CTC samples, suggesting this assay could be used to develop epigenetic
biomarkers, such as methylated HLA-I, in prostate cancer.

SEEMLIS was developed with analysis of prostate cancer CTCs, and specifically
for analysis of HLA-I methylation, in mind, however there are far reaching applications for
this assay. SEEMLIS is inherently flexible in both the sample types that can be used and
the endpoints that can be measured. While we developed this assay using CTCs as our

input, any source of DNA could but used provided methylation signatures remain intact.
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For example, we have used this assay to measure methylation in biopsies, spheroid
cultures, and cfDNA from plasma. Other sources of DNA that may be applicable include
urine, seminal fluid, cerebrospinal fluid, pleural effusion, and ascites. Each of these
sources of DNA may provide unique insights into the course of disease and disease
biology. Additionally, this assay is not limited to studying methylation in cancer. Important
methylation changes occur in other disease states as well as non-disease related cellular
development and differentiation and aging. The ability to perform methylation analysis
with such low-inputs also allows for multiple analyses to be performed on one sample,
increasing the amount of information that can be obtained from one patient sample. In
addition to flexibility in sample type, the types of analyses that can be performed on the
enriched DNA can also be interchanged. Enriched DNA can be used in any downstream
assay that is compatible with measuring fragmented DNA. Methods of analyzing enriched
DNA include gel-based analyses to look at global methylation levels, traditional and
multiplexed gPCR, and sequencing. Overall, the flexibility of SEEMLIS makes this a

powerful tool to study disease biology using rare and low-input samples.

HLA-I methylation as a biomarker in circulating tumor cells

Prior to the work described in this thesis, loss of HLA-I protein expression had been
observed in primary and metastatic prostate tumor lesions. However, the status of HLA-I
expression in tumor cells in circulation was unknown. Here we performed the first analysis
of HLA-I protein expression in circulating tumor cells (CTCs). We found that while CTCs
had heterogenous expression of both total and surface HLA-I, we were able to detect

populations of CTCs with strikingly low HLA-I expression when compared to the white
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blood cell (WBC) population. Cells in circulation with low HLA-I expression are likely not
able to be located and killed by circulating T-cells, contributing to persistence and survival
of this cell population. In this way, HLA-I loss may be contributing to the development of
metastases since CTCs are thought to have metastatic potential. Treatments that reverse
HLA-I loss may help boost the ability of the immune system to locate tumor cells before
they are able to seed at a metastatic site.

Prior to this study, HLA-I methylation had not been assessed in prostate cancer
CTCs. The data in this thesis show that epigenetic loss of HLA-I can be reversed to
functionally induce HLA-I expression. However, we also found that epigenetic signatures
and responses to different classes of epigenetic modifying agents vary. Therefore, it is
important to know whether HLA-I loss in each patient is due to epigenetic regulation and
if so, what kind of regulation. Understanding the regulatory mechanisms involved in HLA-
| loss may allow physicians to personalize therapies to match the epigenetic signature in
HLA-I from each patient. We first sought to use the SEEMLIS assay to detect methylated
HLA-I as a biomarker for patients with HLA-I regulated by methylation. These patients
may be candidates for future clinical trials with DNMT inhibitors to induce expression of
HLA-I. To assess HLA-I methylation in CTCs, we generated pure CTC populations by
single cell aspiration stratified by HLA-I protein and measured methylation in HLA-A, HLA-
B, and HLA-C. To our knowledge, this represents the first targeted analysis of HLA-I
methylation in CTC samples. We found that methylation in the HLA-I genes varied by
patient. We were able to identify three patients with evidence of methylation in one or
more HLA-I genes in CTC populations with low HLA-I expression. HLA-I methylation was

also detected in some of the HLA-I positive CTC subset. HLA-I expression in the HLA-I
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positive CTC subsets was still lower than the mean expression in matched PBMCs,
suggesting diminished, non-negative HLA-l expression may also be regulated by
epigenetic mechanisms. Importantly, these patients may still respond to epigenetic
therapy. Alternatively, we hypothesize that further optimization of the assay specifically
to target only areas of methylation that are necessary or required for HLA-I inactivation
may reveal clearer differences in the HLA-I positive and negative groups. Investigation
into the correlation of HLA-I methylation in CTCs and clinical outcomes is also warranted
and a goal of our future studies. In summary, we were able to use SEEMLIS to perform
the first analysis of HLA-I methylation in prostate cancer CTCs and discovered that HLA-
| methylation can be detected in CTCs with low HLA-I protein expression, proving

potential for development of a clinical biomarker.
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FUTURE DIRECTIONS

Evaluate the effect of EZH2 inhibition on HLA-l induction and epigenetic signatures
The data in this thesis show that epigenetic mechanisms, including DNA methylation
within the CpG islands and a loss of normal levels of histone H3 lysine 27 acetylation,
regulate HLA-I expression in prostate cancer. We demonstrated the inducibility of HLA-I
expression by two DNMT inhibitors and an HDAC inhibitor. However, these drugs
represent only a small subset of the epigenetic modifying agents that are currently being
studied in pre-clinical models and clinical trials. Therefore, we are interested in evaluating
the effect of other classes of epigenetic modifying agents for their ability to re-express
epigenetically silenced HLA-I in prostate cancer.

One target that has been increasingly studied for its role in epigenetic regulation
in many cancer types is EZH2. EZH2 is a methyltransferase responsible for writing lysine
27 methylation on histone H3 and is a part of the polycomb repressive complex 2 (PRC2).
There are currently dozens of active trials for drugs targeting EZH2, including multiple for
treatment of prostate cancer (207). Tazemetostat, a first-in-class EZH2 inhibitor, was
approved this year for treatment of epithelioid sarcoma (141,142). This is the first
epigenetic therapy approved by the FDA for use in a solid tumor. One study found that
EZH2 was a critical regulator of MHC-I loss in neuroblastoma, Merkel cell carcinoma, and
small cell lung cancer (208). We discovered an increase in H3K27me3 in the HLA-I genes
in prostate cancer cell lines compared to non-cancerous cells, which was highly
negatively correlated to HLA-I gene and protein expression. We hypothesize that EZH2
inhibitor treatment of the prostate cancer cell lines identified in this thesis as having

increased levels of H3K27me3 in the HLA-I genes would result in decreased levels of
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H3K27me3 and increased levels of H3K27ac with corresponding increases in HLA-I gene
and protein expression. Preliminary studies from our lab have shown promising results in
the ability of EZH2 inhibition to induce HLA-I expression similarly to DNMT and HDAC
inhibition. Future studies will focus on treatments with EZH2 inhibitors alone and in
combination with DNMT and/or HDAC inhibitors and their effect on improving

immunogenicity of prostate tumors.

