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Abstract

Tumors are composed of heterogeneous cell types each with its own unique
molecular profiles. Recent advances in single cell genomics technologies have begun to
increase our understanding of the molecular heterogeneity that exists in tumors with
particular focus on gene expression and chromatin accessibility profiles. However, due
to limitations in methods for certain sample types and high cost for single cell genomics,
bulk tumor molecular profiling has been and remains widely used. In addition, other
facets of single cell epigenomic profiling, particularly methylation and
hydroxymethylation, remains underexplored. Thus, investigations to understand the cell
type specific epigenetic heterogeneity and the cooperation among various molecular
layers to regulate tumorigenesis are needed. In this thesis, | utilize a multi-omic
approach integrating DNA methylation, hydroxymethylation, chromatin accessibility, and
gene expression profiles to investigate unique single cell type-specific features in 1)
epithelial-to-mesenchymal transition and in 2) pediatric central nervous system tumors.
First, | demonstrate the shared and distinct epigenetic profiles that are associated with
single cells undergoing epithelial-to-mesenchymal transition. With a multi-omic
approach, | identify increased hydroxymethylation in binding motifs of transcription
factors critical in regulating epithelial-to-mesenchymal transition. Then, | shift my focus to
characterize the cellular heterogeneity in pediatric central nervous system tumors and
transcriptomic alterations associated with these tumors, while accounting for cell type
composition, with single nuclei gene expression data. | detect novel pediatric central
nervous system tumor associated genes that are differentially expressed. Finally, |
illustrate the cytosine modification alterations that occur predominantly in the progenitor-

like cell types of pediatric central nervous system tumors with a multi-omic approach. |



determine associations between cell type-specific hydroxymethylation alterations with
cell type-specific gene expression changes. Together, these findings emphasize the
need for consideration of cellular identity to determine molecular heterogeneity that exist
in various cancer contexts. Moreover, these works collectively suggest the utility of multi-

omic approaches to uncover novel insights in underlying tumor biology.
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Chapter 1

1. Introduction

1.1. Molecular characterization of cellular identity

1.1.1. Cellular identity in lineage commitment and development

The human body is composed of more than 30 trillion cells which can be
categorized into around 500 cell types’~’. Under various physiological conditions and
intrinsic and extrinsic stimuli, a single cell proliferates and differentiates into various cell
types to have specialized functions to make up a living organism®°. A cell type can be
defined by its morphology, phenotype, function, and lineage in the context of the organ it
is in®19, Cellular identity dictates uniqgue molecular components like the epigenome and
transcriptome of each cell type'*. Cells of different functions coordinate with each other
to maintain homeostasis under normal physiological conditions. As each cell type has
specific roles in the body, it is essential to consider dysfunction that occurs in diseases

at the individual cell type level.



1.1.2. Molecular profiling using ‘omics’ technologies

With the rapid advances in next generation sequencing and genome wide
measurement technologies, researchers have been able to utilize an ‘omics’ approach to
understand essential molecular components in normal and disease biology. To take an
‘omics’ approach means to take an approach to perform a “comprehensive, global
assessment of molecules™?. Commonly used examples that fall in under this definition
include genomics (DNA sequences), transcriptomics (gene expression), epigenomics
(epigenetic marks like methylation or chromatin structure), proteomics (proteins), and
metabolomics (metabolites). For example, instead of focusing on single candidate genes
or markers as it would be done in ‘genetics’, ‘genomics’ would focus on the entire
genome’?. An ‘omics’ approach has reduced biases that exist in candidate gene
methods and has improved our understanding of biological systems and networks as a
whole’?.

While less commonly performed than single omics measurements, multi-omic
approaches hold greater potential for understanding the intricate complexities that exist
in biological systems. Biological processes are not one-dimensional but involves
coordination among multiple different molecular facets. Thus, multi-omic approaches
provide more opportunities to address more causative questions of regulation of normal

physiological homeostasis or of disease mechanisms than single omics strategies?.

1.1.3. Technologies to identify cell types

Traditionally, distinct cell types have been sorted using approaches like
fluorescence-activated cell sorting (FACS) with antibodies for known markers for cell
types then profiled by sequencing or arrays. However, antibody-based sorting will only
capture pure single cell populations if the antibody and the cell marker itself is highly
specific and widely available*!. If the marker is present on unknown cell types, there may

still be a mixture of cell types after sorting to confound analyses. Moreover, distinct



markers or antibodies for rare cell types may not have been identified yet, limiting
investigations into cell types of interest.

In the past decade, single cell genomic profiling tools have revolutionized our
understanding of molecular characteristics and gene functions of specific cell types in
particular tissue and disease environment®**-'°, Various methods to profile
transcriptomics, genomics, epigenomics, and proteomics among others at the single cell
level have been developed to allow molecular characterization of single cell types,
identification of rare/unknown cell types or cell type composition of tissues, and
discovery of genes governing and regulating cellular identity programs®+141718 Single
cell molecular characterization approaches not only provide information on cell types,
but also information on cell states that exist in a spectrum in the tissue of interest 1213,

While single cell technologies have exponentially improved our ability to
investigate biological processes and molecular profiles at the single cell level, there are
challenges that remain to be resolved as we move forward. Certain cell types are more
vulnerable to destruction during the initial tissue dissociation that is required for most
single cell technologies. Moreover, if there are cell types that are dependent on the
extracellular matrix structure, its transcriptome may be disturbed during the dissociation
process and limit accurate molecular profiling for those cell types. Logistically, cost of
sequencing for single cell experiments is much higher compared to bulk tissue
experiments as it requires greater depth of sequencing to get enough reads per cell.

In addition, there are computational challenges that need to be solved for data
generated by single cell technologies. The extremely large datasets from these methods
require much higher computational power and tools to reduce technical noise from lower
input material and handle zero inflation properties****?°, Moreover, assigning single cells
into specific cell types have been a little more difficult as there are no standard methods
for classification®. Cell types are currently classified based on expression of markers
from previously published studies, expression on sets of genes, or by inference using

other annotated single cell studies. Increasing efforts to address the variability in cell



type classification have been made experimentally and computationally. One of the most

extensive efforts in this realm was from the Tabula Sapiens Consortium, in which they

developed a single cell transcriptomic atlas of more than 500 cell types in multiple

organs in the human body that may be used as a universal reference as well as to

identify tissue-specific, tissue-agnostic, or disease-associated features of cell types

(Figure 1-1)*.

scRNA-seq and snRNA-seq of >30
adult and embryo tissue types
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Figure 1-1. Single cell atlas of around 500 cell types from human tissues
developed by the Tabula Sapiens Consortium?3-°
Figure from Liu and Zhang?®.

High level of applicability, extensive use, and relative ease of technological
design of single cell profiling technologies for RNA-seq and ATAC-seq have led to
commercially available products for single cell RNA-seq (scRNA-seq), single cell ATAC-
seq (scATAC-seq) and even MULTI-ome (10X Genomics, Parse Biosciences, etc) which
combines scRNA-seq and scATAC-seq data collection. However, for some other

molecular characteristics like DNA methylation, development of commercially available



single-cell measurement products for widespread use has been lagging. Limitations like
the harsh effects of bisulfite treatment on DNA and the need for longer reads for
alignment that can be addressed in bulk sequencing but is more difficult to rectify at the
single cell level. The methods for single cell epigenome profiling*’?*=** | apart from
sequencing or arraying after experimental cell type sorting, have mostly remained in
academic settings.

Bulk tissue measures of genome-scale DNA methylation remain widely used due
to limitations in single cell technologies. To address effects from heterogenous cell types
that compose tissue of interest, computational approaches have been developed to
deconvolute, or separate, signals from various cell types. Numerous cell type
deconvolution methods have been developed to identify proportions for cell types that
exist in bulk tissue for gene expression (RNA-seq), chromatin accessibility (ATAC-seq),
chromatin contacts (Hi-C) and DNA methylation profiles?*—°. Additionally, methods like
CellDMC and Tensor Composition Analysis exist to identify specific associations of
differentially methylated loci with a phenotype of interest and the cell type driving those
alterations***’. CellDMC and Tensor Composition Analysis methods incorporate the cell
type fractions as interaction terms when conducting epigenome wide association

studies®5-%7.

1.2. DNA cytosine modifications

Although almost every cell in each individual has the same DNA, cell types have
various phenotype and functions. These different functions are controlled by the
epigenome. Epigenetics is “the study of changes in gene function that are mitotically
and/or meiotically heritable and that do not entail change in DNA sequence”***°. Cellular
identity is established by complex, intricate coordination of different epigenetic regulatory

marks, like DNA cytosine modifications, histone modifications, and chromatin



organization’’. Here, | focus on DNA cytosine modifications as it is one of the major

areas of focus of the studies in the following chapters.

1.2.1. Methylation

One of the most well-studied epigenomic marks is DNA methylation. Itis a
stable, heritable mark that allows for the transfer of gene regulatory programs for cell
types from parent to daughter cells**=**. Dynamics of DNA methylation, along with its
oxidized derivatives, are critical in regulating cell fate and identity*>“°, DNA methylation
is essential to normal development due to its roles in regulating gene expression,
ensuring genome stability, maintaining chromatin structure, and regulating splicing*’“.
Moreover, altered DNA methylation plays key roles in contributing to disease
progression.

The overwhelming majority of DNA methylation in humans occurs at the in the
context of cytosine linked to a guanine through a phosphate group (CpG) dinucleotides
(Figure 1-2)*>*°. DNA methyltransferases add methyl groups from S-
adenosylmethionine to the fifth carbon on DNA cytosines to become 5-methylcytosine
(5-mC, Figure 1-3)>-°3, DNMT1 enzymes are responsible for maintaining DNA
methylation marks during DNA replication that allow for the heritability>*—°°. DNMT3A and
DNMT3B are generally responsible for de novo CpG methylation and non-CpG
methylation, especially during development, and also function to maintain DNA

methylation in>%=,
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DNA methylation marks coordinate with histone modifications at key
development and lineage specifying genes to repress pluripotency and de-differentiation
during the differentiation process®~". As it is essential to encoding cellular identity for
the daughter cells, each cell type has distinct DNA methylation profiles’**1, Tissue
specificity also contributes to the distinct methylation profiles for the various cell types®-
89.

Approximately 1% of the human genome is CpG sites (~30 million sites), and
about half of CpG sites are in transposon derived sequences such as short and long
interspersed nuclear elements (SINE, LINE respectively) and long terminal repeat (LTR)
retrotransposons®®?%:°t, CpGs in repeat sequences are generally highly methylated®%°2°,
A subset of transposable elements, retrotransposons (or Class 1 transposable
elements), are mobile DNA elements of the genome that make up almost half of the
human genome®~°’. Transposable elements can contribute to genome instability and

their roles in insertions and chromosomal rearrangements have been associated with



certain diseases such as hemophilia and different types of cancers®-°°. DNA
methylation at the transposable elements is critical in repressing their activity to stabilize
the genome 3101104,

A small proportion of CpGs are in clustered in regions called CpG islands. CpG
islands are defined as 200 base pair segments of DNA with more than 50% GC content
and observed CpG to expected CpG ratio greater than 0.6'%. 75% of promoters are in
CpG islands and remain largely unmethylated in histopathologically normal cells (Figure
1-2)6%:106.197 To remain unmethylated and protect from DNA methyltransferases, CpG
islands recruit complexes that include histone methyltransferases, particularly MLL
which methylates H3K4 and is associated with active transcription'®-*?, CpG islands
remain unmethylated and repressed by Polycomb complexes which mark the region with
H3K27me3 and nucleosomes, which are associated with inactive genes particularly in
embryonic stem cells®***-11°, Some promoter CpG islands that are methylated are
associated with gene silencing in genes that would need to be stabilized in the
repressed long term such as genes located on the inactive X chromosome*“. Contrary
to promoter CpG islands, many intragenic CpG islands have high levels of methylation
and have been reported to associate with gene expression rather than gene
silencing’® 7916117 In addition, intragenic CpG island methylation has been shown to
play a role in regulating splicing and polyadenylation and shown to be a product of
nearby gene transcription'8-12¢,

Methyl-binding proteins (MBPSs) are responsible for reading DNA methylation
marks. Generally, these proteins have methyl-CpG-binding domains (MBDs) that can
bind to single symmetrically methylated CpG sites and transcriptional repression
domains (TRD) that mediate interactions with other proteins*?’*23, Methyl-CpG-binding
protein 2 (MeCP2) was one of the first MBPs discovered'**. MeCP2 interacts with
different partners like histone deacetylases (HDAC1/3) to repress transcription and with

BRM (part of the SWI/SNF complex) to remodel the nucleosome**>-'*°, Several other



MBPs also coordinate with DNA methylation, histone modifications and chromatin

organization to regulate transcription and chromatin structure?8%°,

1.2.2. Hydroxymethylation

While the existence of 5-hydroxymethylcytosine (5-hmC) was discovered in
viruses in the 1950s and in vertebrates in 1975-*%2_its functional roles were largely
unknown and very underexplored. It was not until in 2009, when Tahiliani et al
discovered ten eleven translocation (TET1/2/3) enzymes to be responsible for oxidizing
5-mC and Kriaucionis & Heintz discovered 5-hmC in different neuron types, that
research on this modification was revitalized**4*,

5-mC can undergo active demethylation by TET enzymes which oxidizes the
methyl group to produce 5-hmC (Figure 1-3)'**. TET enzymes then oxidize 5-hmC to
produce 5-formylcytosine (5-fC) and then oxidize 5-fC to produce 5-carboxylcytosine (5-
caC). 5-fC and 5-caC, but not 5-mC and 5-hmC, are excised by thymine-DNA
glycosylase (TDG) in the base excision repair pathway or alternatively by NEIL1-2 DNA
glycosylases to become an unmethylated cytosine'>-14¢,

While 5-hmC can be an intermediate in the active DNA demethylation pathway,
numerous studies have suggested that it can act as a stable mark on DNA, especially in
the context of specific cell types or tissue types, that it has been called the ‘sixth’ base of
the genome with 5-mC being the fifth’ base'*°~>*, Compared to 5-fC and 5-caC, 5-hmC
is 10 to 100 times more prevalent in cell types like embryonic stem cells, neural
progenitor cells and some neurons'#144:152.155.156 ‘\While in most tissues 5-hmC
prevalence is relatively very low compared to 5-mC, it can be prevalent up to 40% of 5-
mC in some cell types such as Purkinje cells*****’, Like 5-mC, 5-hmC is tissue type-
specific. Highest levels of 5-hmC are found in the brain relative to other tissue
types'°0:1°6.158-160 " Around 50% of the 5-hmC marks all marks and tissue specific
differentially hydroxymethylated regions are enriched in the gene body regions (Figure

1_2)159.
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5-hmC plays a key role in development and cell differentiation. Some of the same
MBPs as for 5-mC can recognize 5-hmC to regulate transcription and chromatin
structure®%%1162 In the brain and in embryonic stem cells, where there are high levels
of 5-hmC, 5-hmC is enriched in gene bodies, promoters marked with bivalent chromatin
signature and enhancer regions'#%160:15>-171 = Moreover, 5-hmC is enriched in protein-
DNA interacting sites, including interacting sites of key developmental genes like OCT4
and NANOG?®¢171172 But, 5-hmC marks can be context-specific. For example, while 5-
hmC is mutually exclusive from trimethylated H3K27 regions in the brain, it is enriched in
promoters marked with H3K27me3 in embryonic stem cells!6#155:167.169 "|n addition, 5-
hmC accumulates particularly in the gene bodies of activated genes associated with
neuronal function during neurogenesis***¢’. Contrary to neuron differentiation, 5-hmC
levels decrease during embryonic stem cell differentiation'*°1173174 The different TET
proteins regulate 5-hmC in cell type-specific and genomic-context dependent manners.
For example, TET1 is preferential to embryonic stem cells while TET3 is critical for
regulating the epigenome in oocytes and zygotes*”'’®, Moreover, TET1 regulates 5-
hmC in promoters and enhancers and TET2 regulates 5-hmC in gene bodies in
embryonic stem cells* /%177,

5-hmC has been thought to play a role in regulating transcription in a genomic
context dependent manner as well. For example, 5-hmC in gene bodies has been
associated with highly expressed genes'*°*’8, Furthermore, enrichment of 5-hmC in
promoters have been associated with lowly expressed genes'®>%. 5-hmC interactions
with various transcription factors and other protein complexes like Polycomb repressive
complex have been described as one of the possible mechanisms behind transcriptional

regulation'66:170.172,
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1.2.3. Methods to measure genome-wide cytosine modifications at the

single base resolution

The past couple of decades with ever developing microarray and sequencing
technologies have exponentially improved methods to measure DNA methylation and
hydroxymethylation genome wide. There are three main methods to detect cytosine
modifications: antibody, enzymatic, and chemical treatments. The antibody-based
methods, called MeDIP-seq and hMeDIP-seq, immunoprecipitate regions of DNA with
cytosine madifications using 5-mC and 5-hmC specific antibodies. One enzymatic
method to detect 5-mC is called TAPSB*’°. In this method, B-GT glycosylates 5-hmC to
protect 5-hmC during the TET oxidation. Following the oxidation, the DNA is treated with
pyridine borane which converts the final oxidized product, 5-caC, to uracil which then is
read as thymine. Methylated cytosine will be sequenced as thymine, while
hydroxymethylated cytosine is sequenced as cytosine.