Investigate how HLA-I DNA methylation signatures are written and maintained in
prostate cancer cells by DNMTs

One of the major questions that has arisen after we characterized the DNA methylation
and H3K27 signatures in prostate cancer cell lines was how these signatures are being
written and maintained. We determined that DNMT and HDAC proteins are involved in
HLA-I regulation from the data presented in this thesis on DNMT and HDAC inhibition in
cell lines. However, because these inhibitors are not targeted to a specific DNMT or
HDAC family member, we do not know which members are responsible for writing and
erasing the corresponding epigenetic marks. We obtained preliminary data using siRNA
to knock down DNMT3a and DNMT3b alone and in combination followed by gPCR and
MBD2-MBD enrichment to measure HLA-I induction and changes in DNA methylation
(Appendix A). Interestingly, HLA-I was not significantly induced in LNCaP and LAPC4
cells despite decreases in DNA methylation. It is possible that repressive histone
signatures are still preserved at the HLA-I genes in these cells, causing the genes to
remain silenced. The opposite effect was seen in PC3 cells where siDNMT treatment led

to significant increases in HLA-I gene expression, but DNA methylation was increased
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rather than decreased. These results suggest complicated and varying biological
mechanisms regulate HLA-I epigenetic changes. We need to further investigate this

mechanism and perform necessary control experiments to understand these differences.

Investigate the contribution of HLA-I promoter and exon 2 DNA methylation to loss
of HLA-I expression.
The CpG islands of the HLA-I genes are very large at around 1kb each. We found that
methylation occurs across the entirety of the CpG islands and is not confined to the
promoter region. Traditionally, promoter methylation and methylation within exon 1 has
been associated with repressed genes while intragenic methylation has been associated
with actively transcribed genes, preventing alternative splicing, and preventing alternative
transcription start sites from being used (209-211). This paradigm has started to shift as
methylation and its control of gene expression are beginning to be better understood. For
example, we found that methylation within exon 2 of the HLA-I genes was highly
negatively correlated with HLA-I expression. Interestingly, our study found that promoter
methylation in HLA-I was not always negatively correlated with gene expression and
generally occurred at lower levels than exonic methylation. We are interested in
determining if promoter and exonic methylation in HLA-I is necessary and/or sufficient for
HLA-I silencing. Knowing which areas of methylation are required for HLA-I repression
would help us to develop a better biomarker and better understand epigenetic regulation
of HLA-I.

To study the specific areas of methylation that may control HLA-I expression, we

want to employ a CRISPR-based system for targeted DNA de-methylation as described
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in a paper by Xu et al. (212). This method utilizes a catalytically dead Cas9 protein fused
to the catalytic domain of TET1 (dCas9-TET1-CD) to specifically de-methylate regions of
DNA. dCas9-TET1-CD is guided to the region of interest by a small guide RNA (sgRNA)
and TET1-CD will catalyze the de-methylation of methyl groups in the region. In this way,
we can specifically de-methylate either the promoter or exon 2 regions of HLA-I genes
and evaluate gene expression as a result of de-methylation. Additionally, this experiment
can determine whether removing methylation in the HLA-I genes alone is enough to re-
express the genes, since drug treatments and siRNA experiments will affect methylation
genome wide.

If this experiment is successful, there are other dCas9 fusion constructs that might
be of interest. For example, dCas9 fused to histone acetyltransferase (HAT) catalytic
domains could reveal whether increased histone acetylation at HLA-I alone is enough to
induce gene expression of HLA-I. Another option is to transfect dCas9 fused to HDAC or
DNMT proteins into cells that express normal levels of HLA-I to introduce repressive
epigenetic signatures at specific regions of the gene. Adding repressive modifications is
an alternative way to demonstrate what epigenetic modifications are required for gene
silencing as well as the locations that are most effective.

Preliminary experiments using dCas9-TET1-CD with sgRNAs targeting the
promoter and exon 2 regions of HLA-A have shown very little impact on gene expression
(Appendix B). However, it is possible we need to alter technical aspects of the experiment
such as cell lines used or titration of reagents and plasmid for transfection in order to see
the effects of methylation loss on HLA-I. Additional control experiments also need to be

performed to confirm dCas9 is reaching the target location in the cell. Nevertheless, this
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study would provide valuable insight into the mechanism behind epigenetic regulation of

HLA-I as well as help optimize HLA-I methylation as a biomarker.

Investigate epigenetic regulation of MHC-I assembly and antigen processing
machinery

Loss of expression of HLA-I is only one aspect of MHC-I downregulation in prostate
cancer cells. Dysregulation or loss of expression of any of the numerous proteins involved
in antigen processing, assembly of MHC-I molecules, or transport of MHC-I molecules to
the cell surface can result in decreased MHC-I expression. Many of these proteins,
including TAP2 and B2M, have been reported to be downregulated in prostate cancer
(36). The inhibitors that were used in this thesis will have cell-wide and genome-wide
effects. While we have focused on the response of HLA-I expression and epigenetics to
these inhibitors, it stands to reason that re-expression of HLA-I is enhanced by other
genes affected by the inhibitors. The dCas9-TET1-CD study described above will shed
some light on the contribution of other induced genes to HLA-I induction by DNMT
inhibitors since HLA-I should be the only de-methylated gene in these experiments.
However, it would also be prudent to evaluate induction of a panel of these genes in
response to DNMT and HDAC inhibitors followed by epigenetic analysis of genes that are
induced by these inhibitors. Preliminary data from our lab suggests some of the APM
genes are indeed induced by DNMT and HDAC inhibition, however we have not
examined the epigenetic signatures present in these genes (Appendix A). The epigenetic

signatures in these genes will be further investigated in future studies.
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Further develop the SEEMLIS assay to be completely automated

One of the greatest advantages of SEEMLIS over traditional tube-based approaches to
methylated DNA enrichment is the inclusion of automated steps. Automation is a powerful
tool for biological assays due to the reduced hands on time for the researcher and
reduction in human error. The increased accuracy and precision afforded when using
automation is crucial when working with low-input samples such as DNA from single cells
or rare cell populations including CTCs. Therefore, increasing the level of automation in
the SEEMLIS assay would potentially increase the assay sensitivity even further.

The Gilson EXTRACTMAX platform on which SEEMLIS was designed has
inherent flexibility due to multiple deck spaces for various, interchangeable uses including
assay plates, tip boxes, waste boxes, and tube racks of various sizes. Additionally, our
lab has been successful in working with engineers to 3D print custom devices to address
non-traditional assay needs. Therefore, it is within the capabilities of our lab to have the
SEEMLIS assay be virtually completely automated from CTC capture through methylated
DNA enrichment.

Currently, we are able to capture CTCs and extract DNA in an entirely automated
manner. At this stage, the DNA is removed from the assay plate by manually pipetting the
elution volume out of the elution well and into PCR strip tubes in which DNA digestion
and MBD2-MBD binding is performed. The MBD2-MBD-bound methylated DNA and
beads is then washed and eluted on the automated platform. In order to move the DNA
digestion and MBD2-MBD binding steps onto the robot, new elements need to be added
to the robot capabilities. For restriction enzyme digestion, samples will need to be heated

to 37°C for 15 minutes so a heating element would need to be added to the robot deck.
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We would also need to confirm minimal loss of sample volume due to evaporation will
take place during this step. If evaporation proves to be problematic, other steps would
need to be taken to ensure volume retention, such as the addition of a plate cover or
increased digestion volume. For MBD2-MBD enrichment, a method for continuous
sample mixing would need to be included in the automated protocol. Continuous mixing
may be accomplished by magnetic-based mixing where we employ the built-in magnetic
system to move the beads up and down through the solution. Another method may be to
have the robot periodically mix the samples by pipetting up and down. It may also be
possible to have efficient binding if the volume of the binding reaction is low enough. We
have successfully enriched methylated DNA in volumes lower than 5uL without mixing
using a patent-pending method for volume free reagent addition, suggesting that lowering
our reaction volume may eliminate or lessen the need for on-robot mixing. Implementing
and optimizing these additions may increase sensitivity and ease of use of the assay and

are worth pursuing, especially for clinical applications.

Further develop HLA-I as a biomarker

Chapter 4 of this thesis delves into the possibility that DNA methylation in HLA-I could be
used as a biomarker to identify patients with epigenetically silenced HLA-I. Being able to
identify these patients may be useful to determine which patients would not benefit from
certain types of immunotherapy or which patients may benefit from epigenetic therapy
alone or in combination with immunotherapy. We were able to successfully detect HLA-I

methylation in CTCs from patients with prostate cancer with low HLA-I expression. While
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these results are promising, changes can be made to improve sensitivity and specificity
of detection.

Two major areas of improvement are choice of restriction enzymes and primer
design. The restriction enzymes used in the study in Chapter 4 were chosen for their
compatibility with a larger panel of genes and could be further optimized specifically for
the HLA-I genes. The DNA fragments generated by these enzymes are approximately
1kb long, extending from the promoter to exon 3 and encompassing the majority of the
CpG island of each gene. The advantage of a larger fragment is that we are able to
capture and measure methylation anywhere within the CpG island and proximal promoter
regions of the genes, which was ideal for early stage studies since we did not have a
clear idea of which areas of methylation were common in the patient population. However,
having such a large DNA fragment also has disadvantages. One disadvantage is that we
may be detecting methylation that is not important for gene silencing. The results of future
studies exploring targeted de-methylation or methylation of the HLA-I genes as described
above may inform us of the ideal locations in each gene to target for biomarker
development. Enzymes could then be chosen that frame the area of interest better.
Another disadvantage is that the HLA-I genes are methylated in normal cells beginning
near the end of exon 3. This may explain why HLA-I methylation is detected at all in WBC
samples. We have begun to test a new restriction enzyme, BstY 1, that would cut the DNA
closer to exon 2 (Figure 5.2A). Adding BstY1 would potentially improve specificity by
removing areas from the HLA-A and HLA-C target DNA fragments near exon 3 where
normal cells are methylated. Preliminary data shows that adding BstY| reduced the

methylated HLA-A signal from WBCs to undetectable levels, while preserving the signal
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from LNCaP cells (Figure 5.2B). LINE1 signal was comparable across all digestion and
capture conditions (Figure 5.2C). Increasing the sensitivity of the assay in this way may
allow us to detect HLA-I from CTC samples without the need to employ the single cell
aspirator, saving time and effort.

To improve primer design, we need to take into consideration the polymorphic
nature of HLA-I. The primers used in this study will be optimized only for HLA-I haplotypes
that share the same polymorphisms. While we know primers can handle some degree of
mismatch, we would not know the level of mismatch or location of mismatches without
knowing the HLA-I type of the patient. Therefore, it may be necessary to type each patient
using patient matched WBCs and have a bank of HLA-I primers for SEEMLIS analysis to
choose from based on the individual HLA-I signature from each patient. Another solution
would be to rely on sequencing each sample rather than performing gPCR. We could
then also sequence the genome from patient matched WBCs to account for issues
aligning polymorphic regions to a reference genome. In either case, accounting for the

polymorphic nature of HLA-I will allow us to develop a better biomarker.

Perform ChIP and/or ATAC-seq on CTCs

Prior to this thesis work, HLA-I expression and epigenetic signatures in CTCs had not
been characterized. As described in Chapter 4 of this thesis, we identified populations of
CTCs from patients with prostate cancer that had reduced HLA expression compared to
white blood cells. We were also able to detect methylation of HLA-I genes in CTCs from

patients with prostate cancer. While methylated HLA-I as a biomarker has promise, we
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are also interested in pursuing alternative epigenetic biomarkers as well as investigating
the epigenetic landscape in CTCs at a deeper level.

In Chapter 2 of this thesis we found that HLA-I gene and protein expression was
more tightly correlated to histone modifications rather than methylation signatures. This
suggests that a histone modification may be a more predictive biomarker for epigenetic
silencing of HLA-I than DNA methylation. However, analysis of histone modifications has
traditionally required large amounts of starting material. Traditional ChIP assays typically
require cell inputs in the range of millions of cells. More recently, there has been a push
to generate protocols for low-input ChIP. However, even low-input ChIP protocols still
require cell inputs of around 1000 cells, which is 10-100 times more than a typical CTC
yield (213). While single cell methods for ChlP-seq exist, these methods require
sequencing of 1000s of single cells to generate an overall picture of the cell population
and are unable to accomplish targeted analysis of specific genes in single cells due to
low coverage per individual cell (117,214). Therefore, in order to evaluate histone
modifications in the HLA-I genes as biomarkers, a new method for targeted ChIP analysis
would need to be developed.