While there have been many methods developed to detect DNA cytosine
modifications, one of the most used methods to measure DNA methylation is by
chemical bisulfite (BS) treatment. For this method, cytosine bases in single stranded
DNA are deaminated to uracil upon the treatment with sodium bisulfite. During the PCR
amplification step, the treated DNA will replace the uracil (converted cytosines) as
thymine'®°. Methylated cytosines are resistant to deamination and will remain to be read
as cytosines which allows discrimination of methylated and unmethylated cytosines.
However, hydroxymethylated cytosines also are resistant to the deamination from
sodium bisulfite’®*#2, Therefore, traditional bisulfite treatment methods for DNA
methylation measures do not distinguish 5-hmC from 5-mC**3. To distinguish between
the two, an oxidative bisulfite (0xBS) treatment method, among other methods, were
developed'®®. When DNA is first oxidized with a chemical like KRuO4 before the bisulfite
treatment, it will convert the 5-hmC to 5-fC. Sodium bisulfite then will convert 5-fC into a
thymine. Subtracting bisulfite treated only and oxidative bisulfite treated signals will allow

for estimation of 5-hmC?*84185,
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Bisulfite treated or oxidative bisulfite treated DNA can be sequenced or
measured with a microarray like the lllumina Human Methylation EPIC array. Measuring
cytosine madifications with a sequencing or an array approach each have strengths and
limitations. Coverage of the genome and measured genomic contexts are similar for
both methods of measurement'®. While sequencing can query more CpGs sites, or
other non-CpG sites, coverage, and therefore precision, is limited by the cost from the
depth of sequencing needed®®. Methylation arrays offer better precision, reproducibility,
and cost-effectiveness while being limited to only a proportion of CpGs that sequencing
offers’®>%’. These strengths and limitations need to be considered while designing
experiments to measure DNA cytosine modifications.

In the studies incorporated in this thesis, we utilize oxidative bisulfite treatment
complemented with lllumina Human Methylation EPIC array. The EPIC array is the most
recent version of the Illumina methylation arrays, following Human Methylation 27K
BeadChip and Human Methylation 450K arrays. It measures around 850,000 CpGs in
diverse genomic contexts across the human genome. The methylation arrays result in
beta values () calculated by dividing the intensity of the methylated signal by the sum of
the intensity of unmethylated and methylated signal + 100. A completely unmethylated
CpG will have a beta value of 0 and a completely methylated CpG will have a beta value

of 1.

1.2.4. Aberrant DNA cytosine modifications in cancers

Non-mutational epigenetic reprogramming has been described as an emerging
hallmark and enabling characteristic of cancer'®. Epigenetic reprogramming contributes
to other hallmarks of cancer such as enabling phenotypic plasticity and activating
invasive growth programs through processes like epithelial-to-mesenchymal transition*.
In addition, alterations in the epigenome have been suggested to be associated with

predisposition to cancer and be early events in tumorigenesis %9,
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Genetic alterations have been found in epigenetic modifiers in many tumor types.
Among those genetic alterations include mutations and chromosome translocation in
epigenetic modifiers of cytosine modifications, DNMT1/3A/3B, TET1/2, and IDH1/291-194,
While effects from genetic alterations epigenetic modifiers on DNA cytosine modification
profiles still need further exploration, initial studies in tumor types (hematological
malignancies and glioma) with frequent mutations in these genes have been associated
with changes in cytosine modification profiles. For example, TET mutations in
hematological malignancies contribute to hypermethylation particularly at enhancers and
sites associated with hematopoietic differentiation and in euchromatin regions and is
associated with decrease in hydroxymethylation'°>=?°°, Moreover, across numerous
tumor types, IDH1/2 mutations are associated with DNA hypermethylation at gene
bodies and enhancers, hypomethylation at promoters, and greater 5-hmC levels?%'—2%,

DNA methylation alterations are prevalent across almost all tumor types. Three
main mechanisms of DNA methylation alterations exist: 1) hypomethylation of repeat
elements, 2) hypermethylation of promoters, and 3) mutation at methylated cytosines*®*.
Hypomethylation in the cancer genome has been suggested to contribute to
tumorigenesis by increasing mutation rates, promoting genomic instability, and altering
chromatin organization?°>-?!*, Hypermethylation of CpG island promoters is associated
with transcriptional alterations, particularly silencing of tumor suppressor genes to drive
tumorigenesis (Figure 1-2)*2=?2, Methylated cytosines contribute to increased
mutations as they are hotspots for deamination that may be repaired incorrectly to a
thymine instead of a cytosine and are favored to form DNA adducts'94%24-227,

While mechanisms underlying alterations DNA hydroxymethylation that
contribute to tumorigenesis are less clear than that for DNA methylation, loss of 5-hmC
is a common characteristic of numerous tumor types (Figure 1-2)*78228-23¢ | oss of 5-
hmC has also been associated with poor prognosis compared with those who have
relatively higher levels of 5-hmC in many tumor types as well**=?**, The loss of 5-hmC

may be an effect of inactivating mutations, downregulation of TET enzymes, or
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mutations in metabolic genes like IDH1/2 that produce TET cofactors?2%:240,:244-251
However, as loss 5-hmC is a shared characteristic across so many tumor types, there is
likely another explanation. One potential explanation for the loss of 5-hmC is that it is a
mark of high proliferation as 5-hmC levels have been shown to be negatively associated

with proliferation®>#178:200.236,
1.3. Tumor heterogeneity

Tumors and their microenvironments are comprised of heterogenous cell types
(Figure 1-4). Intrinsic and extrinsic pressures provide pressure to drive clonal evolution
of tumor cells to result in intratumoral heterogeneity®°?. Initial studies to elucidate tumor
heterogeneity and delineate clonal evolution began with the genomic heterogeneity that
exists by sequencing different regions of a single tumor?>*-?°>, However, as selection
focuses on phenotype heterogeneity rather than genotype heterogeneity, epigenetic
heterogeneity also strongly influences to tumor heterogeneity*®®2°42>’_ Understanding
intratumoral heterogeneity is critical as it has been associated with poor prognosis,

tumor progression, and therapy resistance in many different types of cancers?®-2¢’,
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Figure 1-4. Diverse cell types present in the tumor microenvironment.
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The conditions of the tumor microenvironment can induce tumor heterogeneity.
As tumor cells are exposed to altered conditions like abnormal levels of growth factors,
altered pH levels, structural changes in vasculature, and hypoxia, cells can undergo cell
state transitions or adapt to its environment to lead to intratumoral heterogeneity?°-25¢-
272 Other external factors like cancer treatments can induce selection of clones that are
genetically and epigenetically fit to survive?’*=?’®, These clones that can adapt and
survive therapy evolve and progress to build resistance to therapies?°*2%2,

Cancer has been deemed to be a ‘genetic’ disease from long line of research
establishing genomic alterations associations with tumor development and
progression*®27°=281 "\ithin a single tumor, the genome of the tumor cells can vary in
mutations, copy humber alterations, and structural chromosomal

aberrations?°6:2°9:260,263,265,267,275,.282-285 ' Genetic alterations in key tumor suppressor genes
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or oncogenes in certain clones provide survival advantage and allows that clone to
proliferate further in the tumor?°9:263.266,267,282,286-289,

In addition to genetic heterogeneity, it is becoming more evident that epigenetics
plays a large role in intratumor heterogeneity?’#2622%0.291 The epigenome is responsive
to the factors in the tumor microenvironment even more so than the genome?>¢2%1,
Certain epigenetic changes like hypermethylation of promoters of key cancer
progression related genes (ex: MGMT, MLH1) act similar way to driver mutations to
contribute to the intratumoral heterogeneity?°>2°?=2%_ Dysregulated epigenetic modifier
enzymes or epigenetic marks can also create transcriptomic heterogeneity?’”-2%*,
Furthermore, epigenome in tumors regulates the highly plastic state which allows tumor
cells to transition between cell states or differentiate into different cell types?°6:2°7:290,296-
299_

Genetic and epigenetic heterogeneity with the tumor microenvironment all work
together to produce intratumor heterogeneity?’3:281:291.300.301 ‘\While current single cell
technologies and sequencing strategies have allowed us to begin mapping the
intratumoral heterogeneity at the single cell level in many tumor types?°’=2=313  there is
still a lot of work to be done in understanding the mechanisms behind intratumoral
heterogeneity especially in understudied cancer types. As experimental and
computational approaches to characterize intratumoral heterogeneity is ever evolving, it
will be essential to incorporate it when developing new therapeutic strategies and

identifying patient populations that would benefit most from these therapies.

1.4. Cancer contexts of focus

1.4.1. Epithelial-to-mesenchymal transition (EMT)

Epithelial-to-mesenchymal transition (EMT) is an essential process that plays
critical roles in tumor heterogeneity, metastasis, and therapeutic resistance***. EMT is a

cellular program in which epithelial cells, with apical-basal polarity and intact cell-cell
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junction properties, progresses through number of cellular states to gain mesenchymal
cell type properties, such as front-back polarity and motility®'°. It is a normal process
during embryonic development but is often observed in cancers undergoing invasion and
metastasis. While long considered to have been a binary transition from an epithelial cell
type to a mesenchymal cell type, it has recently been established that it is a stepwise
process in which cells gradually transition into intermediate/hybrid cell states before
becoming a mesenchymal cell type***-3'%, Various tumor microenvironment factors like
infiltration of inflammatory cells or hypoxia contribute to inducing EMT3/=322,

EMT programs are largely controlled by ZEB1/2, SNAIL, SLUG and TWIST1/2
transcription factors®??. These transcription factors regulate the other EMT transcription
factor expression and are responsible for inducing the transcriptional changes that
occurs when cells change states®??. Epithelial state associated genes like CDH1 are
repressed by SNAIL and ZEB1°%*-%?°, Mesenchymal state associated genes like CDH2
are induced by ZEB1/2 and SNAIL3?3:326:327,

Epithelial cells undergoing EMT does not always end as mesenchymal cells but
can terminate its transition in the intermediate EMT state, particularly during tumor
progression®>21628 These intermediate EMT cell states are characterized by reduced
epithelial features like expression of CDH1 but have not fully gained mesenchymal cell
type characteristics®*'>*?%, The intermediate EMT states display high levels of stemness
and plasticity thereby able to generate phenotypic heterogeneity in tumors'432%230 The
plasticity in EMT is governed by various epigenetic factors as evidenced by chromatin
signatures of key EMT-associated genes®*?#**!, For example, promoters of CDH1 in
CD44+ stem-like cells had bivalent chromatin signature (H3K4me3 and H3K27me) while
promoters CDH1 in the CDH1+CD24+ differentiated cells had the activated chromatin
signature (H3K4me3) the human mammary epithelium®3*2. Moreover, ZEB1 promoters in
non-cancer stem cells also had a bivalent chromatin signature in basal breast cancer
cells allowing these cells to remain plastic to be able to respond to external signals for

EMT?3,
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Although it is now generally accepted that intermediate states exist as meta-
stable states®'®, difficulty in isolating the intermediate EMT states have limited our
understanding of the molecular features of these cell states. Moreover, while certain
epigenomic features like histone modifications have been suggested to be important
regulators of EMT, there are still other epigenomic features, like DNA cytosine
modifications, that need further exploration. Given the likely responsibilities of the
epigenome in EMT and the roles of cytosine modifications in establishing cellular
identity, better understanding of cytosine modifications in coordination with other
epigenetic factors in EMT will improve our understanding of the biological changes in

EMT and may provide targets for preventing EMT progression.

1.4.2. Pediatric central nervous system tumors

Central nervous system (CNS) tumors are one of the most common and deadly
cancer types in the pediatric population (0 — 19 years of age)*****. Pediatric CNS
tumors are comprised of a variety of tumor types based on histology,
immunohistochemistry, and molecular biomarkers®°. Incidence, survival rate, and
treatment strategies varies between the different tumor types (Table 1-1, Table 1-2).
Pilocytic astrocytoma account for a large number of the pediatric CNS tumor cases with
an incidence rate of 0.95 per 100,000 but have a high 10-year relative survival rate of
95.4%. Ependymal tumors are less prevalent and have poorer prognosis with an
incidence rate of 0.29 per 100,000 and 10-year relative survival rate of 69.6%. While
CNS tumors are considered to be the most common solid tumors in the pediatric
population, it is still very rare in the general population, with an incidence rate of 6.29 per
100,000, The rarity in the general population makes it difficult to accrue large enough
sample size to study these tumors. When classified further into the various subtypes, it

gets even harder to accumulate high statistically powered sample size.
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Table 1-1. Epidemiology of pediatric central nervous system tumor subtypes.
Bolded tumor types are the major categories of subtypes. Selected for only certain
tumor types. Adapted from Ostrom et al.>*®

5-Year Annual Rate (95% Cl)
Total Average
Diffuse Astrocytic and 2,248 450 0.55 (0.53-0.57)
Oligodendroglial Tumors
Diffuse astrocytoma 946 189 0.23 (0.22-0.25)
Anaplastic astrocytoma 365 73 0.09 (0.08-0.10)
Glioblastoma 700 140 0.17 (0.16-0.18)
Oligodendroglioma 164 33 0.04 (0.03-0.05)
Anaplastic oligodendroglioma 22 4 0.01 (0.00-0.01)
Oligoastrocytic tumors 51 10 0.01 (0.01-0.02)
Other Astrocytic Tumors 4,371 874 1.07 (1.04-1.10)
Pilocytic astrocytoma 3,877 775 0.95 (0.92-0.98)
Ependymal Tumors 1,176 235 0.29 (0.27-0.30)
Other Gliomas 3,133 627 0.77 (0.74-0.79)
Glioma malignant, NOS 3,093 619 0.75 (0.73-0.78)
Other neuroepithelial tumors 34 7 0.01 (0.01-0.01)
Neuronal and Mixed Neuronal- 2,012 402 0.49 (0.47-0.51)
Glial Tumors
Embryonal Tumors 2,397 479 0.59 (0.56-0.61)
Medulloblastoma 1,652 330 0.41 (0.39-0.43)
Primitive neuroectodermal tumors 208 42 0.05 (0.04-0.06)
Atypical teratoid/rhabdoid tumor 382 76 0.09 (0.08-0.10)
TOTAL 25,497 5,099 6.21 (6.14-6.29)
Malignant 14,586 2,917 3.57 (3.51-3.62)
Non-Malignant 10,911 2,182 2.65 (2.60-2.70)
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Table 1-2. Relative survival rates for pediatric central nervous system tumors by

subtype and malignancy.

Selected for only certain tumor types. Adapted from Ostrom et al.**°

5-Year RS (95%
Cl)

10-Year RS (95% Cl)

Diffuse astrocytoma
Anaplastic astrocytoma
Glioblastoma
Oligodendroglioma
Anaplastic oligodendroglioma
Pilocytic astrocytoma
Ependymal tumors

Glioma malighant, NOS

Neuronal and mixed neuronal-glial
tumors
Embryonal tumors

TOTAL

81.5 (80.1-82.9)
28.3 (25.3-31.3)
19.8 (17.8-21.8)
94.6 (92.4-96.2)
50.7 (40.7-59.8)
96.8 (96.4-97.1)
78.5 (76.8-80.1)
70.0 (68.9-71.1)
79.2 (74.4-83.2)

64.8 (63.6-65.9)
75.6 (75.2-76.1)

78.5 (77.0-80.0)
23.3 (20.3-26.4)
15.9 (14.0-17.9)
89.4 (86.1-91.9)
39.8 (29.9-49.5)
95.4 (94.9-95.9)
69.6 (67.5-71.5)
68.6 (67.5-69.7)
77.6 (72.6-81.9)

59.6 (58.4-60.8)
72.1 (71.6-72.6)

Clinical challenges specific to pediatric CNS tumors necessitates deeper
investigations into these tumors. First, there are many detrimental late effects from their
cancer treatments even after patients have survived their initial pediatric CNS tumors.
Childhood CNS tumor survivors face the highest rate of cumulative burden of chronic or
disabling conditions later in life than any other tumor type survivors®’. For instance,
cranial radiation, one very commonly used treatment option in these tumors, has been
associated with neurocognitive late effects like intellectual and academic decline and
physical late effects like stroke***=%>, Moreover, although mortality rates generally for
pediatric cancers have been significantly reduced since the 1970s, reduction in mortality
rates for pediatric CNS tumors have not been as drastic®°. Some cancer types like
Hodgkin lymphoma and gonadal tumors have seen more than 80% reduction in mortality
since 1975 while pediatric CNS tumors only have had a reduction of around 29%3°. To

address the discrepancies in mortality rate reduction and to improve the quality of life
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post surviving CNS tumors, treatment strategies for pediatric CNS tumors still need to be
further developed.