As described above, one of the advantages of the ESP-enabled Gilson
EXTRACTMAX automated system is its flexibility. Additionally, many of the steps of
MBD2 peptide-based enrichment of methylated DNA used in the SEEMLIS assay have
parallels to ChIP. Both methods require shearing of DNA, binding of DNA to beads linked
to a capture molecule, and several wash steps. As such, the SEEMLIS method can be
used as a backbone to develop a ChIP assay for CTCs. One important difference between

the two assays that will need to be considered is the use of an antibody for precipitation



180

for ChIP compared to a peptide for SEEMLIS. The differences in binding dynamics and
non-specific binding capacity of antibodies and the MBD2-MBD peptide will need to be
characterized and accounted for. Another key difference in the two assays is the method
of DNA shearing used. SEEMLIS employs restriction enzymes to cut the DNA in
predictable ways, which theoretically allows every available piece of target DNA to be
analyzed. This is crucial for low-input assays. On the other hand, ChIP methods typically
use sonication or MNase digestion to shear the DNA. These methods cut the DNA
randomly and do not necessarily preserve every piece of target DNA. However, digesting
CTC DNA with restriction enzymes prior to immunoprecipitation may be a viable option
to combat this issue. With these modifications applied to the SEEMLIS method on our
automated system, it may be possible to develop an assay for ChlIP in CTCs.

While targeted ChIP analysis of CTCs would allow for gene specific biomarker
development, it is not ideal for discovery-based experiments to learn about CTC biology
and heterogeneity. ChlP-seq can be used for these types of studies to identify epigenetic
signatures that are associated with various CTC characteristics. We could perform low
coverage ChlIP-seq on thousands of single CTCs or smaller pools of CTCs using existing
methods for low-input ChlP-seq (87,213,215). ChiP-seq would provide insight into the
epigenetics of CTCs at the population level. Additionally, if CTC samples are stratified on
certain characteristics such as treatment response or expression of specific genes or
protein, ChiP-seq may be able to inform on key differences in histone modification
patterns in the different groups.

Another method for analyzing chromatin-based epigenetic signatures in CTCs is

ATAC-seq. ATAC-seq is a way to measure chromatin accessibility in the genome. Similar
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to single cell ChlP-seq, single cell ATAC-seq requires hundreds or thousands of cells
sequenced at low coverage to be informative. However, if we are able to perform this
analysis on enough CTCs, ATAC-seq could be very informative on the general epigenetic
state across the genome in CTCs. One advantage to ATAC-seq over ChIP-seq is not
having to choose a single histone modification to work with. While ATAC-seq does not
specifically look at histone modifications, in many cases the amount of chromatin
accessibility at a given gene promoter measured by ATAC-seq can give a general idea
of what chromatin modifications may be present at that gene. For example, if the ATAC-
seq signal is low at a specific gene, we may expect to find a repressive histone signature
including H3K27me3 at this gene. Global ATAC-seq analysis could therefore point us in
the direction of genes that may be important for prostate cancer progression and
metastasis or for treatment response, which may then may be developed as biomarkers

using targeted ChIP analysis.

Further develop the SEEMLIS assay to support MBD-seq capabilities
In addition to ChlP-seq and ATAC-seq to evaluate chromatin-based epigenetic
signatures, there are methods to evaluate DNA methylation signatures genome-wide.
One method, MBD-seq, utilizes the MBD2-MBD peptide to enrich methylated DNA prior
to sequencing the enriched DNA. This method identifies enriched areas of the genome,
which are considered to have been methylated in the original cell population.

We are currently working to adapt a next generation sequencing method to include
a step for MBD2-MBD enrichment by SEEMLIS to study DNA methylation in CTCs. The

method we are developing uses an enzyme-based approach to shear the DNA prior to
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adaptor ligation to generate libraries. After adaptor ligation, the libraries are run through
SEEMLIS beginning with the MBD2-MBD enrichment step. Libraries are then enriched by
PCR with unique dual index primers to prepare them for sequencing. As a control, each
sample will be split and run in parallel with one enriched using MBD2-MBD and one un-
enriched. | have successfully generated enriched and un-enriched libraries from cell line
samples and am working to make necessary adjustments based on the quality and
quantity of the libraries to generate libraries from CTC samples.

One potential pitfall of this method is the presence of WBCs in the CTC samples.
To attempt to combat false positive readings of tumor methylation, we are also including
a matched WBC sample from each patient. This inclusion will allow us to know whether
a methylation signature seen in the CTC sample is unique to the CTCs or present in the
WBC population. If the background WBC signal turns out to mask signal from the CTCs,
we can use the single cell aspirator to further purify the CTCs prior to sequencing. Another
potential issue is differences in methylated DNA capture efficiency between samples. This
could cause biases in sequencing or problems with false positive or negative results
during analysis. To alleviate this, we are spiking enzymatically methylated lambda phage
DNA into each sample to have an internal control for the efficiency of capture of
methylated DNA.

Adding MBD-seq to the SEEMLIS repertoire would take the assay to a higher level
of utility since genome-wide analyses on low-input samples and single cells is quickly
becoming the gold standard in evaluating tumor biology and heterogeneity. Prostate
cancer is generally a heterogenous disease and it stands to reason that differences in

epigenetic regulation could contribute to this heterogeneity. Generating a picture of the
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CTC DNA methylation landscape in prostate cancer would also lead to important

advances in the understanding of prostate cancer metastasis.
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Figure 5.1. Schematic of epigenetic and gene expression changes in HLA-l in
response to DNMT and HDAC inhibition.
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Figure 5.1. Schematic of epigenetic and gene expression changes in HLA-l in
response to DNMT and HDAC inhibition. At baseline, HLA-I genes are epigenetically
silenced by repressive histone and DNA methylation signatures. LBH treatment inhibits
HDACs and leads to increased levels of H3K27 acetylation, which is associated with an
open chromatin state. 5AZA2 or SGI treatment inhibits DNMTs and leads to
hypomethylation at the HLA-I genes. Both of these epigenetic changes allow RNA
polymerase Il to bind to the HLA-I promoters and induce gene transcription. Created with

BioRender.com.
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Figure 5.2. Potential alternative restriction enzyme combination for HLA-I
biomarker studies
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Figure 5.2. Potential alternative restriction enzyme combination for HLA-l. A)
Schematic showing cut sites for BstYl (red), HpyCH4V (yellow), and Alul (blue) in the
HLA-I genes. Primer location is shown with double sided arrow. B) Methylation index for
(B) HLA-A and (C) LINE1 is shown for LNCaP and WBC samples digested with Alul and

HpyCH4V with and without the addition of BstYI.
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Appendix A:

Additional Cell Line Epigenetic
Signature Data and Epigenetic
Modifying Drug Treatments

Portions of this appendix are adapted from the following publication in preparation:
Rodems TS, Heninger E, Stahlfeld CN, Gilsdorf C, Carlson K, Kircher MR, Beebe DJ,
McNeel DG, Haffner MC, Lang JM. Targetable epigenetic alterations regulate class |
HLA loss in prostate cancer.

Contributions: Figure A.2A was performed in collaboration with C.G. Figure A.3A was
performed by E.H. Figure A.3B was performed by E.H., K.C, and M.R.K. All other
experiments and analyses were performed by T.S.R.
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This appendix contains data that is supplementary to the studies in Chapter 2. | performed
a more extensive analysis of DNA methylation and H3K27 modifications in the HLA-I
genes. This was not essential to the story in Chapter 2, but provides extra proof of
epigenetic control of HLA-I expression and more support for what | found in Chapter 2.
This appendix also contains preliminary data demonstrating the ability of DNMT and
HDAC inhibition to induce expression of other genes related to MHC-l expression.
Additionally, | have included experiments using siRNA to knockdown the de novo DNMTs
in LNCaP, PC3, and LAPC4 cells.

The DNA methylation experiments in this thesis were performed using MBD2-MBD
peptide-based precipitation of methylated DNA fragments followed by gqPCR. While this
method was useful to gain an overall picture of DNA methylation in multiple cell lines and
perform targeted analysis of DNA methylation in CTCs, it lacks single base pair resolution.
In order to achieve this level of resolution, a method such as bisulfite sequencing must
be used. | performed bisulfite sequencing on LNCaP and LAPC4 DNA for HLA-A, HLA-
B, and HLA-C (Figure A.1). Technical issues related to this experiment precluded me from
getting data for some of the regions. We decided not to pursue the experiment further
after that. However, this data does confirm that LNCaP and LAPC4 cells have the
heaviest methylation in exon 2 and 3, which was seen in the MBD2-MBD experiments
and in TCGA methylation array data from Chapter 2. This data also shows the relatively
lower level of methylation overall in LNCaP cells, which is also corroborated by the MBD2-
MBD data. Also in line with our data in Chapter 2 is the lower level of methylation in the
promoter regions compared to the exonic and intronic regions. Future studies to

investigate the contribution of exonic and intronic methylation to gene expression will be
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useful to determine whether these areas are drivers or passengers of HLA-I loss.
Additionally, we were able to see that WBCs have a small amount of methylation late in
Exon 3, confirming the utility of a new enzyme combination for methylation analysis in
CTCs to avoid detecting this normal level of methylation in our patient samples.

Chapter 2 of this thesis demonstrates that prostate cancer cell lines with low HLA-
| expression have repressive epigenetic signatures present at the HLA-I genes, including
DNA and H3K27 methylation. In that Chapter, | showed selected primer sets and cell lines
from the more comprehensive analysis that was performed. Figure A.2A shows the
locations of additional primers that were used in this analysis. MBD2-MBD enrichment of
DNA was performed in two additional cell lines a lymphoblastoid cell line (LCL), another
prostate cancer cell line, Du145. We also did this analysis on two control samples: DNA
from a DNMT double knockout cell line (DKO HCT116) and enzymatically methylated
HCT116 DNA as negative and positive controls for DNA methylation respectively. Figure
A.2B shows a heat map with our entire data set for MBD2-MBD enrichment. We see that
across all three genes, LAPC4, LNCaP, and PC3 have the highest levels of methylation
overall, in accordance with the conclusions in Chapter 2. Du145 has increased levels of
methylation compared to the non-cancerous cell lines in certain gene regions as well.
LCL cells had overall low levels of methylation, with the exception of regions towards the
end of the HLA-A and HLA-B CpG islands, in line with our previous observations for WBC
HLA-I methylation. We also had included an extra set of primers for HLA-A, HLA-B, and
HLA-C in our ChIP experiments from Chapter 2. The data for baseline expression with
the extra primers is shown in Figure A.2C. This shows the same trends as we found in

Chapter 2, where H3K27ac is lost in prostate cancer cell lines and H3K27me3 is more
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enriched compared with RWPE1. | also included control genes in these experiments.
MYOD1 is a control for H3K27me3 enrichment and lack of H3K27ac, while RPL30 is a
control for the inverse signature. | also included total H3 and IgG as controls in my ChIP
experiments. | did not see significant changes in total H3 capture between the cell lines
in the HLA-I genes (Figure A.2D). IgG signal was low across all experiments (Figure
A.2E).

In Chapter 2, we measured the effects of SGI and LBH on HLA-I gene and protein
induction and epigenetic signatures. We also did these same experiments using a
different DNMT inhibitor, 5-aza-2-deoxycytidine (5AZA2). We saw similar results to our
SGI experiments, which makes sense since the active form of SGI is the same molecule
as 5AZA2. We saw that the combination of 5AZA2 and LBH was the most successful in
inducing HLA-I gene and protein expression (Figure A.3A,B). We also again saw that
22rv1 cells did not respond to DNMT inhibition alone, but did respond to LBH alone.
LNCaP cells were less responsive in this experiment, but overall showed similar patterns
as the SGI/LBH study. PC3 cells were less responsive to 5AZA2 than SGI, though did
respond to combination treatment. | also measured DNA methylation in LNCaP, 22rv1,
and LAPC4 cells treated with DMSO and 5AZA2 (Figure A.3C). We saw an overall
reduction in DNA methylation after treatment with 5AZA2 compared to DMSO treatment,
supporting the results in Chapter 2.