To begin to understand the underlying mechanisms for disease in pediatric CNS
tumors, efforts have been made to profile molecular landscape and develop finer tuned
subtypes for some pediatric CNS tumors. One of the earliest efforts to incorporate
molecular distinctions was done in medulloblastomas. Utilizing an integrative approach
of genomic and transcriptomic medulloblastoma profiles, four major molecular
subgroups (WNT, SHH, Group 3, Group 4) of medulloblastomas were established =2,
Recurrence and prognosis vary within each molecular subgroup. For example, the WNT
subgroup, which is defined by genetic alterations in CTNNB1, DDX3X, SMARCA4, and
TP53 and loss of chromosome 6, has a very good prognosis and is less likely to be
metastatic®*?. On the contrary, the Group 3 subtype, which is defined by genetic
alterations in SMARCA4, KBTBD4, CTDNEP1, and KMT2D along with chromosomal
gainin 1q, 7, 18 and chromosomal loss in 8, 10,11, and 16q, has a poor prognosis and
is likely to be metastatic®*2.

Subtypes for ependymoma can be defined by DNA methylation®>®. Methylation
profiles, in coordination with localization, histology, and genetic alterations, were able to
categorize ependymoma into 9 separate subtypes, 3 each for the anatomical localization
(SP: Spine, PF: Posterior fossa, ST: Supratentorial)®2. Survival rates vary by subtype for
ependymoma as well*>32>4, The initial methylation-based classification study indicated
ST-EPN-RELA has the lowest 5-year progression free survival rate at 29% and ST-SP
has one of the highest 5-year progression free survival rate at 100%%°,

While efforts to incorporate molecular markers for some pediatric CNS tumor
types have provided granular understanding and have improved treatment management
strategies, additional studies are needed to expand to additional pediatric CNS tumor
types and to increase the sample sizes due to the rarity of these tumors. Moreover, as
previous studies have established the low mutational burden in pediatric cancers>>=*’ it

is likely that epigenomic alterations play important roles in pediatric CNS tumor initiation
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and progression. However, studies on epigenomic contribution to these tumor types
remain limited. Thus, additional studies are needed to appreciate the roles that
epigenomic aberrations may have in contributing to tumorigenesis of pediatric CNS

tumors.

1.5. Summary

Molecular heterogeneity has been demonstrated to be a common feature across
numerous tumor types. However, majority of our understanding of heterogeneity that
exist have come at single omics layers. Further investigations on the complexities of how
each molecular layers work together to regulate the heterogeneity in cancers are
needed. In addition, many studies have focused on the molecular alterations in bulk
tumor tissue without consideration for cell type composition effects. To capture more
granular alterations than at the bulk tissue level, additional studies utilizing single cell
genomics technologies or computational deconvolution methods to identify molecular
changes at the cell type level are needed. This thesis aims to address some of these
underlying molecular complexities that exist in cancers in the context of epithelial-to-
mesenchymal transition and of pediatric central nervous system tumors at the cell type-
level with integrative, multi-omic approaches.

In Chapter 2, | integrate DNA methylation and hydroxymethylation, chromatin
accessibility, and gene expression data to identify roles of epigenomic characteristics in
distinct cell states undergoing epithelial-to-mesenchymal transition. In Chapter 3, |
characterize the cellular and transcriptomic heterogeneity in pediatric central nervous
system tumors compared to non-tumor pediatric brain tissue with gene expression
profiles of 84,700 nuclei. In Chapter 4, | build on results of Chapter 3 by integrating
single nuclei RNA-seq data with genome wide methylation and hydroxymethylation data
to elucidate the epigenetic heterogeneity in pediatric central nervous system tumors and

to identify the epigenetic alterations associations with changes in gene expression.
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Collectively, these works 1) the demonstrate integrative molecular heterogeneity in
understudied cancer cell states and cell types at the cell type-specific level and 2)
highlight the importance of incorporating and distinguishing DNA hydroxymethylation

from DNA methylation.
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Chapter 2

2. Distinct cytosine modification
profiles define epithelial-to-

mesenchymal cell-state transitions

This chapter was adapted from work published in
Epigenomics, Volume 14, issue 9 on May 2022.

https://doi.org/10.2217/epi-2022-0023
The following authors contributed to the work:
Min Kyung Lee, Meredith S. Brown, Owen M. Wilkins,

Diwakar R. Pattabiraman, Brock C. Christensen

*Supplementary Table 1 — 4 can be found in the online publication.
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2.1. Abstract

Epithelial-to-mesenchymal transition (EMT) is an early step in the invasion-
metastasis cascade, involving progression through intermediate cell states. Due to
challenges with isolating intermediate cell states, genome-wide cytosine modifications
that define transition are not completely understood. We measured multiple DNA
cytosine modification marks and chromatin accessibility across clonal populations
residing in specific EMT states. Clones exhibiting more intermediate EMT phenotypes
demonstrated increased 5-hydroxymethylcytosine (5-hmC) and decreased 5-
methylcytosine (5-mC). Open chromatin regions containing increased 5-hmC CpG loci
were enriched in EMT transcription factor motifs and were associated with Rho
GTPases. Our results indicate the importance of both distinct and shared epigenetic
profiles associated with EMT processes that may be targeted to prevent EMT

progression.

2.2. Introduction

Epithelial-to-mesenchymal transition (EMT) is an early step in the invasion-
metastasis cascade, involving progression through a number of cellular states. Itis a
process by which epithelial cells lose specific properties such as apical-basal polarity,
detach from the basement membrane to gain mesenchymal properties such as front-
back polarity and motility>*>. Rather than being a binary conversion from an epithelial to
a mesenchymal state, the EMT encompasses a step-wise progression to a
mesenchymal cell state whereby the cells could display intermediate/hybrid phenotypes
of both epithelial and mesenchymal cells*%°¢, As metastasis is responsible for the
majority of deaths in cancer patients®°2%° it is critical to understand the molecular

underpinnings of EMT.
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Cells that reside in an intermediate state display more plasticity than the cells on
either ends of the EMT spectrum®°251=33_|n addition to increased plasticity,
intermediate cells have been shown to harbor stem cell characteristics such as self-
renewal and increased expression of pluripotent genes®*“=%. Although it is evident that
there are intermediate phases when transitioning from epithelial to mesenchymal
states®®’—%°, experimental isolation of these specific states has proven challenging.
Consequently, the molecular and functional characteristics and of the intermediate
states and their contribution to metastasis are poorly understood.

DNA methylation is a well-studied epigenetic mark, mostly known for its role in
regulating gene expression. Methylation of cytosines (5-methylcytosine/5-mC) can occur
in the context of Cytosine-phosphate-Guanine (CpG) dinucleotides and the reaction is
catalyzed by DNA methyltransferase enzymes (DNMTSs). Ten eleven translocation (TET)
enzymes can oxidize methylcytosine to form 5-hydroxymethylcytosine (5-hmC), then 5-
formylcytosine (5fC), and finally 5-carboxylcytosine (5caC)**®. Oxidized cytosines can
then be deaminated AID then undergo thymine DNA glycosylase-mediated base
excision repair to an unmethylated cytosine. While around 80% of mammalian CpG
dinucleotides are estimated to be methylated®’°*"*, hydroxymethylation accounts for a
relatively modest proportion of overall cytosine modification and varies greatly with
tissue type®’2273, Although 5-hmC levels are low in relation to 5-mC in human tissues, it
is most highly enriched in brain and breast tissues, relative to other tissue types'°¢. While
a number of studies have shown the importance of DNA methylation in EMT, these
studies used traditional bisulfite treatment to measure 5-mC, which does not resolve 5-
hmC?®74=279, 5-hmC can be estimated from comparing oxidized-bisulfite treatment to
bisulfite treated DNA'®, as traditional bisulfite treatment does not distinguish 5-mC from
5-hmC. In comparison to general repression of transcription from 5-mC, 5-hmC is
positively-associated with transcriptional activity and gene expression®°*¢!, |f the
association is a consequence of passive dilution of 5-mC via DNA demethylation, or due

to functional actions of 5-hmC is yet unclear and is likely context dependent. However,
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growing evidence suggests 5-hmC contributes directly to gene regulation in several
specific contexts, aside from its role in DNA demethylation. At the chromatin level, 5-
hmC has been shown to increase DNA flexibility and mechanical stability, and
nucleosome accessibility®*. Transcription factors and their binding sites have been
associated with being colocalized with TET and 5-hmC*%:*33-38> which provides possible
5-hmC mechanism of gene expression regulation through transcription factor
recruitment®®°,

Although decreased global 5-hmC is consistently observed in cancer!’8:386-388,
few studies have measured cancer-associated 5-hmC changes at nucleotide-resolution.
5-hmC maintenance has been associated with protecting against CpG island
hypermethylation, which commonly occurs in cancer®*°=3%*, Measures of breast tissue
nucleotide-specific 5-hmC revealed enrichment within breast-specific enhancers and
transcriptionally active chromatin®*“. In ER/PR-negative breast cancer particularly, loss
of 5-hmC is associated with poor prognosis®®. As DNA methylation alterations occur
early in breast carcinogenesis and are related with prognosis*°>=°, a better
understanding of 5-hmC in breast cancer and EMT is needed.

In concert with DNA methylation, chromatin accessibility regulates transcription
and cell reprogramming®°’. Interactions with different nuclear macromolecules such as
transcription factors and histone modifications shape the topology of chromatin®®’.
Specific chromatin accessibility states have been implicated in regulating EMT. Putative
enhancers, defined by promoter-distal H3K27ac and H3K4me1l histone modifications
have been shown to recruit key EMT transcription factors such as NF-«xB and AP-1 in
epithelial cells in comparison to TGF-B-treated mesenchymal cells***~*%, In addition,
motifs of key EMT transcription factors (AP-1, ETS) were enriched in accessible
chromatin regions of TGF-f transformed mammary epithelial cells***. Although
transcription factors influencing EMT and metastasis-associated chromatin accessibility
have been identified*°>=*%>, gaps in knowledge of chromatin accessibility changes in non-

TGF-B-induced EMT cells and cells in EMT intermediate/hybrid states still remain due to
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challenges in isolating cells in these states. Moreover, better understanding of the
relationship between cytosine modifications and chromatin conformation is needed.
Here, we provide a nucleotide-resolution genome-scale map of cytosine
modifications and chromatin accessibility for phenotypes spanning the EMT spectrum.
We address gaps in understanding of epigenomic changes in the intermediate/hybrid
states on the EMT spectrum. Using a novel model derived from estrogen
receptor/progesterone receptor negative (ER/PR-negative) breast cancer cells to study
terminal and intermediate EMT states, we demonstrate substantial differences in the
cytosine madifications profiles of cells in intermediate EMT states; particularly, increases
in 5-hmC enriched in key EMT transcription factor motifs. Further, we utilize novel,
integrative multicomponent epigenetic analysis to show cytosine modifications

coordinate with chromatin accessibility especially at promoters to regulate transcription.

2.3. Methods

Cell culture

Single cell clones, methods of which isolation and characterization are detailed in
Brown et al**®* were used. To summarize, six single cell clones were isolated from
SUM149PT cells to represent different points of the EMT spectrum. Position on the EMT
spectrum was determined by cell morphology, flow cytometry analysis of CD44 and
CD104 markers, and mRNA expressions of ZEB1/2. Graphic representation of each
clones’ position on the EMT spectrum can be found in Figure 2-1. Transwell assays to
measure migration and invasion were conducted and reported for each clone in Brown

et al®®s.
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DNA methylation and hydroxymethylation

DNA conversion and methylation/hydroxymethylation profiling

DNA from each clone of similar passage numbers was extracted using DNeasy
Blood and Tissue kit (Catalog ID 69504, Qiagen, Hilden, Germany). DNA was quantified
with Qubit 3.0 Fluorometer (Life Technologies, Carlsbad, CA). ~2ug of DNA underwent
oxidative-bisulfite conversion to measure both 5-mC and 5-hmC using the TrueMethyl
OxBS Module (Catalog ID 0414-32; Nugen, Redwood City, CA). Epigenome-wide DNA
methylation profiling was performed using the Infinium MethylationEPIC Bead Chips
(Mlumina Inc., San Diego, CA) at the Norris Cotton Cancer Center Genomics Shared

Resource Core.

Quality control and processing

Raw intensity files produced from the MethylationEPIC Bead Chips were
preprocessed using the minfi R/Bioconductor analysis pipeline (v1.34.0) annotation file
version iim10b4.hg19%°%4%7 695 technical probes and 33,360 SNP associated probes
were excluded. Quality control was performed using ENmix R package“’®. 301,580
probes that failed to meet a detection p-value of 0.00005 in > 30% of the samples and
5% of the CpGs were excluded. High number of CpGs that failed to pass the quality
control may have been due to 1) oxidation further damaging the DNA on top of the
bisulfite treatment and 2) signal distributions being distorted from the oxidation
measurement as the quality control measures were developed for bisulfite converted
DNA. After these exclusions, 545,515 CpGs remained for analysis. The filtered data was
then normalized using preprocessFunnorm in minfi to remove unwanted technical
variation.

Annotations of CpGs such as genomic context or relation to CpG Island were
provided in the lllumina EPIC B4 manifest and UCSC hg19 reference genome files.
“Promoter”, “Intergenic”, “Intron” and “Exon” genomic contexts were defined by finding

overlapping genomic regions of the CpGs and each context using the UCSC hg19

reference genome annotation. “DNase hypersensitive site” context was defined by
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having a record in the “DNase_Hypersensitive_NAME” in the annotation. “Gene body”
transcriptional context was defined by having a “Body” in the UCSC_RefGene_Group.
Likewise, “3° UTR” and “5’ UTR” regions were defined by having “UTR3” and “UTR5”,
respectively, in the UCSC_RefGene_Group. Relation to CpG Island were defined by the
“‘Relation_to_UCSC_CpG_Island” in the lllumina EPIC annotation file. If no record of
relation to the CpG island was indicated, the CpG was considered to be in the “Open
Sea” region. For analysis testing enrichment of CpGs measured on the Illumina EPIC
array to ATAC regions, GRCh38 annotation file from Zhou et al was used*"’.

CpGs annotated to open chromatin regions were defined by their overlap with
open chromatin regions from ATAC-seq data. CpGs were determined to be in enhancers
if they were located in distal intergenic regions (within 10 — 15kbps upstream and
downstream of gene) of the ATAC-seq consensus peaks. CpGs were determined to be

in open promoters if they were located in promoters of the ATAC-seq consensus peaks.

5-hmC estimation

5-hmC beta values were estimated using the fitOxBS function in the OxyBS
package'®*. Instead of naive subtraction of signals from oxidative-bisulfite treated probes
from bisulfite only treated probes, the OxyBS package uses maximum likelihood
estimation of the signal intensities from the oxidative-bisulfite treated and bisulfite treated
DNA from the lllumina EPIC array to determine the parameters for unmethylated,

hydroxymethylated and methylated CpGs.

Analysis

Principal component analyses were performed using 5-hmC and 5-mC beta
values using princomp function in R. Differential methylation and hydroxymethylated
analyses were conducted using limma (v3.44.3) and gvalue (v2.20.0) R packages in R
(v4.0.2)*1%411 Differentially methylated and hydroxymethylated CpGs were identified by
fitting into a linear regression model, testing for differences in beta values CpG-by-CpG

in groups of clones based position on the EMT spectrum (distal vs intermediate). Linear
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regression models were fit by using ImFIt and eBayes functions. E, EM1, M2, and P
were considered as distal clones. Intermediate group was comprised of EM2, EM3, M1
clones. The differentially methylated CpGs were deemed to be significant at the g-value
threshold of 0.01.

Differentially hydroxymethylated and methylated CpGs were compared to the
545,515 CpGs used in analyses to test for enrichment at specific genomic contexts
using Fisher’s exact test. Functional significance of these CpGs were assessed using

the Genomic Regions Enrichment of Annotations Tool (GREAT)*'2.

ATAC-seq

ATAC-seq and preprocessing

ATAC-seq for 2 replicates per clone was performed as described in Buenrostro
et al***. Similar passage number (+/- 1 passage) of the clones as for the DNA
methylation and hydroxymethylation measurements were used. Same processing
methods and detailed descriptions can be found in Brown et al*®,

Briefly, ATAC-seq data was then processed using the publicly available
ENCODE ATAC-seq pipeline

(https://lwww.encodeproject.org/pipelines/ENCPL792NWO/). lllumina adapter and

transposase sequences were trimmed using Cutadapt*** (v1.9.1) with parameters “--
minimum-length 5 -e 0.1”. Trimmed reads were aligned to hg38 human genome using
Bowtie2*® (v2.2.6) in “--local” mode with parameters “-X 2000 -k 2”. Duplicate reads
were identified and filtered from final alignments using MarkDuplicates (Picard Tools**%).
To account for insertion of adapter sequences by the transposase, alignments were
converted to tagAlign files and shifted +4 bp and -5 bp on the + and — strands,
respectively. MACS2%!7 (v2.1.1) callpeak command with parameters “--shift -75 --extsize
150 --nomodel --keep-dup all --call-summits -p 1.0E-10" were used to call peaks. The

peaks were filtered against the ENCODE hg38 blacklist. The Irreproducible Discovery
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Rate (IDR) method was used to identify a set of reproducible peaks across biological

replicates using an IDR threshold of 0.05.

ATAC-seq analysis

Principal component analyses were performed using variance stabilizing
transformed ATAC-seq counts using princomp function in R. Low level regions were
filtered out using filterByExpr using edgeR (v3.30.3)*%. Open chromatin regions
containing dhmCpGs were annotated using TxDb.Hsapiens.UCSC.hg38.knownGene R
annotation file package and the annotatePeak function in ChlPseeker (v1.24.0)*19420,
Enriched biological pathways associated with the differentially accessible regions were
identified using the ReactomePA (v1.32.0)%*.

We tested for over-representation of TF binding site motifs of dhmCpGs
containing consensus ATAC peaks compared to all ATAC peaks. We scanned these
peaks for TF motif occurrences using R-package motifmatchr*??, Position frequency
matrices for human TF motifs used as input to motifmatchr were downloaded using R-
packages JASPAR2020“* and TFBSTools***. Over-represented TF motifs in each peak
set were identified through hypergeometric testing using the phyper R function, with all
peaks identified in that clone used as the background set. TF motifs with an FDR-

adjusted hypergeometric P-value <0.05 were deemed as over-represented.

RNA-seq

RNA extraction and preprocessing

RNA was collected using Qiagen RNeasy plus kit (Catalog ID: 74034, Qiagen,
Hilden, Germany) and quantified using a NanoDrop (Thermo Fisher Scientific - ND-
2000-US-CAN). Same processing methods and detailed descriptions can be found in
Brown et al*®®,

To summarize, raw single-end RNA-seq data were trimmed of polyA sequences
and low-quality bases using Cutadapt (v2.4)***. Reads were aligned to human genome

hg38 using STAR (v 2.7.2b)*?> with parameters “--outSAMattributes NH HI AS NM MD --
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outFilterMultimapNmax 10 --outFilterMismatchNmax 999 --
outFilterMismatchNoverReadLmax 0.04 --alignintronMin 20 --alignintronMax 1000000 --
alignMatesGapMax 1000000 --alignSJoverhangMin 8 --alignSJDBoverhangMin 1”.
Quiality of alignments was assessed using CollectRNASeqMetrics (Picard Tools)*® and
duplicate reads were identified (but retained) with MarkDuplicates (Picard Tools). Gene-
level abundance estimates were generated using RSEM (v1.3.2)*?° using the rsem-
calculate-expression command with the parameters “--strandedness reverse --fragment-

length-mean 313 --fragment-length-sd 91”.

2.4. Results

We utilized a previously derived model of six single-cell clones from SUM149PT,
a heterogeneous ER-/PR- inflammatory breast cancer line, that represent cell states
present along the EMT spectrum. The EMT state of each clone was determined by cell
morphology, flow cytometry for CD44 and CD104 markers, and immunofluorescence
staining for Vimentin/E-cadherin, as well gene expression of canonical EMT markers
(SNAI1, ZEB1, CDH1, VIM, and others), detailed in previous work***. More epithelial-like
clones had low CD44 and high CD104 expression, while more mesenchymal-like clones
had high CD44 and low CD104 expression. Intermediate clones had high CD44 and high
CD104 expression. VIM and ZEB1/2 increased in expression along with progressive
position on the epithelial to mesenchymal transition spectrum, while CDH1 and OVOL1/2
decreased in expression (Figure 2-1, gene expression data in Brown et al)***. These
clones were ranked as epithelial (E), three distinct intermediates (EM1, EM2, and EM3),
two unique mesenchymal-like clones (M1 and M2), and compared here with the parental
cell line (P). Phenotypically, the intermediate clones (EM1, EM2, EM3) displayed higher
migratory and invasive behavior, and higher tumor initiation and metastasis formation
potential compared to the clones on the either edges of the EMT spectrum (E, M1, M2)

(Figure 2-1, specific data for each clone reported in Brown et al)*®.
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E EM1I EM2 EM3 M1 M2
-

Epithelial Mesenchymal

T

CDH1
OVOL1/2

Clonal phenotypic characteristics

Group 1 (EM1, EM2, EM3) Group 2 (E, M1, M2)
- Higher migration - Lower migration
- Higher invasion - Lower invasion
- Higher tumor initiation potential - Lower tumor initiation potential
- Higher metastasis formation potential - Lower metastasis formation potential

Figure 2-1. Summary of characteristics of isolated single cell clones that
reside in specific epithelial-to-mesenchymal transition spectrum.

Specific data for each clone that are summarized in this figure are reported in
Brown et al*°. Gene expression of epithelial markers (CDH1 and OVOL1/2) are
highest on the most epithelial-like clone and decreases sequentially as clones
display more mesenchymal characteristics. Gene expression of mesenchymal
markers (VIM and ZEB1/2) are lowest in the most epithelial-like clone and
increases sequentially as clones display more mesenchymal characteristics.

We first measured genome-scale cytosine-specific DNA methylation (5-mC) and
hydroxymethylation (5-hmC) levels, using the Illumina EPIC methylation array. As
expected®”, a relatively small subset of measured CpGs were hydroxymethylated, with
average 5-hmC beta values much smaller than that of 5-mC across all clones (Figure
2-2A, 2-2B). Average 5-hmC beta values and 5-mC beta values were negatively
correlated, at marginal significance (R =-0.72, p=0.071) with increased global 5-hmC
and decreased global 5-mC abundance in intermediate clones (EM2, EM3, M1; Figure

2-2B, 2-2C).
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Figure 2-2. 5-hmC and 5-mC levels in the EMT clonal cell line model.

A) Cumulative density of median 5-hmC and 5-mC beta values. B) Average 5-hmC
and 5-mC beta values per clone. C) Pearson correlation of 5-hmC beta values and
5-mC beta values.

To identify which distal clone the clones along the EMT spectrum were similar,
we compared each 5-hmC profile of EM1, EM2, EM3, M1 to the 5-hmC and 5-mC profile
of clones on the extreme ends on the EMT spectrum (E and M2). 5-hmC profiles of EM1,
EM2, EM3 had more similar 5-hmC profiles to the 5-hmC profile of E, in which the
number of CpGs with little to no change were higher in E compared to in M2 (Figure
2-3A). The 5-hmC profile of M2 had very similar number of CpGs with little to no change
in comparison to 5-hmC profiles of E and M2. The 5-hmC profiles of EM1, EM2, EM3,
and M1 were all more similar to 5-mC profile of E rather to 5-mC profile of M2 (Figure
2-3B). Our results suggest that EM1, EM2, EM3, M1 clones likely were derived from the
most epithelial clone, and provide models of states on the epithelial-to-mesenchymal

transition.
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Figure 2-3. Clones in between the most extremes of the EMT spectrum are
more similar to the most epithelial clone.

A) Delta change in 5-hmC in EM1, EM2, EM3, M1 compared to 5-hmC in E and M2.
Comparison to E indicated with red boxes. Comparison to M2 indicated with blue
boxes. B) Delta change in 5-hmC in EM1, EM2, EM3, M1 compared to 5-mC in E
and M2. Comparison to E indicated with red boxes. Comparison to M2 indicated
with blue boxes.

Genome-wide DNA cytosine modification profiles in EMT clones

To determine associations between EMT phenotypes (migratory and invasive
behavior) of clones and DNA cytosine modifications, first, we analyzed correlations
between global 5-mC and 5-hmC beta values with average migration and invasion levels
that had previously been determined in Brown et al*®®, There were no statistically
significant correlations between global DNA cytosine modification levels and migration
and invasion levels (Supplementary Figure 2-1A — 2-1D).

In addition to correlations between global levels of DNA cytosine modifications,
we conducted epigenome wide association study to identify specific CpGs that are

associated with high migration and invasive properties. Migration and invasion assays
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shown from Brown et al indicated that clones (EM1, EM2, EM3, P) with greater than the
median migration and invasion levels were determined to have high migratory and
invasive properties (Supplementary Figure 2-2A)%%, While it was surprising that the
EM1, EM2, EM3 clones were more migratory and invasive than the mesenchymal
clones, previously established traits of mesenchymal cells did not discern between
mesenchymal and intermediate states when determining migratory and invasive
behavior. It is possible that because these cell states were not distinguished, the
migratory and invasive behavior of the intermediate clones influenced the notion that
mesenchymal cells were more likely to be migratory“?’. Only one differentially
hydroxymethylated CpG were determined to be associated with high migratory and
invasive cellular phenotypes under the FDR < 0.1 significance level (Supplementary
Figure 2-2B). There were no differentially methylated CpGs associated with high
migratory and invasive cellular phenotypes under the FDR < 0.1 significance level
(Supplementary Figure 2-2C).

To compare genome-scale similarity of DNA methylation profiles among alll
clones, we compared the 5-hmC and 5-mC beta values using principal component
analysis (PCA). PCA results indicated that 5-hmC and 5-mC beta values clustered into
two distinct groups: one group of E, EM1, M2 and another group with EM2, EM3, M1
(Figure 2-4A, 2-4B). In downstream analyses for this study, EM2, EM3, M1 were
defined as intermediate clones and E, EM1, M2, P were defined as distal clones. These
two groups were slightly different from groupings identified by the clones’ cellular
phenotypes summarized in Figure 2-1 and in the original development of the model.
Furthermore, the groups identified by genome-scale 5-mC and 5-hmC beta values were
different than PCA clustering from chromatin accessibility profiles from ATAC-seq
(Supplementary Figure 2-3A) and gene expression profiles from RNA-seq
(Supplementary Figure 2-3B). Non-negative matrix factorization hierarchical clustering
with 5-mC, 5-hmC, and chromatin accessibility profiles revealed similar clustering results

from RNA-seq and ATAC-seq (Supplementary Figure 2-3C). Following the PCA
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results, distinct grouping of clones into intermediate and distal was supported by
unsupervised hierarchical clustering of the top 5% most variable CpGs (27,276 CpGs)
which were chosen based on distribution of variances across CpGs (Supplementary
Figure 2-4A, 2-4B). Unsupervised clustering identified highly distinct intermediate and
distal clone clusters (Figure 2-4B, 2-4C) and highlighted the greater relative abundance
of 5-hmC in intermediate clones compared to distal clones (Figure 2-2B) at the CpG-

specific level.
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Figure 2-4. Distal and intermediate clones have distinct methylation and

hydroxymethylation profiles.
Results from principal component analysis of A) 5-hmC and B) 5-mC beta values.

Intermediate

Heatmap of unsupervised clustering of the top 5% (27,276 CpGs) most variable C)
5-hmC and D) 5-mC CpGs. Color scale ranges from yellow (low beta value) to blue
(high beta value). Horizontal tracking bars indicate clones and position on the EMT

spectrum.

We next used a candidate gene approach to investigate if EMT-associated 5-

hmC and 5-mC loci distinguished intermediate from distal clones. We performed
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unsupervised clustering on beta-values of 439 CpGs annotated to epithelial genes
(CDH1, CLDN1, EPCAM, ITGAB4, KRT8 and OCLN), mesenchymal genes (CDH2,
FN1, ITGB1, MMP19, MMP2, and VIM), and EMT-related transcription factors (SNAI1,
SNAI2, TWISTL1, ZEB1 and ZEB2). Intermediate clones clustered separately from distal
clones for both 5-mC- and 5-hmC-associated genes, and a subset of CpGs annotated
predominantly to epithelial genes (OCLN, CDH1, KRT8, EPCAM) had high 5-hmC
among intermediate clones in cluster #4 (Figure 2-5A, 2-5B) many of which tracked to
promoter regions (Figure 2-5C). Together, it suggests potential role of 5-hmC in

regulating epithelial genes during the EMT process.
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Figure 2-5. Intermediate clones have higher hydroxymethylation among
epithelial genes.

A) Heatmap of unsupervised clustering of 5-hmC and 5-mC in a set of 231 CpGs
within epithelial genes (CDH1, CLDN1, EPCAM, ITGB4, KRT8, and OLCN),
mesenchymal genes (CDH2, FN1, ITGB1, MMP19, MMP2, and VIM), and
transcription factors (SNAI1, SNAI2, TWIST1, ZEB1, and ZEB2). Vertical tracking
bars indicate DNA modification, clones, and position on the EMT spectrum.
Horizontal tracking bars indicate EMT marker group (epithelial genes,
mesenchymal genes, transcription factors) and hierarchical clustering group from
when height = 1.6. B) Proportions of the genes annotated to the 40 CpGs in cluster
#4 of the hierarchical clustering from the heatmap. C) Enrichment of genomic
contexts of the CpGs in hierarchical cluster 4. 40 CpGs in cluster 4 were compared
to all 231 CpGs in EMT-related genes using Fisher’s test.

To determine if overall 5-hmC and 5-mC abundance was related to expression of

cytosine modifying enzymes (DNMTs and TETS), we leveraged RNA-seq to test the
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correlation of average methylation and gene expression levels. Only TET1 gene
expression was significantly positively correlated with global average 5-hmC beta values
(R =0.86, p=0.024), and none were correlated with 5-mC (Supplementary Figure
2-5A, 2-5B). 5-hmC and 5-mC beta values of DNMT and TET CpGs with unsupervised
clustering did not identify extensive variation in cytosine states at cytosine modification
enzyme genes (Supplementary Figure 2-5C). However, a small subset of CpGs (n
CpGs = 18 of 241 total), located within TETs (TET1 = 33%, TET2 = 28%, TET3 = 17%),
exhibited higher 5-hmC in intermediate clones (Supplementary Figure 2-5C).
Together, these findings suggest there are variable patterns of genome-wide 5-

hmC and 5-mC based on clonal EMT status, not with clonal phenotypes.

Differential methylation and hydroxymethylation in intermediate clones

Next, we conducted an epigenome wide association study (EWAS) comparing
cytosine modifications at the nucleotide level to identify differential cytosine modifications
between intermediate and distal clones. Overall, we identified 17,862 significantly
differentially hydroxymethylated CpGs (dhmCpG, FDR < 0.01), between distal and
intermediate clones, almost all of which had increased in 5-hmC in the intermediate
clones (Figure 2-6A, Supplementary Table 2-1), including EMT associated genes such
as SNAI1 and TWISTL1. There were 7,903 significantly differentially methylated CpGs
(dmCpG, FDR < 0.01), most of which had decreased in 5-mC in intermediate clones
(Figure 2-6B, Supplementary Table 2-2), including EMT associated cell type markers
CDH1 and MMP19. For further downstream analyses, dhmCpGs were subset for only
CpGs increasing in 5-hmC. dmCpGs were subset for only CpGs decreasing in 5-mC.
Among CpGs with increased 5-hmC and decreased 5-mC, only 33 CpGs overlapped
(Figure 2-6C). Expanding to the gene-level, 1,365 genes had both dhmCpGs and
dmCpGs among intermediate clones (Figure 2-6D). Genomic contexts with enrichment
of dhmCpGs were generally depleted among dmCpGs (Figure 2-6E; Supplementary
Table 2-3). While dhmCpGs were enriched in regulatory regions (open chromatin

regions, enhancers, 5’UTR, promoters, TSS1500, TSS200) and in the first exon,
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dmCpGs were enriched within exons and introns, suggesting different cytosine
modifications act on different genomic regions in regulating the EMT process. Our
results suggest that while some differential cytosine modification mark may act on the
same gene, generally, the two DNA cytosine modification marks act on different regions

of the genome to coordinate EMT processes.
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Figure 2-6. Differential 5-hmC CpGs are distinct from the differential 5-mC
CpGs.