This thesis focused on induction of HLA-I by epigenetic modifying agents.
However, there are many other proteins involved in antigen processing and MHC-I
expression at the surface. Three of these are beta-2-microglobulin (B2M), the

immunoproteasome subunit LMP7, and calreticulin (CALR). As shown in Figure 1.2, B2M
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is part of the MHC-I complex with HLA-I, LMP7 is a subunit of the immunoproteasome
which digests proteins to generate the peptides that are loaded into complete MHC-I
molecules, and CALR is a chaperone of MHC-I complex formation. One of the future
directions of this project is to investigate how epigenetic mechanisms affect expression
of these proteins. Figure A.4 shows preliminary data measuring induction of gene
expression of B2M, PSMBS, the gene that encodes LMP7, and CALR in response to SGI
and LBH. For B2M and PSMBS8, a similar trend of induction was seen in LNCaP, 22rv1,
and LAPC4 cells, where the combination treatment induced expression the most.
Significant induction of B2M by LBH was seen in LNCaP and LAPC4 cells as well as by
the combination treatment in LAPCA4 cells. PSMB8 was significantly induced by SGI alone
in LNCaP cells and by LBH alone in LAPC4 cells. Again, the combination treatment had
the highest overall level of induction, though the results were not significant due to
variability in response across replicates. PSMB8 expression was increased by LBH and
the combination treatment in 22rv1, but again the results were not significant. Unlike B2M
and PSMBS8, CALR expression was not reduced in the cancer cell lines compared to
RWPE1 and was not significantly induced by either drug or the combination in any of the
cell lines, This demonstrates that not all genes involved in MHC-I expression are affected
by epigenetic treatment. Overall, these preliminary results suggest that DMNT and HDAC
inhibition has a wide impact on MHC-I processing, affecting other genes involved in MHC-
| expression at the cell surface in addition to HLA-I. Investigations into the entire MHC-I
processing network will reveal important interactions between the genes that are affected

by epigenetic regulation changes in prostate cancer.
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The DNMT inhibitors used in this thesis affect DNMT1, DNMT3a, and DNMT3b activity.
As the maintenance methyltransferase, DNMT1 regulates the copying of methylation
signatures from parent to daughter cells during cell replication. DNMT3a and DNMT3b
are able to write methylation onto CpGs in response to cellular signals during cellular
growth phase. This means that the inhibitors we used will affect the copying of methylation
signatures as well as the writing of new methylation signatures. However, we are not able
to easily distinguish between the two types of methylation loss. To address this ambiguity,
| utilized siRNA to knockdown the de novo methyltransferases alone and in combination
with each other in LNCaP, PC3, and LAPC4 cells and looked at gene expression and
DNA methylation of HLA-I. These three cell lines were the ones identified in Chapter 2 to
have increased methylation in the HLA-I genes compared to RWPE1. | was able to
achieve knockdown of DNMT3a and DNMT3b at the gene expression level in all three
cell lines (Figure A.5A). However, we have not yet been able to successfully measure
knockdown at the protein level. Each cell line had a different response to the knockdowns
(Figure A.5A). HLA-I gene expression was not induced in LNCaP cells by knockdown of
either methyltransferase. HLA-I gene expression was induced in PC3 cells in response
to knockdown of both methyltransferases, with the dual knockdown being most effective.
In LAPC4 cells, HLA-B was increased in response to DNMT3a and the dual knockdown,
but the results were not significant. Interestingly, HLA-A gene expression was actually
slightly reduced in response to siDNMT3b in LAPC4 cells.

Next | looked at HLA-I DNA methylation in response to knockdown of each
methyltransferase. Primer locations for this analysis are indicated in Figure A.5B. A heat

map showing methylation levels across cell lines and conditions for each primer is shown
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in Figure A.5C. Methylation was lost with knockdown of both methyltransferases and the
combination in LNCaP cells, especially in the promoter regions of HLA-I. This would be
the expected result if the de novo DNMTs are responsible are activity writing DNA
methylation signatures on the HLA-I genes in the cell. In contrast, HLA-I DNA methylation
was increased across all three genes in response to de novo DNMT knockdown in PC3
cells. This result was surprising due to the increase in gene expression | observed in
response to these conditions. One explanation could be that DNMT1 is compensating for
DNMT3a and DNMT3b activity when one or the other is lost, accounting for increased
methylation levels. These results also suggest that DNA methylation in PC3 do not
significantly regulate HLA-I expression, which would be in line with the minimal,
statistically insignificant levels of HLA-I induction we observed in response to DNMT
inhibitors in PC3 cells. HLA-I methylation in LAPC4 was reduced in response to
knockdown of DNMT3a and DNMT3b alone, but was not decreased in the dual
knockdown condition. Again, this may suggest that DNMT1 may be able to compensate
for de novo DNMT activity in these cells. HLA-I induction patterns in LAPC4 support this
idea since siDNMT3a increased HLA-A and HLA-B expression more than the combination
conditions. Interestingly, sibNMT3b did not increase LAPC4 gene expression at all, but
did reduce methylation levels, suggesting there are other regulatory mechanisms that are
affected by DNMT3b knockdown that influence HLA-I expression. Overall, this experiment
generates many new questions related to the regulation of HLA-I in prostate cancer by

epigenetic mechanisms, which will be addressed in future studies.
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-l genes in LNCaP, LAPC4, and WBC.

Figure A.1. Bisulfite sequencing of the HLA
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Figure A.1. Bisulfite sequencing of the HLA-I genes in LNCaP, LAPC4, and WBC.
Bisulfite sequencing of three regions of HLA-A, HLA-B, and HLA-C in LNCaP, LAPC4,
and patient-derived WBCs (HLA-A only). Black circles represent methylated CpGs,

white circles represent unmethylated CpGs.
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Figure A.2. Additional analysis of the epigenetic landscape of HLA-I in prostate
cancer cell lines.