Volcano plots indicating A) 17,862 significantly differentially hydroxymethylated
CpGs and B) 7,903 significantly differentially methylated CpGs under FDR Q-value
of 0.01, in intermediate clones in comparison to distal clones. Red dashed lines
indicate the -log10(p-value) at FDR g-value of 0.01. Venn diagrams comparing C)
dhmCpGs vs dmCpGs and D) genes annotated to dhmCpGs vs genes annotated to
dmCpGs. dhmCpGs were subset for only CpGs increasing in 5-hmC. dmCpGs were
subset for only CpGs decreasing in 5-mC. E) Enrichment of dhmCpGs and
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dmCpGs at different genomic contexts. Odds ratios calculated by Fisher’s exact
test. dhmCpGs enrichment indicated in blue. dmCpGs enrichment indicated in
yellow.

Genomic Regions Enrichment of Annotations Tool (GREAT) analyses revealed
that dhmCpGs were associated with fatty acid-related molecular functions (MF), such as
peroxisomal fatty-acyl-CoA transporter activity (FE = 19.00) and long-chain fatty acid
transporter activity (FE = 7.46), as well as RNA polymerase Il transcription factor-related
molecular functions such as RNA polymerase Il TF sequence-specific DNA binding (FE
= 1.18) and RNA polymerase Il regulatory region DNA binding (FE = 1.17,
Supplementary Figure 2-6A). Similarly, dmCpGs were associated with RNA
polymerase ll-related molecular functions such as RNA polymerase Il transcription
coactivator binding (FE = 7.62) and cofactor binding (FE = 6.95, Supplementary Figure
2-6B). Additionally, dmCpGs were associated with metal ion transmembrane activity (FE
= 1.44). Collectively, these results support the role of differential cytosine modifications
in RNA polymerase Il related regulation of transcription to influence intermediate EMT

phenotype.

Potential roles of 5-hmC in regulating epithelial to mesenchymal transition

As increased hydroxymethylation and decreased methylation is traditionally
associated with increased gene expression, we wanted to determine whether the
dhmCpGs and dmCpGs were acting in regions of open chromatin as identified by ATAC-
seq. Out of 42,510 open chromatin regions containing a CpG that was measured on the
Illumina EPIC array, 12.03% of the open chromatin regions contained dhmCpGs in
contrast to 1.59% of the open chromatin regions containing dmCpGs (Figure 2-7A).
Interestingly, the only pathways significantly associated with the open chromatin regions
containing dhmCpGs were related to Rho family of GTPase, which have been
extensively shown to function as cellular switches in coordinating cell polarity and

migration by regulating the cytoskeleton (Figure 2-7B)*?%. Expression of majority of
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genes in the RHO GTPase cycle pathway is high in EM1, EM2, EM3 clones (Figure
2-7C).

To identify additional molecular processes dhmCpGs in open chromatin regions
may regulate, we conducted transcription factor motif enrichment analysis. Motif
enrichment analysis found 571 transcription factors (TF) significantly associated with
open chromatin regions with dnmCpGs in intermediate clones compared to only 4 TFs in
distal clones under the FDR < 0.05 threshold (Figure 2-7D, Supplementary Table 2-4).
In the intermediate clones, motifs for key EMT transcription factors (ZEB1 and SNAI2)
were enriched among open chromatin regions with dhmCpG, implicating 5-hmC in EMT
process-associated gene regulation. In addition, motifs for GRHL2, a suggested EMT
pioneer transcription factor that has been shown to be associated with epigenetic
remodeling, also were enriched in consensus open chromatin regions with dhmCpGs,
but not in consensus open chromatin regions with dmCpGs (Supplementary Table 2-
4)422439 'While not known specifically to play roles in EMT, other TF motifs, particularly
motifs of GATA2 and SPI1, were also found to be in open chromatin regions with
dhmCpGs. Together, these results suggest increase in 5-hmC may play a regulatory role
in the epithelial to mesenchymal transition process by acting in Rho GTPase associated

genes and acting on binding sites of EMT associated transcription factors.
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Figure 2-7. dhmCpGs in open chromatin regions are associated with Rho
GTPase family and EMT-specific transcription factor motifs.

A) Proportion of open chromatin regions with dnmCpGs and dmCpGs in open
chromatin regions containing CpGs analyzed from the lllumina Methylation EPIC
array. B) Reactome pathways associated with open chromatin regions containing
dhmCpGs. C) Gene expression z-scores of genes in the RHO GTPase reactome
pathway for each clone. Red indicates high expression. Blude indicates low
expression. D) Transcription factor motifs associated with open chromatin regions
containing dhmCpGs and dmCpGs.

2.5. Discussion

Widely used standard bisulfite conversion used to study DNA methylation is
unable to distinguish between 5-mC and 5-hmC. Using a tandem oxidative-bisulfite
treatment approach, we measured both cytosine modifications to understand their

unique distribution across distal and intermediate EMT states. The majority of previous
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studies measuring 5-hmC have been limited to global 5-hmC levels in tissues of
heterogeneous cell types including tumors, where extremely low levels of 5-hmC were
observed®>®231:387 Here, identifying differences in cell state-specific, nucleotide-specific
5-hmC is a strength of our approach. The intermediate clones in our EMT model system
suggests that genome-wide patterns of hydroxymethylation are associated with specific
EMT phenotypes, suggesting a potential role of 5-hmC in mediating EMT related
processes. Moreover, through multi-component approach of epigenome profiling, we
show that EMT phenotypes are underscored by substantial epigenetic differences.

Previous work establishing this model system has demonstrated that the
intermediate clones represent a population of tumor cells with high migratory and
invasive properties. We identify open chromatin regions with dnhmCpGs are particularly
associated with Rho family of GTPases, family of GTPases that regulates cell polarity
and migration by coordinating the cytoskeleton*?®. Rho GTPases have been well
documented to play a role in epithelial to mesenchymal transition in tumors***. While
Rho GTPases have been implicated in tumor progression, mutations in Rho proteins are
not common and do not favor initiation or progression of tumors which have called for
study of other mechanisms of deregulation Rho proteins**?. Our study suggests that
increasing 5-hmC may be implicated in the epithelial to mesenchymal transition which in
turn may contribute to deregulation of Rho proteins. In addition, we show dhmCpGs are
associated with motifs of key EMT transcription factors which may indicate recruitment of
various transcription factors by 5-hmC may be a potential mechanism regulating the
intermediate clones’ high migratory and invasive potential. Our results suggest that
targeting increases in 5-hmC in intermediate cells may impede the maintenance of this
state and/or force lineage commitment, effects that could lead to altered metastatic
propensity.

Prior literature has already indicated that DNA methylation states change during
TGF-B induced EMT**3, Similarly, our natural (non-TGF-B induced) EMT model suggests

that DNA cytosine modifications exhibit altered genome-wide patterns during the EMT
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process. Our results indicate that these altered patterns may regulate the existence of
cells in various EMT states, thereby enabling tumor heterogeneity. Alterations in
cytosine madifications and chromatin accessibility towards a less repressive state
suggests that the multi-level epigenome is essential in regulating the dynamics of EMT.
Lastly, our study highlights the importance of multicomponent measures of
epigenetic states. Utilizing ATAC-seq in combination with 5-mC and 5-hmC methylation
array profiles allowed for identification of the significance of the Rho GTPases that was
not evident in only DNA cytosine modification analyses. Moreover, combined datasets
allowed for identification of potential role of 5-hmC regulating EMT-related transcription
factors. However, the array-based approach may not have revealed CpG loci in relevant
accessible chromatin, a limitation that may be overcome with a whole genome bisulfite,
oxidative-bisulfite sequencing approach. It highlights the complex epigenetic landscape

that is required in the EMT process.

2.6. Conclusion

Our study addresses current gaps that exist in understanding of specific cytosine
modifications (5-mC and 5-hmC) roles in EMT and their associations with other
epigenetic changes. Clones exhibiting intermediate EMT phenotypes had distinct, more
open epigenetic states with increased 5-hmC, decreased 5-mC and more accessible
chromatin compared to clones exhibiting more distal EMT phenotypes. Open chromatin
regions containing CpG loci with increased 5-hmC enriched in motifs of key EMT
transcription factors, ZEB1 and SNAI2, indicate likelihood of multi-component epigenetic
regulation during EMT. Epigenetic profiles at the cytosine and chromatin level
associated with EMT processes that contribute to gene regulation may be targeted to

prevent the progression of EMT.
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2.7. Future perspectives

Roles of cell state specific epigenomic changes, specifically in multiple DNA
cytosine madification marks, in regulating epitheial-to-mesenchymal transition are only
just beginning to be identified. Utilizing multiple genome-wide epigenomic assays will
improve understanding of how different parts of the epigenome interact to regulate EMT,
which may yield new therapeutic targets to prevent EMT. With novel epigenetic targets,
therapeutic strategies to prevent cancer progression into metastasis may be developed

for clinical use.
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Supplementary Figure 2-1. Correlation between global cytosine modification
beta values and clonal phenotypes.

Spearman correlation between migration levels and global A) 5-hmC and B) 5-mC
beta values. Spearman correlation between invasion levels and global C) 5-hmC
and D) bet values. Each point labelled by clone name.
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Supplementary Figure 2-2. Results of epigenome wide association studies of
DNA cytosine modification marks and high migratory/invasive properties.

A) Distribution of average cells per field of vision for migratory and invasive
properties for each clone from transwell assays. B) Volcano plots indicating 1
differentially hydroxymethylated CpG and C) no differentially methylated CpG in
high migratory/invasive clones compared to low migratory/invasive clones.
Differentially hydroxymethylated CpG marked in red.
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Supplementary Figure 2-3.
Principal component analysis results of A) open chromatin accessibility from ATAC-
seg and B) gene expression from RNA-seq.
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Supplementary Figure 2-5. Among DNA methylation modulating enzymes,
only TET enzymes indicate subtle differences among clones.

A) Correlation between gene expression levels of DNA methylation and
demethylation enzymes and total average 5-hmC beta values. B) Correlation
between gene expression levels of DNA methylation and demethylation enzymes

56




and total average 5-mC beta values. Correlation was calculated with Spearman
correlation. Shapes of the points in the scatter plot indicate the group, either distal
(circle) or intermediate (triangle), of the clone. Colors of the points represent each
clone of the EMT spectrum. C) Unsupervised clustering of 5-mC and 5-hmC beta
values of CpGs located in DNMT and TET genes. Vertical tracking bars indicate
DNA modification, clones, and position on the EMT spectrum. Horizontal tracking
bars indicate DNA methylation modulating enzyme and hierarchical clustering
group from when hierarchical clustering dendrogram height = 1.6.
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Supplementary Figure 2-6.
Molecular functions associated with A) dhmCpGs and B) dmCpGs from Genomic
Regions Enrichment Annotations Tool (GREAT) analyses.
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Chapter 3

3. Tumor type and cell type-specific
gene expression alterations in

diverse pediatric central nervous
system tumors identified using

single nuclei RNA-seq

The following authors contributed to the work:
Min Kyung Lee, Nasim Azizgolshani, Joshua A. Shapiro, Lananh N. Nguyen,

Fred W. Kolling, George J. Zanazzi, Hildreth Robert Frost, Brock C. Christensen

*Only subsets of supplementary tables were included due to file size.
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3.1. Abstract

Central nervous system (CNS) tumors are the leading cause of pediatric cancer
death, and these patients have an increased risk for developing secondary neoplasms.
Due to the low prevalence of pediatric CNS tumors, major advances in targeted
therapies have been lagging compared to other adult tumors. We collected single nuclei
RNA-seq data from 35 pediatric CNS tumors and three non-tumoral pediatric brain
tissues (84,700 nuclei) and characterized tumor heterogeneity and transcriptomic
alterations. We distinguished cell subpopulations associated with specific tumor types
including radial glial cells in ependymomas and oligodendrocyte precursor cells in
astrocytomas. In tumors, we observed pathways important in neural stem cell-like
populations, a cell type previously associated with therapy resistance. Lastly, we
identified transcriptomic alterations among pediatric CNS tumor types compared to non-
tumor tissues, while accounting for cell type effects on gene expression. Cell type-
adjusted transcriptomic alterations were associated with nonsense mediated decay and
translation associated pathways. Our results suggest potential tumor type and cell type-
specific targets for pediatric CNS tumor treatment. In this study, we address current
gaps in understanding single nuclei gene expression profiles of previously under
investigated tumor types and enhance current knowledge of gene expression profiles of

single cells of various pediatric CNS tumors.

3.2. Introduction

Central nervous system (CNS) tumors account for ~25% of pediatric cancer
cases and are the leading cause of cancer death in children and adolescents in the
United States®*. Incident pediatric CNS tumors are comprised of many histologically
distinct tumor types including pilocytic astrocytomas (15.2%), embryonal tumors (9.4%),

and neuronal/mixed neuronal-glial tumors (7.9%)>*. Survival rates vary widely among
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tumor types, with a good 10-year survival of 95.4% for pilocytic astrocytomas and a poor
10-year survival of 15.9% for pediatric high-grade gliomas®*. Pediatric CNS tumor
patients are at risk of developing secondary neoplasms, with a 30-year cumulative
incidence of malignant secondary neoplasms ranging from 4.7 — 7.8%**3°, The
standard of care treatments for primary CNS tumors include surgery, radiotherapy, and
chemotherapy with relatively limited options for targeted therapy compared to tumors in
other anatomic regions.

Recent advances in identifying molecular subtypes in various pediatric CNS
tumor types have been made utilizing genomic, transcriptomic and epigenomic data as
reflected in the 2021 World Health Organization classification of CNS tumors**°. For
example, medulloblastoma can be classified into four separate molecularly defined
subtypes: WNT-activated, SHH-activated and TP53-wildtype, SHH-activated and TP53-
mutant, and non-WNT/non-SHH*43-439 '|n addition, supratentorial ependymoma can
be categorized into ZFTA fusion-positive or YAP1 fusion-positive®>44°, A better
understanding of the molecular variations that exist even among each tumor type has
led to novel treatment options. For example, Larotrectinib and entrectinib, targeted
therapies for NTRK fusion, which has been found in brain tumors, have been approved
by the Food and Drug Administration to treat some brain tumors that are metastatic or
unresectable with surgery**+442,

In addition to the molecular characterization of bulk pediatric CNS tumor tissue,
emerging work has begun to investigate the transcriptome and cellular states that exist
in these tumors at the single cell level. One of the first single cell transcriptomics
contributions focused on H3K27M -altered pediatric gliomas (n=6, and 3,300 cells)
showed that tumors are mainly composed of progenitor cell-like oligodendrocyte
populations, rather than differentiated malignant cells**®. Later, Gojo et al. identified that
cellular hierarchies in primary ependymomas (n=28) reflect impaired neurodevelopment
and that undifferentiated programs can infer prognosis*°". Moreover, Gillen et al.

revealed that subpopulations in ependymomas (n=26) impact tumor molecular

61



classification of bulk transcriptomes**. In medulloblastomas (n=25 and 9,000 cells),
Hovestadt et al. identified specific subpopulations associated with molecular subtypes®®’.
For example, Group 4 medulloblastoma are composed of differentiated neuronal-like
neoplastic cells, while the other three groups are composed of subgroup-specific
undifferentiated and differentiated neuronal-like malignant populations**’.

While these single cell and single nucleus transcriptomics studies in 85 total
primary CNS tumors to date have improved our understanding of cell states in pediatric
CNS tumors, there is still much to be investigated to advance optimal therapeutic options
for both primary cancer treatment and reduction of secondary neoplasms. Due to limited
sample availability for these rare pediatric CNS tumors, progress in single cell level
characterization of these tumors has been relatively slow. Here, we characterized single
nuclei gene expression profiles of 35 pediatric CNS tumors and 3 non-tumor pediatric
brain tissues. Our study augments previous studies by incorporating single nuclei gene
expression profiles of additional pediatric CNS tumor types (dysembryoplastic
neuroepithelial tumors, gangliogliomas, etc.) and non-tumor pediatric brain tissue which

have not yet been published to our knowledge.

3.3. Methods

Study population

This study of pediatric central nervous system tumors was approved by the
Institutional Review Board Study #00030211. Tumor and non-tumor tissues were
collected from patients treated at Dartmouth Hitchcock Medical Center from 1993 to
2017. Patients consented to use of tissues for research purposes. Histopathologic tumor
type and grade for each sample were re-reviewed according to the 2021 WHO
classification of CNS tumors and categorized into the major tumor types=:°. Tumor types
included in this study are astrocytoma, embryonal tumors, ependymoma,

glioneuronal/neuronal tumors, glioblastoma, and Schwannoma. The average age at
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diagnosis of subjects from whom the tumor tissues were derived from in this study was
9.3 (range: 0.75 — 18). Male subjects accounted for 62.9% of the tumor samples and
female subjects accounted for 37.1% of the tumor samples. Non-tumor brain tissues
were obtained from pediatric patients with epilepsy who underwent surgical resection.
The average age at diagnosis of subjects from whom the non-tumor samples were
derived from was 6.2 (0.58 — 11). Male subjects accounted for 33.3% of the non-tumor
samples and female subjects accounted for 66.7% of the non-tumor samples. Specific
demographic characteristics of patients for the study are provided in Table 3-1 and

sample information for each subject are provided in Supplementary Table 3-1.

Table 3-1. Subject demographics.

Non-tumor Tumor
Sample size (N) 3 35
# of nuclei 17,451 67,249
Mean (Range) Pooled 1921.4 (234 — 5795)
Age
Mean (Range) 6.2 (0.58 —11) 9.3 (0.75-18)
Sex
F 2 (66.7) 13 (37.1)
M 1(33.3) 22 (62.9)
Location
Subtentorial 0 (0.0) 22 (62.9)
Supratentorial 3 (100.0) 13 (37.1)
Tumor type
Astrocytoma 8 (22.9)
Embryonal 6 (17.1)
Ependymoma 11 (31.4)
Glioneuronal/Neuronal 8 (22.9)
Glioblastoma 1(2.9)
Schwannoma 1(2.9)
Grade
Low (1 + 2) 20 (57.2)
High (3 + 4) 13 (37.1)
NEC/NOS 2 (5.7)
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Identification of genetic variation with bulk tissue RNA-seq

RNA was collected using Qiagen RNeasy plus kit (Catalog ID: 74034, Qiagen,
Hilden, Germany). RNA-seq libraries were prepared following the Takara Pico v3 low
input protocol and sequenced on Illlumina NextSeg500.

Raw RNA-seq data were trimmed for polyA sequences and low-quality bases
using cutadapt (v2.4)*'“. Reads were aligned to human genome hg38 using STAR (v
2.7.2b)*?*. Duplicate read identification and other quality control checks for read
alignment were performed using CollectRNASegMetrics and MarkDuplicates in Picard
Tools.*'® Reads containing N were split using SplitNCigarReads function in the Genome
Analysis Toolkit (GATK)**>4%, Bases quality scores were recalibrated using known
variants from the GATK resource bundle and with the BaseRecalibrator and ApplyBQSR
functions in GATK**>#6_Somatic SNV and indels were called with Mutect2 in tumor-only
mode**>*%6_ Only variants with at least read depth of 10, 5% allele frequency, read depth
of 5 for the alternate allele were kept for analysis. The variants were then filtered for
variants in sex or mitochondrial chromosomes, RNA editing sites, repeat masker
regions, and variants in Panel of Normal (from GATK) references. Variants were then

annotated using the Funcotator function in GATK*#>446,

Identification of copy number variation with DNA methylation arrays

DNA were treated with sodium bisulfite following the TrueMethyl® oxBS Module
(Tecan Genomics Inc, Redwood City, CA). Converted DNA were hybridized to Infinium
HumanMethylationEPIC BeadChips. Raw idat files from the EPIC arrays were
processed using preprocessNoob function in minfi in R“°°. Copy number variations of
tumor samples were estimated in comparison to non-tumor samples using the CNV . fit

function in conumee package in R,

Nuclei isolation, sample multiplexing, and single nuclei RNA-sequencing
Nuclei from fresh frozen tissues were isolated following the Nuclei Pure Prep

nuclei isolation kit (Sigma-Aldrich, Catalog ID: NUC201) with some modifications. To
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summarize, ~10mg of tissue were washed with PBS to remove extraneous OCT the
samples were frozen in. The tissue was homogenized with both wide and narrow pestles
submerged in 2.5mL of the lysis buffer in a Dounce homogenizer. The lysate mixed with
4.5mL 1.8M sucrose cushion were gently layered on top of the 2.5mL of 1.8M sucrose
cushion in Beckman ultracentrifuge tubes. Samples were centrifuged for 45 min at
13,000 RPM at 4°C in an ultracentrifuge. Samples were multiplexed with lipid-tagged
oligonucleotides following the MULTI-seq protocol**®. Nuclei were resuspended in 1%
BSA PBS and filtered with 70um and 40um Flowmi filters. Nuclei were quantified with
Cellometer K2 (Nexcelom, Lawrence, MA). We aimed for 2,500 — 5,000 nuclei per
sample to be sequenced.

Libraries for single nuclei RNA-seq were prepared following the 10x Genomics
Single Cell Gene Expression workflows (10x Genomics, Pleasanton, CA) and were
sequenced on lllumina NextSeq500 to average 45,000 reads per cell. 10X Cell Ranger
software was used to align sequences to GRch38 pre-mRNA reference genome and

generate feature-barcode matrices for downstream analyses.

Pre-processing snRNA-seq data

To filter low quality nuclei, only those with greater than 200 and less than 10,000
features and less than 5% of reads that map to the mitochondrial genes were used in
downstream analyses. Pooled nuclei were demultiplexed by hashtag oligonucleotides
using HTODemux function in Seurat v4*4°=*>2, Pooled samples were also demultiplexed
using Vireo, a genotype based demultiplexing method*>*. We performed genetic
demultiplexing analysis using genotype data following the methods described
in Weber et al.”>*, implemented in a Nextflow workflow*>°. Briefly, bulk RNA-seq reads
from each sample were mapped to the reference genome (GRCh38.p13) using STAR*?.
Pooled single-nuclei RNA-seq reads were mapped to the reference genome
using STARso0l0**°. Variants among the samples within each pool were identified and
genotyped with bcftools mpileup*” using the mapped bulk reads. Individual cells were

then genotyped only at the sites identified using the bulk RNA using cellsnp-lite (mode
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1a)**8. Cell genotypes were used to identify the sample of origin for each cell
using Vireo*>®. Code for the genetic demultiplexing workflow can be found

at https://qgithub.com/AlexsLemonade/alsf-scpca/tree/main/workflows/genetic-demux.

To integrate the methods, we first used sample identity assigned from the
hashtag oligonucleotides. If the nuclei were confidently assigned a sample, it was
compared to the genotype-based sample assignment. Those that did not match the
same sample were filtered out. If the nuclei were assigned as a doublet or to none of the
samples, the nuclei were assigned to a sample based on the genotype-based approach.
84,700 nuclei with confident sample assignment were used in analysis.

As our dataset included a very large number of nuclei to be integrated and was
expected to have certain cell types only present in certain samples, we used the
reciprocal PCA integration approach on the 2,000 most variable features to combine the
nuclei from each sample. We first found the integration anchors with the
FindIntegrationAnchors function then used the IntegrateData function in Seurat v4 to

integrate all our filtered nuclei*>®*>2,

Dimension reduction and clustering of snRNA-seq data

The integrated dataset was scaled using the ScaleData function in Seurat. First,
PCA dimensionality reduction analyses were done to identify 100 principal components
(PCs). To further reduce the dimensionality and cluster our nuclei by their gene
expression profile, we conducted UMAP analyses on the 50 PCs with highest standard
deviation with RunUMAP function in Seurat****>°, Then, we clustered our cells using
FindNeighbors (n_neighbors = 30) and FindClusters (resolution = 1.0) function in

Seurat**°.

Gene set enrichment testing
Gene set enrichment tests at the single cell level were conducted using the
Variance-Adjusted Mahalanobis (VAM) method“*°. The vamForSeurat function from the

VAM R package was used to calculate enrichment scores for each nucleus. Brain cell
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type specific gene sets from the Molecular Signatures Database (MSigDB) v7.5.1 were
used to validate our single cell identities*®*~*%°, For identifying cell types, p-values were
calculated from the cumulative distribution function values generated by VAM. Nuclei
were considered to be associated with a specific brain cell type-pathway if the VAM-
generated p-value was < 0.05. Nucleus-level pathway scoring was also conducted using
VAM for pathways in the MsigDB Pathways Interaction Database (PID) collection“®’. PID
Pathways were considered to be enriched in each nucleus at the FDR adjusted p-value
threshold of 0.1 for the VAM-generated p-values.

Stemness scores for each nucleus were calculated using the stemness-

associated gene list from Tirosh et al*®® and the AddModuleScores function in Seurat.

Differential gene expression and pathways

Differential expression analysis between tumor nuclei and non-tumor nuclei were
conducted using monocle3+%°~*"2, Differential expression analyses were conducted only
on the top 4,000 most variable features identified from the FindVariableFeatures Seurat
function. The unadjusted differential expression testing was done using the fit_models
function in monocle3 (v1.0.0) R package with the quasi-poisson distribution with the non-
tumor nuclei being the referent gene expression profile*®4’%472. The adjusted differential
expression testing was done with the same quasi-poisson distribution with non-tumor
nuclei being the referent but including the major cell type identity in the model. Gene
types for each gene used in the differential expression testing were annotated using the
org.Hs.eg.db*”®, Human genome annotation package, and maplds function in the
AnnotationDbi R package*’*. Pathways associated with the differentially expressed
genes were identified using the Reactome pathways and ReactomePA R package**'.

Pathways important for each cell cluster were identified using FindAlIMarkers
function in Seurat v4 with the Wilcoxon rank sum test in Seurat on the binary
classification of PID pathways enrichment for each nuclei*’®. Log fold change and

minimum percentage of cells enriched in each pathway were both set to 0. To identify
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the pathways with greater number of nuclei with enriched pathway per cluster, we

selected pathways that were only positive in direction in the FindAllMarkers options.

Statistical testing

Observed proportion of genes that were either increased or decreased in the
same direction in the shared differentially expressed genes among all the tumor types
(60.9%) were compared to expected proportion of genes that would be increased or
decreased in the same direction across all the tumor types (3.13%) using a one-sample
proportion test. The expected proportions were determined based on the permutations of

direction of change compared to non-tumor for the six tumor types.

3.4. Results

Samples from pediatric central nervous system tumors and non-tumor pediatric
brain tissue were obtained from patients being treated at Dartmouth-Hitchcock Medical
Center and Dartmouth Cancer Center from 1993 to 2017. Non-tumor pediatric brain
tissues from the supratentorial regions were collected from patients undergoing surgical
resection for epilepsy. Patient characteristics are described in Table 3-1. Pathological
re-review for histopathologic tumor type and grade were done according to the 2021
World Health Organization CNS tumor classification system and categorized into the
broader tumor types to balance sample size per tumor type®*. Specific diagnoses for
each sample can be found in Supplementary Table 3-1.

Genetic variants were identified using bulk tissue RNA-seq data for all tumors
except for two tumors due to low bulk RNA-seq data quality. Copy number variations
(CNV) were determined using bisulfite treated DNA methylation array data. Genetic and
cytogenic variations varied among tumors and tumor types (Figure 3-1). Interestingly,
across all but one tumor sample, tumors had genetic variants in MALAT1. Many of the
genetic variants detected within the pediatric CNS tumors were associated with

epigenetic processes. For example, almost half of the tumors, across tumor types, had
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genetic variants in HIST1IH1E (14/33). CNV patterns in some tumor types were as
expected from previous literature. For instance, 5 out of the 9 ependymoma had
chromosome 1q gain, which has been considered to be an early tumorigenic event in

ependymoma’’®4’7,
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Figure 3-1. Genetic and cytogenic characteristics of pediatric CNS tumors.
Heatmap of presence of genetic variant in select genes. Blue squares indicate
presence of genetic variant. Gray squares indicate the genetic variant was
undetected. Vertical tracking bars indicate whether the gene is associated with
epigenetic processes. Horizontal tracking bars correspond to each patient’s age,
gender, grade, tumor type, and copy number variations in select chromosomes.
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Integrated de-multiplexing method to increase single nuclei RNA-seq data yield
Using lipid-tagged hashtag oligonucleotides (HTO), 34 samples (out of 38 total
samples) were multiplexed in 17 pools to collect 10X genomics snRNA-seq data**®. The
distribution of samples across sequencing runs and pools is provided in Supplementary
Table 3-1. As many nuclei were not tagged with sufficient HTO to be efficiently
demultiplexed in downstream analyses, we aimed to augment demultiplexing by
analyzing sequencing-derived genotype data from each nucleus together with HTO
information and assign additional nuclei to specific samples (Figure 3-2A). To
summarize our demultiplexing process, we first used HTOs to assign the nuclei to their
respective samples. For samples that were assigned confidently with the HTO, we
filtered to keep only the nuclei that were assigned to the same sample concordantly
using genotype information. For nuclei that were either unassigned to a sample or
assigned as a doublet with HTO, we assigned nuclei to samples using genotype
information (detailed in the methods section). The final set of nuclei per sample were
comprised of the filtered nuclei from HTO and genotype identified nuclei. An example of
the single nucleotide variants identified per pool along with their assigned sample can be
found in Figure 3-2B. An example of how many nuclei were obtained for one pool,
during each step, is shown in Figure 3-2A on the right. The integrated demultiplex
method classified an average of 1,921 nuclei per sample (range = 234 — 5795, Table
3-1). The number used in downstream analysis per sample is included in
Supplementary Table 3-1. The total number of demultiplexed nuclei was increased
47.4% (additional 27,248 nuclei) using the integrated approach over the HTO-only
method, and 15.6% (additional 11,445 nuclei) over the genotype-based method alone
(Figure 3-2C). Gene expression profiles for a total of 84,700 nuclei were used for

downstream analyses.
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Figure 3-2. Integrative method to demultiplex pooled samples increases
nuclei per sample from single-nuclear RNA-seq data.

A) Diagram of integrated method for demultiplexing pooled samples. Multiplexed
samples were first demultiplexed using hashtag oligonucleotide (HTO) counts. Cells
assigned using HTO were filtered for those that did not match the sample
assignment from genotype-based method. Cells unable to be assigned to a sample
from HTO were assigned based on genotype information. On the right are the
number of cells retained at each step of the integrated demultiplex method for Pool
#1. B) Example of genotype information (Pool #1) used to demultiplex samples.
Blue indicates 100% alternate allele presence. Pink indicates heterogeneous
alternate allele presence. White indicates no alternate allele depth presence.
Tracking bars indicate the samples assigned based on HTO or genotype (GT). C).
Number of nuclei assigned per sample based on hashtag oligonucleotides,
genotype-based method, or integrated method. The total number of nuclei obtained
for each method is labeled on the top of the boxplot.
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Cell type heterogeneity in pediatric central nervous system tumors and non-tumor
pediatric brains

Out of 84,700 nuclei, 67,249 nuclei (79%) were from pediatric CNS tumors and
17,451 nuclei (21%) were from non-tumor tissue (Figure 3-3A). Across all samples,
snRNA-seq data revealed 58 clusters that were grouped into 16 major cell types:
astrocytes (AST), embryonal tumor cells (EMB), endothelial cells (EN),
macrophage/microglia (MAC/MG), neurons (NEU), excitatory neurons (NEU_EX),
granular neurons (NEU_GN), inhibitory neurons (NEU_INH), interneurons (NEU_INT),
neural stem cells (NSC), oligodendrocytes (OLIG), oligodendrocyte precursor cells
(OPC), radial glial cells (RGC), stromal cells (ST), T cells (TC), and unipolar brush cells
(UBC) (Supplementary Figure 3-1A, Figure 3-3B). The clusters were classified into
cell types using classical markers for cell types found in the brain (Table 3-2). The
following gene markers for cell types were used: GFAP and AQP4 for astrocytes; FN1
and COL4AL1 for endothelial cells; CSF1R and PTPRC for macrophage/microglia;
RBFOX3 and RELN for neurons and unipolar brush cells; GAD2 for inhibitory neurons
and interneurons; SOX2 and CD44 for neural stem-like cells; MOG and PLP1 for
oligodendrocytes; PDGFRA for oligodendrocyte precursor cells; VIM, NES, and PAX6
for radial glial cells; FAP for stromal cells; CD3E for T cells. Not all gene markers
corresponded to expected expression levels for the major cell types. For example, the
neural stem cells (NSCs) did not express classical neural stem cell like genes (SOX2
and CD44) but were identified by enrichment testing of neural stem cell/neural
progenitor-like cell gene sets. Because the embryonal tumor cells (EMB) clusters were
unlike any other classical cell type found in the brain, the cells in these clusters were
classified as embryonal tumor cells. These marker-based cell type classifications were
subsequently validated by enrichment of cell type-specific pathways using the Variance-
adjusted Mahalanobis method, a single cell-level pathway enrichment method (Figure

3-3C, Supplementary Figure 3-1B)*°=¢%478 The cell type-specific pathways used for
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enrichment testing were derived from single cell RNA-seq experiments of developing

human and mouse brains.
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Figure 3-3. Heterogeneity of cell types in pediatric CNS tumor tissue and non-
tumor pediatric brain tissue.