chip
&———>, chrpr2
HLA-A Prox. Prom A4 > A8
) - Prom. &~ 5 162 <>
Dist. Prom. HE 1G1 ; A5 M E A7 ; %
Distal Promoter . Proximal Promoter
-400 TSS +1.2kb
HLA-B chiP ChiP P2
Prox. Prom. M —>
¢ Dist. Prom.a € >'Gﬁ‘ 162 %
] Distal Promoter " Proximal Promoter UTR Exon 1 Intron 1 Exon 2 Intron 2 Exon 3
i 1SS +1kb
CpG Island
ChlIP P2
HLA-C che &>
Dist. Prom. Prox. Prom. 1G1 % c5 c6
- Distal Promoter n Proximal Promo!er:r . TR Exon 1 Intron 1 Exon 2 Intron 2 Exon 3
+1kb
B ® C
-
C ©
Q i
o (:":) I RWPE1 Bl LNCaP WH 22rvi W PC3 LAPC4
é g H3K27Ac
Dist. Prom. 2
Prox. Prom. 3
210
Exon 1 T = = - x - [
Ad - H
o
5 > g
Exon 2 >
A7
A8 HLA-A P2 HLA-B P2 HLA-C P2 MYOD1 RPL30
A9
Dist. Prom. -
Prox. Prom. = B RWPE1 BE LNCaP B 22rv1 BE PC3 LAPC4
Exon 1 > H3K27me3
Exon 2 ™ 80
B5 60
3 40
. Qo
Dist. Prom. £ 5 ill‘
Prox. Prom. I £ 15
Exon 1 s g 10
Exon 2 i o
C5 O

o o

C6)

HLA-AP2 HLA-BP2 HLA-CP2 MYOD1 RPL30

Methylation Level

B owv Il ved Il High

D B RWPE! N LNCaP ®E 22rv1 W PC3 LAPC4 E
Total H3 W RWPE1 I LNCaP . 22rv1 I LAPC4 PC3
otal
5 Total H3
2!
5 s
= b
s S 10
o o o4 [
0.2
0.0- = =
HLA-A HLA-B HLA-C HLA-AP2 HLA-BP2 HLA-CP2 MYOD1 RPL30 HLA-A P2 HLA-A HLA-B HLA-BP2 HLA-C P2 HLA-C MYOD1 RPL30



198

Figure A.2. Additional analysis of the epigenetic landscape of HLA-I in prostate
cancer cell lines. A) Primer locations for DNA methylation and histone modification
experiments. B) Heat map of DNA methylation in prostate cancer cell lines, RWPE1, a
lymphoblastoid cell line (LCL). Enzymatically methylated HCT116 DNA and DNA from
HCT116 cells with a double DNMT knockout phenotype are included as positive and
negative assay controls, respectively. Data from Chapter 2 is included for reference with
the additional cell lines and primers. ChIP with antibodies targeting H3K27ac and

H3K27me3 (C) total histone H3 (D) and IgG (E) in prostate cancer cell lines and RWPE1.
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Figure A.3. HLA-I induction and epigenetic changes by 5AZA2, SGI, and LBH.
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Figure A.3. HLA-I induction and epigenetic changes by 5AZA2, SGI, and LBH. A)
Representative histograms of flow cytometry analysis of HLA-I protein induction by
5AZA2, LBH, or combination treatment with DMSO as a control. B) Gene induction by
5AZA2, LBH, or combination treatment relative to DMSO treated cells. C) Heat map

showing DNA methylation in DMSO and 5AZA2 treated cells.
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Figure A.4. Induction of B2M and LMP7 by DNMT and HDAC inhibition in prostate
cancer cell lines.
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Figure A.4. Induction of B2M and LMP7 by DNMT and HDAC inhibition in prostate
cancer cell lines. Relative expression and fold change of B2M, PSBM8, and CALR in
RWPE1, LNCaP, 22rv1, and LAPC4 cells treated with DMSO, SGI or LBH alone or in

combination. Error bars represent SEM. * p<0.05, ** p<0.01, *** p<0.001.
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Figure A.5. Effect of siDNMT3a and siDNMT3b on HLA-I expression and DNA
methylation in prostate cancer cell lines.
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Figure A.5. Effect of siDNMT3a and siDNMT3b on HLA-I expression and DNA
methylation in prostate cancer cell lines. A) Fold change in gene expression in cell
lines transfected with siDNMT3a, siDNMT3b alone or in combination compared to cells
transfected with non-targeting siRNA (siNT). B) Primer locations for DNA methylation
analysis. C) Heat map showing DNA methylation in cell lines transfected with siNT,

SiDNMT3a, or siDNMT3b alone or in combination.
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Appendix B:

CRISPR-dCas9 Mediated Targeted
De-methylation of HLA-A by TET1-
CD
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Appendix B contains preliminary data related to the work in this thesis regarding the
aberrant methylation of HLA-A in prostate cancer. The goal of these experiments were to
determine which region or regions of the extensive methylation presentin the HLA-A CpG
island and promoter is essential for HLA-A silencing. Although the data presented in this
thesis demonstrate that removal of methylation within the HLA-I genes by inhibition of the
DNMT proteins is associated with an increase in gene expression, we cannot conclude
that removal of DNA methylation in the HLA-I genes is sufficient for re-expression of HLA-
| due to the global effect DNMT inhibitors have in the cell. Additionally, it would be prudent
to biomarker development to know which regions of methylation are most important to
gene expression regulation. Therefore, | sought to design an experiment where | could
systematically de-methylate specific regions of the HLA-A, while not affecting methylation
levels elsewhere in the cell.

To do this, | used a CRISPR construct with a catalytically dead Cas9 component
(dCas9) which had been fused to the catalytic domain of TET1 (TET1-CD). This was
developed by Xu et al. as a method for targeted removal of DNA methylation in the region
where dCas9 is directed (212). Demethylation is accomplished by the fused TET1
catalytic domain. TET proteins begin the demethylation process of CpGs endogenously
in the cell by catalyzing the conversion of 5mC to 5hmC. Xu et al. was able to use this
system to successfully demethylate and re-express RANKL, MAGEB2, and MMP2 in cell
lines.

| designed two small guide RNAs (sgRNAs) targeted to different areas of the HLA-
A gene: the promoter and exon 2. The locations of the sgRNAs are shown in Figure B.1A.

| cloned the sgRNAs into the CRISPR-TET1-CD backbone and propagated the plasmids
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in E.coli. | mini-prepped the plasmid while growing a culture for midi-prep and sequencing
the resulting DNA to confirm the insertion of my sgRNA. Annotated chromatograms for
the results of sequencing are shown in Figure B.1B.