A) UMAP of the 84,700 nuclei colored from tumor and non-tumor tissue. Dark green
indicates nuclei from non-tumor tissue. Orange indicates nuclei from tumor tissue.
B) UMAP of the 84,700 nuclei colored by major cell type. C) Gene expression
levels of classical gene markers for cell types present in the brain by major cell
type cluster. Astrocytes (AST): GFAP and AQP4; Endothelial cells (EN): FN1 and
COL4A1; Macrophage/microglia (MAC/MG): CSF1R and; Neurons and unipolar
brush cells (NEU, NEU_EX, NEU_GN, UBC): RBFOX3 and RELN; Inhibitory
neurons and interneurons (NEU_INH, NEU_INT): GAD2; Neural stem cells (NSC):
SOX2 and CD44; Oligodendrocytes (OLIG): MOG and PLP1; Oligodendrocyte
precursor cells (OPC): PDGFRA; Radial glial cells (RGC): VIM, NES, and PAXE6;
Stromal cells (ST): FAP; T cells (TC): CD3E.
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Table 3-2. Classic markers for cell types in the brain

Cell Type Markers
Astrocytes GFAP; AQP4
Endothelial cells FN1; COL4Al1
Macrophage/Microglia CSF1R; PTPRC
Neurons/Unipolar brush cells RBFOX3; RELN
Inhibitory neurons/Interneurons GAD2
Neural stem-like cells SOX2; CD44
Oligodendrocytes MOG; PLP1
Oligodendrocyte precursor cells PDGFRA
Radial glial cells VIM; NES; PAX6
Stromal cells FAP
T cells CD3E

To identify stem-like phenotypes in our tumor nuclei population, we investigated
the expression levels of classically used markers of cancer stem cells (ITGA6, CD44,
PROM1, NES, MSI1, MYC, NANOG, SOX1, SOX2, POU5F1, VIM, SDC1, SDC2,
GPC1, GPC2), as well as an enrichment score for stemness from Tirosh et al*®®47°,
Levels of expression for genes classically used for to isolate stem-like cells in literature
varied among the different cell types (Supplementary Figure 3-2). Interestingly, cell
types expected to be more differentiated, like astrocytes, had relatively high levels of
CD44 and VIM, and these genes were expressed in many of the cell types. In addition,
although the NSC-like cluster had a high stemness score, the expression of cancer stem
cell markers was minimal. Unexpectedly, the UBC-like clusters also had elevated
stemness scores. While gene expression levels may not always correlate with protein
expression, our results indicate cell types identified using classical stem cell markers
may not capture all tumor cells with stemness features.

Next, we tested for potential associations of clinical variables with tumor
stemness scores. We first assessed the distribution of stemness scores among nuclei in

each sample and determined the median stemness score (Supplementary Figure 3-3).
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We found that the stemness scores were higher in embryonal compared to other tumor
types or non-tumor tissue (Supplementary Figure 3-4A). Specifically, embryonal
tumors had significantly higher stemness scores compared to astrocytomas (P-value =
0.03), ependymoma (P-value = 0.02), and glioneuronal/neuronal tumors (P-value =
0.029). Compared with low grade tumors, high grade tumors had higher stemness
scores (P-value = 0.008, Supplementary Figure 3-4B), and somewhat unexpectedly,
stemness score was positively correlated with age (R = 0.47, P-value = 0.004,
Supplementary Figure 3-4C). No difference in stemness score was observed between
tumors in the subtentorial and supratentorial regions of the brain (P-value = 0.600,
Supplementary Figure 3-4D). Our results indicate that stemness level of single cells is
associated with tumor type and grade, which may be important when considering
potential for therapy resistance and metastasis and when developing targeted therapies.
To reveal any specific cell populations that are only present in a restricted set of
tumor types, we evaluated the association between cell type proportions and tumor type
(Figure 3-4, Supplementary Figure 3-5). Non-tumor tissue contained nuclei from all
major expected cell types found in normal brain, including astrocytes, oligodendrocytes,
and excitatory and inhibitory neurons which demonstrated the high-quality data derived
from the non-tumor tissues. Some tumor samples had small proportions of cell types
normally present only in non-tumor tissue, such as excitatory neuron cluster #5
(NEU_EX5) and inhibitory neuron cluster #2 (NEU_INH2). These cases are likely the
result from the inclusion of cells from the tumor margin. Non-tumor tissues had limited
numbers of nuclei from progenitor-like cell types, like NSCs, RGCs, or UBCs. While
OPCs are a progenitor cell type, they are also found in normal brain tissue. The non-
tumor OPCs were limited to the OPC4, a population transcriptionally distinct from tumor

OPCs residing in OPC1-3.

76



DHMCO02
DHMCO03
DHMC12
DHMC22
DHMC23
DHMC26
DHMC31
DHMC35
DHMC14
DHMC20
DHMC25 =
DHMC27
DHMC33
DHMC36
DHMC21
DHMC13
DHMC24 =
DHMC29
DHMC34
DHMCOD1
DHMCD4
DHMCO05
DHMCO06
DHMC30
DHMC18
DHMC11
DHMCO7
DHMCD9
DHMC17
DHMC19
DHMC28
DHMC32
DHMC16
DHMC15
DHMC08

I D T N . W Tumor Type
25 o I T e o e - morade
— Y 1@ A
. 20 20 10 - 7 Al
2 6 8 12 ¢ Iﬁg
29 A5
1% AG
= I ENBS
5 BN EN
6 7T 5 9 9 6 8 718 6 95 - 7 Mc%
s 0
7 5 . NEU Prngurlinn Tumor Type
. : NEY-Ex1 100 B Astrocytoma
» " 3 ® NEU:EXQ 80 B Embryonal
L' T NEU-EX4 60 & Ependymoma
) NEH*E@ S0  Glioblastoma
. . NEEFEXS 20 = Slion_lgurona\meuronal
. NEU-EX! on-Tumor
. B “E”_S”‘ 0 Schwannoma
- = NEUZGNZ  cell Type Grad
" 19 . NEUINHY moaer rade
. NEU-INHS W High
NEUTINH3 W EMB 5 g
BENEUINT  WEN IIIZIOEWCJNOS
. e 21 ] NSC1 B MAC/MG
» N B NEU
87 kS B 7 ! " & 6 ‘ 7 ¢ " N § .NEU_EX
: - - Ne&e B NEU_GN
N - N g =NEU7INH
NEU_INT
! - * W8H& ENSC
Bl sl ’ @ " " 86 % © OPC
‘! 20 2 u (] 12 I L] T . %g 7 RGC
> ‘ 2
" _ R ¥ AR comm  mm Eg } Wusc
7 7 a3 18 s 7 RGC3
1. 13 1" R
ST1
: ol |
[2] T4
mTC
’Iﬂ HB 1
" a yiifed]
uBca
uUBCS
[
a
=
[l
°
o

Stemness °
Non-Tumor

Figure 3-4. Tumor type-specific presence of cell types.

Heatmap of the proportions (%) of each cell type present in each sample. Scatter
plot on the left of the heatmap indicates the median stemness level of each cell
type. Horizontal tracking bars indicate the tumor type and grade of each sample.
Vertical tracking bars indicate the major cell types of the nuclei. The cell types with
greater than 5% are labeled within each cell. ATC: Astrocytoma; EMB: Embryonal
tumors; EPN: Ependymoma; GBM: Glioblastoma; GNN: Glioneuronal/neuronal
tumors; NT: Non-tumor; SCH: Schwannoma.

Some cell types were exclusive to a specific tumor. For example, the
glioblastoma sample was comprised of 91% NSC1, and an ependymoma sample
consisted predominantly (86%) of OPC2. MG2 was present at higher proportions (mean
= 3.3%, range = 0.3 — 31.2%) in tumors compared to non-tumor tissue (0.9%). All
astrocytomas had at least small proportions of A4, OPC1, and OPC5. The embryonal
tumors had cell types that were more neuronal (apart from EMB cell types) like NSCs

and UBCs. Large proportions of ependymoma samples were made of RGC clusters. The
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glioneuronal/neuronal tumor type samples were more varied in terms of which cell types
were more present in each tumor. The expanded cell types were consistent with some

known cell types of origin for these tumors, such as the RGCs in the ependymomas.

Cell type-specific pathway enrichment in pediatric CNS tumors

First, to determine cell type-specific pathway enrichment in each nuclei of the
tumor samples, we conducted a pathways analysis at the single cell level using the
Variance-adjusted Mahalanobis (VAM) method, which computes cell-level pathway
scores that account for the technical noise and inflated zero counts of single cell RNA-
seq data*®®. We used 196 pathways from the MSigDB Pathway Interaction Database
(PID) collection for our enrichment testing*®**°24%’, The cell-level enrichment p-values
generated by VAM were corrected for false discovery rate using the Benjamini-Hochberg
method and classified to be significantly enriched in each nucleus if the FDR adjusted p-
value was less than 0.1 as binary classifications (enriched or not enriched).

Next, we determined any pathways that were more specific for each cell type to
determine pathways important in each cell type. The PID pathways were considered to
be important/specific to the cell type under adjusted p-value < 0.05 threshold in the
differential enrichment test. For cell types with a limited presence in tumor tissues, like
many of the excitatory neurons and Al, we observed no pathways that were specific to
the clusters (Supplementary Figure 3-6A, Supplementary Table 3-2). The immune-
related cells (MG1, MG2, and TC), which were present in tumor tissue at slightly higher
levels than in non-tumor tissue, had more than 44% of the PID pathways specific to
these cell types. The high percentage of PID pathways that were important in the
immune-related cell types is likely due to the relatively greater number of cytokine and
other immune-associated pathways are included in the PID database.

All NSC clusters, except for NSC6 (3.6% pathways), had more than 10% of PID
pathways that were important to the NSCs (range = 11.73 — 42.35%, Supplementary
Figure 3-6A, Supplementary Table 3-2). While there were no shared pathways that

were considered to be important in all 8 NSC clusters, there were numerous pathways
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shared among majority of the NSCs (Figure 3-5A, Supplementary Figure 3-6B). The
retinoic acid pathway and telomerase pathway were considered to be important in 7 of 8
NSC clusters (Figure 3-5B). Aurora-B, PLK1, FOXM1, E2, ATR, FOXO, Retinoic Acid
pathways were considered to be important in just 6 of the 8 NSC clusters. Our results
provided potential cell type-specific targets within these PID pathways important for each

cluster for future therapeutic strategies.
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Figure 3-5. Enriched pathways in neural stem cell-like cells in pediatric CNS
tumors.

A) Differentially enriched pathways from Pathways Interaction Database (PID) in
the NSC subpopulations compared to all other cell clusters in pediatric CNS
tumors. Blue points indicate statistically significantly enriched pathways at adjusted
p-value threshold of 0.05. Labeled pathways indicate more commonly enriched
pathways in the NSC subpopulations. The few points that appear to be cut-off have
-log10(adjusted p-value) of infinity as the adjusted p-values were essentially zero.
B) Relative enrichment and percentage expressed in cluster of the top enriched
pathways per NSC clusters. Color indicates relative enrichment. Size indicates
percentage expressed in each NSC cluster.
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Transcriptomic alterations in tumors compared to non-tumor at the single cell
level

We next aimed to determine transcriptomic alterations in pediatric CNS tumors
compared to non-tumor pediatric brain tissue. In bulk differential gene expression
analyses, it is typically not possible to account for the impact of cell composition
differences on gene expression levels*“%°=%%2 Here, using single nuclei level data, we
compared expression of the 4,000 most variable genes in nuclei from each tumor type to
the gene expression of nuclei in non-tumor tissue, controlling for cell-type composition
differences (Figure 3-6A). Genes were considered differentially expressed if they met

the FDR < 0.05 threshold.
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Figure 3-6. Transcriptomic alterations in pediatric CNS tumor cells compared
to non-tumor pediatric brain cells.

A) Volcano plot of differentially expressed genes for each tumor type compared to
non-tumor tissue, adjusted for major cell type. Number of genes on the left of the
volcano plot indicate genes that are downregulated compared to non-tumor tissue.
Number of genes on the right of the plot indicate genes that are upregulated
compared to non-tumor tissue. B) Comparison of the number of differentially
expressed genes in the adjusted model and the unadjusted model per each tumor
type. C) Distribution of differential expression estimates in the unadjusted model to
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estimates in adjusted model per tumor type. Dashed lines at 0.5 and 1.5 to indicate
genes with similar estimates in the two models.

As expected, adjusting for cell type proportions reduced the number of
significantly differentially expressed genes compared with cell-type-unadjusted analyses.
However, importantly, cell-type-adjusted analyses identified on average 200 genes per
tumor type that not observed in unadjusted models. (Figure 3-6B, Supplementary
Figure 3-7A, 7B, Supplementary Table 3-3). Genes uniquely identified in cell-type-
adjusted models represent underlying tumor biology that was obscured by variation in
cell type proportions composing the tumor microenvironment across subjects (Figure
3-6C). For example, WNT3A, a gene shown to mediate glioblastoma progression*®* was
shown to be upregulated in glioneuronal/neuronal tumors and Schwannoma only using
the adjusted analysis (Supplementary Table 3-3). Furthermore, the unadjusted model
often gave estimates that were contrary to the direction of change from the adjusted
model. For example, FAT2 was significantly decreased (estimate = -1.80) in embryonal
tumors relative to non-tumor tissue in the adjusted model but significantly increased
(estimate = 0.42) in embryonal tumors in the unadjusted model. Also, FGFR2 had
significantly increased in expression (estimate = 0.76) in the Schwannoma nuclei relative
to non-tumor tissue in the adjusted model but was significantly decreased in expression
(estimate = -0.52) in the unadjusted model.

Using cell type-adjusted models, we detected tumor type-specific alterations in
gene expression compared to non-tumor tissue. In astrocytomas, we identified 958
significantly downregulated and 970 significantly upregulated genes compared to non-
tumor tissue (FDR < 0.05). Genes upregulated in astrocytomas include ID4, CD74 and
FOS. The differentially expressed (DE) genes in astrocytomas were associated with
translation-related and nonsense-mediated decay-related processes (Supplementary
Figure 3-8A, Supplementary Table 3-4). Embryonal tumors had 915 downregulated
and 944 upregulated genes relative to non-tumor tissue that were associated with rRNA

processing and translation-associated processes (Supplementary Figure 3-8B,
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Supplementary Table 3-5). In embryonal tumors, the topmost DE genes included many
ribosome-associated genes like RPS2, RPLP1, and RPL13A as well as histone H3.3
related genes like H3F3A and H3F3B. Ependymomas had 1024 downregulated and
1213 upregulated genes compared to non-tumor tissue. The topmost DE genes were
IGFBP5, CFAP54 and COLEC12. Similar to astrocytomas, DE genes in ependymomas
were associated with translation and nonsense-mediated decay related processes
(Supplementary Figure 3-8C, Supplementary Table 3-6). Glioneuronal/neuronal
tumors had 1,035 downregulated and 1,079 upregulated genes relative to non-tumor
tissue; these genes that were associated with extracellular matrix and integrin-related
processes and MET signaling (Supplementary Figure 3-8D, Supplementary Table
3-7). TAFAL, ALK, and VAV3 were some of the topmost DE genes in
glioneuronal/neuronal tumors. In the glioblastoma, there were 1,575 downregulated
genes and 524 upregulated genes that were associated with RNA processing and
translation-related processes (Supplementary Figure 3-8E, Supplementary Table
3-8). Some genes that were topmost DE in glioblastoma nuclei include RMST, ID4 and
PBX3. Lastly, in the Schwannoma, there were 864 downregulated genes and 813
upregulated genes relative to non-tumor tissue that were associated with elastic fibers
and RHO/RAC1 GTPases cycles (Supplementary Figure 3-8F, Supplementary Table
3-9). CEMIP, THSD4, and GPC6 were among the topmost DE genes in the
Schwannoma nuclei. Only the top 10 most associated pathways are reported in
Supplementary Figure 3-7. The list of differentially expressed genes and their
associated pathways per tumor type are listed in Supplementary Table 3-3 — 3-9,

respectively.
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Figure 3-7. Adjusting for cell type identity identifies novel genes associated
with pediatric CNS tumor types.

A) Heatmap of differential expression direction and significance in all 4000 genes
tested in differential expression analyses. Red indicates significantly upregulated in
the tumor type compared to non-tumor tissue. Blue indicates significantly
downregulated in the tumor type compared to non-tumor tissue. Gray indicates the
gene is not significantly differentially expressed. Tracking bar indicates the gene
type. B) Top Reactome pathways associated with genes commonly upregulated
across all tumor types. C) Top Reactome pathways associated with genes
commonly downregulated across all tumor types.