Next | transfected the CRSPR-TET1-CD plasmids into RWPE1, PC3 and LAPC4
cells. | measured gene expression of HLA-A in the cells transfected with the promoter or
exon 2 sgRNA plasmids compared to cells transfected with the original plasmid which
has a scrambled sequence inserted in the sgRNA plasmid location (-sgRNA). No change
in gene expression was seen in cells transfected with exon 2 sgRNA compared to the -
sgRNA condition (Figure B.2A). However, there was an approximately 50% decrease in
gene expression in LAPC4 cells containing the promoter targeting sgRNA (Figure B.2B).
It is possible that the reduction in gene expression could be due to the proximity of the
promoter sgRNA to the TSS, where the dCas9 protein may be blocking the binding of
RNA polymerase. This is supported by published studies that have used dCas9 targeted
to gene TSSs to effectively block transcription (216,217). However, this reduction in gene
expression was not seen in the other two cell lines. Experiments need to be done to
confirm that the dCas9-TET1-CD protein is present at HLA-A, which can be done by ChIP
analysis using a Cas9 antibody.

| measured methylation at three locations in HLA-A in cells transfected with the
exon 2 or scrambled sgRNA plasmid to see if methylation was successfully removed.
There was an approximately 50% reduction in methylation at the three regions in the exon
2 sgRNA transfected cells (Figure B.2C). This experiment has only been conducted once
and only in one cell line, so additional experiments will need to be completed to draw

conclusions from this data. However, preliminarily, it seems that loss of methylation alone
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is not enough to induce expression of HLA-A in LAPC4 cells. This may be because
repressive histone signatures are still present even if DNA methylation is removes. Future
studies will also investigate the impact of HDAC inhibition or targeted histone tag
modulation using a similar CRISPR-based system in combination with targeted de-

methylation of HLA-A.
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Figure B.1. Locations and Sanger sequencing of sgRNAs

A
HLA-A . -
: Proximal Promoter mﬂ Intron 1
-200 TSS
CpG Island

+500bp

B

Promoter

AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
DDDDDDDDDDDDDDDDDDDDD

AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
xk p~ e T plI s s H P C B F * § % A N M




210

Figure B.1. Locations and Sanger sequencing of sgRNAs. A) sgRNA locations are
indicated by blue boxes. B) Chromatograms from Sanger sequencing of mini-preps of

clones generated for each sgRNA.
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Figure B.2. HLA-A gene expression and methylation in cell lines transfected with

dCas9-TET1-CD
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Figure B.2. HLA-A gene expression and methylation in cell lines transfected with
dCas9-TET1-CD. Fold change of HLA-A gene expression in cells transfected with dCas9-
TET1-CD containing sgRNA targeting exon 2 (A), promoter (B), or scrambled sequence
(-sgRNA). B) HLA-A methylation at three gene regions in cells transfected with exon 2 or

scrambled sequence (-sgRNA).
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Appendix C:

Additional Experiments for the
Development of SEEMLIS
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This appendix contains extra experiments that were done during the development and
validation of SEEMLIS. During the early development stages of this assay, we were using
standard DNA oligo primers with SYBR green chemistry for gPCR. We switched to FAM
labeled TagMan probes so that we could perform pre-amplification. TagMan also offers
increased specificity due to the addition of an internal probe sequence for detection. Using
the standard DNA oligos and SYBR chemistry, we had similar results to the final version
of SEEMLIS in terms of sensitivity for GSTP1 analysis where methylated GSTP1 was
detected in an input dependent manner from serially diluted LNCaP DNA, but was
detected at much lower levels, if at all in WBC DNA (Figure C.1A). Using this version of
the assay we measured GSTP1 methylation in 7 CTC samples and cell free DNA (cfDNA)
collected from matched plasma samples (Figure C.1B). Patient 314 did not have matched
plasma available. LINE1 was detected in all samples. GSTP1 was detected in 5 CTC
samples. In four of these samples, GSTP1 was also detected in the plasma samples.
GSTP1 was detected in the plasma of one patient, but not in the CTC DNA. This
experiment suggests that cfDNA could also be used for biomarker analysis using
SEEMLIS.

Figure C.2 contains additional data from validation of the multiplexed SEEMLIS
assay. In this validation experiment, | serially diluted LNCaP, LAPC4, and WBC DNA and
performed SEEMLIS from the MBD2-MBD enrichment step. We obtained similar results
to what was seen in Chapter 3 with WBC and LNCaP whole cell dilutions. We also
performed the multiplexed version of SEEMLIS on CTC samples that were processed
using VERSA and contained high numbers of background WBCs (Figure C.3). We did

not detect GSTP1 or RASSF1 above the Ct value thresholds determined in Chapter 4.
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We able to detect APC and RARB, but could not definitively say that these signals were
from CTCs as opposed to WBCs due to the high level of WBCs in the sample. The dotted
lines on the graph represent the thresholds determined in Chapter 3 for these genes
based on background level of 1000 WBCs. This data led us to purify CTC samples further

by single aspiration for analysis, as seen in Chapter 3.
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Figure C.1. Validation of methylated GSTP1 detection in LNCaP and WBC DNA
and detection of methylated GSTP17 in CTC and plasma from patients with
prostate cancer.
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Figure C.1. Validation of methylated GSTP1 detection in LNCaP and WBC DNA and
detection of methylated GSTP7 in CTC and plasma from patients with prostate
cancer. A) Methylation index for GSPT1 in serially diluted WBC and LNCaP DNA
enriched by MBD2-MBD. B) Methylation index for GSPT1 and LINE1 in DNA from CTCs

and cfDNA from plasma from patients with prostate cancer.
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Figure C.2. Validation of SEEMLIS in serially diluted WBC, LNCaP, and LAPC4
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Figure C.2. Validation of SEEMLIS in serially diluted WBC, LNCaP, and LAPC4 DNA.
Methylation index for serially diluted DNA samples in the indicated cell types are shown
for GSTP1, RASSF1, APC, and RARB. LINE1 data for these samples can be found in

Chapter 4.



Figure C.3. Background WBC population interferes with the ability to detect
methylation of multiple genes in prostate cancer CTCs.
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Figure C.3. Background WBC population interferes with the ability to detect
methylation of multiple genes in prostate cancer CTCs. Methylation index is indicated
for APC, RARB, and LINE1 in two patient samples. Dotted lines indicate the cut off based
on 1000 WBC background. Estimated numbers of CTCs and WBCs are shown below

each graph. GSTP1 and RASSF1 were not detected in these samples.
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