Of the 4,000 most variable genes that were used in differential gene expression
analysis, there were 558 genes that were differentially expressed in all six of the tumor
types, 717 in five of the tumor types, and 596 in four of the tumor types compared with
non-tumor tissue (Figure 3-7A, Table 3-3). There were differentially expressed genes
specific to a single tumor type: 43 genes for astrocytomas, 61 for embryonal tumors, 52
for ependymomas, 68 for glioneuronal/neuronal tumors, 98 for glioblastoma, and 57 for
Schwannoma. While 60.9% (340/558) of the differentially expressed genes shared
among all the tumor types were either increased or decreased the same direction, the

remainder of genes varied in the direction of change based on tumor type compared to
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non-tumor tissue. The proportion of genes that either increased or decreased in the
same direction for the shared significantly differentially expressed among all tumor types
were significantly higher than expected (P-value < 2.2x1071). Protein-coding genes with
increased expression across all tumor types included E2F7, ETS1, EZH2, ID3/4, MKI67,
PIK3R3, and TOP2A. We conducted a pathways analysis of the genes with increased
expression across all tumor types, and genes with decreased expression across all
tumor types with Reactome pathways*’. Interestingly, translation or nonsense mediated
decay related processes having increased expression across all tumor types compared
to non-tumor tissues (Figure 3-7B). Shared decreased protein-coding genes across all
tumor types included FOXP2, GABRA1/2/4/5, NRGN, SST, and SYNPR. Even when
differential gene expression analyses were adjusted for cell type, across all tumor types,
there was decreased expression in genes associated with neuronal system such as
transmission across chemical synapses and activation of NMDA or GABA receptors
(Figure 3-7C). Hierarchical clustering of the differentially expressed genes revealed that
transcriptomic alterations were similar in ependymomas and glioneuronal/neuronal

tumors and likewise in astrocytomas and embryonal tumors (Figure 3-7A).

Table 3-3. Number of significantly differentially expressed genes shared among all
or subsets of tumor types

Number of tumor Number of genes shared among tumor

types types
0 868
1 379
2 424
3 458
4 596
5 717
6 558
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3.5. Discussion

In this study, we characterized gene expression profiles of 84,700 nuclei from
snRNA-seq of 35 pediatric CNS tumors and 3 pediatric non-tumor brain tissues. We
utilized an integrated hashtag oligonucleotide and genotype-based methods to maximize
the number of sample-assigned nuclei from our multiplexed shRNA-seq experiment.
Although the original MULTI-seq**® work showed that multiplexing nuclei was feasible,
some difficultly encountered with the approach in our study may have been attributable
to use of fresh frozen samples that had been stored in the freezer for decades. In our
study, we detail a novel approach to increase the number of cells assigned to a specific
sample from pooled sequencing runs by integrating a genotype-based approach to
demultiplex snRNA-seq data. Future studies are expected to benefit from our integrated
demultiplexing method to maximize data usage while decreasing the cost of sSnRNA-seq
experiments.

Our study incorporates pediatric CNS tumor types that have not yet been
characterized with single cell or single nuclei RNA-seq such as gangliogliomas.
Moreover, we incorporated non-tumor pediatric tissues in our experiment, which to our
knowledge have not been included in previous pediatric CNS tumor single cell RNA-seq
studies. We describe changes in cell type proportions specific to each tumor type and
use this information to identify the gene expression profiles and pathways enriched
across tumor and normal samples through a cell type-adjusted analysis.

We characterized major cell subpopulations in specific tumor types, some of
which have not been previously established. This includes the expansion of
oligodendrocyte precursor cell (OPC) subpopulations in astrocytomas, and unipolar
brush-like cells (UBC) with high stemness levels enriched in embryonal tumors. In the
ependymomas, there was a significant presence of radial glial-like cells (RGC). Some
glioneuronal/neuronal tumors featured stromal cells (ST) that were less present in other

tumor types, demonstrating significant variability even within subtypes of tumors. The
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glioblastoma sample was predominantly comprised of a neural stem cell-like cell
population. The Schwannoma sample was comprised of a specific stromal cell type.
Despite some overlap in the major cell types between tumor and non-tumor nuclei, their
gene expression profiles were distinct. For example, the OPC4 cluster is unigue to non-
tumor nuclei, while tumor OPCs reside in OPC1-3. Some neuron-like clusters (i.e.
NEU_EXS3) that were present in tumors had very limited presence in the non-tumor
samples. Our results suggest distinct tumor-associated gene expression alterations even
if the tumor cell may resemble a normal brain cell type.

Our study supported some key findings from previous scRNA-seq experiments in
ependymomas. Gojo et al along with other studies identified radial glial like cells as
potential cells of origin in ependymomas?*>*4485_Qur results corroborate this finding
with an abundance of radial glial cells in our ependymoma samples. Moreover, Gojo et
al indicate that stem-like cell populations are associated with more aggressive
ependymomas®®. Our results indicate a similar pattern in our expanded pediatric CNS
tumor types, in which higher grade tumors are associated with cells with more stemlike
features. Our study also supported results from Reitman et al, who demonstrated that
pilocytic astrocytoma tumors are overall comprised of OPCs and mature glial-like
cells*®®, Our results indicated a similar pattern in which much of our pilocytic astrocytoma
samples were comprised of varying OPC clusters and couple of astrocyte-like clusters.
The similarity of our results with previously published studies supports our results and
previous findings in separate patient populations.

We identified the pathways enriched in varying cell types, with a focus on neural
stem like cells. Since NSCs have been shown to be associated with therapy resistance,
metastasis, and tumor malignancy, it is important to specifically consider NSCs when
treating pediatric CNS tumors and reducing risk for secondary neoplasms*’=3, We
determined potential targetable NSC-specific pathways. While some commonly enriched
pathways like MYC and FOXM1 in NSCs may be considered very difficult to target as

MYC and transcription factors are considered to be less druggable, there were more
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easily targetable pathways enriched in NSCs like Aurora-B kinase and retinoic acid
pathway.

With our cell type-adjusted approach, we addressed a critical confounder in
differential gene expression analyses to identify transcriptomic alterations that exist in
tumors compared to non-tumor tissue. Although the number of significantly differentially
expressed genes decreased in the cell type-adjusted model compared to the cell type-
unadjusted model, the adjusted model identified novel genes associated with tumors that
would not have been uncovered in the unadjusted model. Moreover, the significantly
differentially expressed genes exclusive to the unadjusted model likely stem from
variations in cell type proportions, rather than from the underlying tumor biology that
would be necessary for discovering effective therapeutic targets.

The pathways associated with the differentially expressed genes across the
multiple tumor types in the cell type-adjusted model (translation associated processes
like peptide chain elongation and translation initiation/termination along with nonsense
mediated decay (NMD) processes) suggest the importance of these pathways
commonly being dysregulated in pediatric central nervous system tumors. Previous
studies have suggested the importance of downregulation of NMD responses in the
differentiation of neural stem cells*®*=*°¢. Moreover, high levels of NMD factors were
sufficient to keep the stemness of neural stem cells***. Interestingly, our results indicate
upregulation of NMD associated genes across all pediatric CNS tumor types in
comparison to non-tumor pediatric brain which suggest the potential mechanism of
upregulation of NMD maintaining more stem-like cells in these tumors. As more stem-
like cells contributes to therapy resistance and recurrence, further studies investigating
the NMD pathways and how they can be exploited to be potential therapeutic targets in
pediatric CNS tumors are necessary.

Our study characterizes the heterogeneity that exists across pediatric CNS tumor
types in comparison to non-tumoral pediatric brain tissue at the single cell level. We also

identify potential tumor type and cell type-specific molecular characteristics that may be
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used therapeutic targets for the various pediatric CNS tumors from primary tissue
samples. Although there were very limited samples for Schwannomas and glioblastoma,
our study included thousands of nuclei from these tumor types to gain a better
understanding of cells that exist in these tumor types that previous studies have not
investigated yet. From our results, complementary preclinical in vitro and in vivo
experiments are needed to validate these targets to advance these potential targets as

therapeutic options in the clinic.
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A) UMAP visualization of the 58 clusters identified through Seurat FindClusters. B)
Heatmap of enrichment of cell type specific pathways for each nuclei. Tracking bar

indicates cell cluster identity from the UMAP in 1A.
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Supplementary Figure 3-2.

Expression levels of commonly used markers to isolate cancer stem cells and
stemness score calculated from set of stem cell associated genes identified in
Tirosh et al for each major cell type*®,
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Supplementary Figure 3-4.

Location

A) Median stemness score distribution by tumor types. Horizontal line for each
tumor type indicates median stemness score per tumor type. Comparisons between
embryonal tumors and other tumor types were tested with Wilcoxon rank-sum test.
B) Median stemness score distribution by grade. Comparison between median
stemness scores of low and high grade conducted using Wilcoxon rank-sum test.
C) Correlation between age at diagnosis and median stemness score of tumors.
Correlation calculated using the Spearman rank method. Linear regression line and
95% confidence interval indicated by the blue line and gray band, respectively. D)
Median stemness score distribution by tumor location class. Comparison between
median stemness scores of subtentorial and supratentorial regions conducted using
Wilcoxon rank-sum test.
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Supplementary Figure 3-5. Distribution of cell types present per sample,
categorized by tumor types.

A: Astrocyte; EMB: Embryonal tumor cells; EN: Endothelial cells; MC: Macrophage;
MG: Microglia; NEU: Neuron; NEU_EX: Excitatory neuron; NEU_GN: Granular
neuron; NEU_INH: Inhibitory neuron; NEU_INT: Interneuron; NSC: Neural stem
cell; OLIG: Oligodendrocyte; OPC: Oligodendrocyte precursor cell; RGC: Radial
glial cell; ST: Stromal cell; TC: T cell; UBC: Unipolar brush cell.
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Supplementary Figure 3-6.

A) Proportion (out of 196 PID pathways tested) of pathways specific to cell types
compared to all other nuclei. B) Hierarchical clustering of all 196 PID pathways

tested for each cell type. Dark green indicates pathways relatively
specific/important to the cell type.
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Supplementary Figure 3-7.

A) Volcano plot of differentially expressed genes for each tumor type compared to
non-tumor tissue, not adjusted for cell type. Number of genes on the left of the
volcano plot indicate genes that are downregulated compared to non-tumor tissue.
Number of genes on the right of the plot indicate genes that are upregulated
compared to non-tumor tissue. B) Heatmap of differential expression direction and
significance in all 4000 genes tested in the cell type unadjusted differential
expression analyses. Red indicates significantly upregulated in the tumor type
compared to non-tumor tissue. Blue indicates significantly downregulated in the
tumor type compared to non-tumor tissue. Gray indicates the gene is not
significantly differentially expressed. Tracking bar indicate the gene type.
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Supplementary Table 3-1. Extended sample information

Sample Sex Age at LoLocation Location Tumor type Grade 2021 WHO Diagnosis Multi-seq Pool # of
Name diagnosi Class Nuclei
s
DHMCO1 M 5 Posterior Subtentori Ependymoma 3 Posterior fossa ependymoma, NOS, CNS Pool18, Pool19 448
Fossa al WHO grade 3
DHMC02 M 7 Posterior Subtentori Astrocytoma 1 Pilocytic astrocytoma, CNS WHO grade 1 Pool18, Pool19 2819
Fossa al
DHMCO03 M 0.75 Temporal Lobe Supratento Astrocytoma 1 Pilocytic astrocytoma, CNS WHO grade 1 Pool18, Pool19 476
rial
DHMCO04 F 15 Parietal Lobe Supratento Ependymoma 3 Supratentorial ependymoma, NOS, CNS WHO Pool20, 234
rial grade 3 Pool21, Pool22
DHMCO05 M 3 4th Ventricle Subtentori Ependymoma 3 Posterior fossa ependymoma, NOS, CNS Pool20, 1026
al WHO grade 3 Pool21, Pool22
DHMCO06 F 12 Posterior Subtentori Ependymoma 3 Posterior fossa ependymoma, NOS, CNS Pool20, 1761
Fossa al WHO grade 3 Pool21, Pool22
DHMCO07 M 3 Left Temporal Supratento Glioneuronal/N 1 Dysembryoplastic neuroepithelial tumor, CNS Pool20, 886
Lobe rial euronal WHO grade 1 Pool21, Pool22
DHMCO08 M 11 Vestibular Subtentori Schwannoma 1 Schwannoma, CNS WHO grade 1 Pool20, 2501
al Pool21, Pool22
DHMC09 M 15 Occipital Lobe Supratento Glioneuronal/N 1 Ganglioglioma, CNS WHO grade 1 Pool20, 830
rial euronal Pool21, Pool22
DHMC11 M 18 Frontal Lobe Supratento Glioblastoma 4 Pediatric-type diffuse high grade glioma, NOS, NA 5795
rial CNS WHO grade 4
DHMC12 F 1 Posterior Subtentori Astrocytoma 1 Pilocytic astrocytoma, CNS WHO grade 1 Pool3, Pool4 482
Fossa al
DHMC13 F 16 Occipital Lobe Supratento Ependymoma 2 Supratentorial ependymoma, NOS, CNS WHO Pool3, Pool4 543
rial grade 2
DHMC14 M 14 Posterior Subtentori Embryonal 4 Medulloblastoma, classic, CNS WHO grade 4 Pool3, Pool4 380
Fossa al
DHMC15 M 16 Occipital Lobe Supratento Glioneuronal/N NEC Desmoplastic ganglioglioma, NEC Pool3, Pool4 558
rial euronal
DHMC16 F 9 Temporal Lobe Supratento Glioneuronal/N 3 Anaplastic ganglioglioma, NOS, CNS WHO Pool5, Pool6 3514
rial euronal grade 3
DHMC17 M 4 Frontal Lobe Supratento Glioneuronal/N 1 Desmoplastic infantile ganglioglioma, CNS Pool5, Pool6 3865
rial euronal WHO grade 1
DHMC18 M 9 Posterior Subtentori Ependymoma NOS Posterior fossa ependymoma, NOS Pool5, Pool6é 3096
Fossa al
DHMC19 M 3 Temporal Lobe Supratento Glioneuronal/N 1 Dysembryoplastic neuroepithelial tumor, CNS NA 3610
rial euronal WHO grade 1
DHMC20 F 1 Posterior Subtentori Embryonal 4 Embryonal tumor with multilayered rosettes, Pool9 410
Fossa al NOS, CNS WHO grade 4
DHMC21 F 16 4th Ventricle Subtentori Ependymoma 1 Subependymoma, CNS WHO grade 1 Pool9 273
al
DHMC22 M 5 Suprasellar Supratento Astrocytoma 1 Pilocytic astrocytoma, CNS WHO grade 1 Pool9 851
rial
DHMC23 F 13 Posterior Subtentori Astrocytoma 1 Pilocytic astrocytoma, CNS WHO grade 1 Pool9 655
Fossa al
DHMC24 M 8 4th Ventricle Subtentori Ependymoma 2 Posterior fossa ependymoma, NOS, CNS Pool10, Pool1l 2001
al WHO grade 2
DHMC25 M 7 4th Ventricle Subtentori Embryonal 4 Medulloblastoma, classic, CNS WHO grade 4 Pool10, Pool11 3870
al
DHMC26 M 10 Posterior Subtentori Astrocytoma 1 Pilocytic astrocytoma, CNS WHO grade 1 Pool10, Pool11 742
Fossa al
DHMC27 M 15 Posterior Subtentori Embryonal 4 Medulloblastoma, desmoplastic/nodular, CNS Pool10, Pool1l 2356
Fossa al WHO grade 4
DHMC28 M 18 Lateral Supratento Glioneuronal/N 1 Dysembryoplastic neuroepithelial tumor, CNS Pool12 1662
Ventricle rial euronal WHO grade 1
DHMC29 F 13 Spinal cord Subtentori Ependymoma 2 Myxopapillary ependymoma, CNS WHO grade Pool12 4963
al 2
DHMC30 M 7 Posterior Subtentori Ependymoma 3 Posterior fossa ependymoma, NOS, CNS NA 2199
Fossa al WHO grade 3
DHMC31 F 1 Posterior Subtentori Astrocytoma 1 Pilocytic astrocytoma, CNS WHO grade 1 Pool15 290
Fossa al
DHMC32 M 16 Posterior Subtentori Glioneuronal/N 1 Gangliocytoma, CNS WHO grade 1 NA 1091
Fossa al euronal
DHMC33 F 6 Parieto- Supratento Embryonal 4 Embryonal tumor, NOS, CNS WHO grade 4 Pooll, Pool2 5167
Temporal Lobe rial
DHMC34 F 7 Posterior Subtentori Ependymoma 2 Posterior fossa ependymoma, NOS, CNS Pooll, Pool2 5743
Fossa al WHO grade 2
DHMC35 M 7 Posterior Subtentori Astrocytoma 1 Pilocytic astrocytoma, CNS WHO grade 1 Pooll, Pool2 1399
Fossa al
DHMC36 F 12 Posterior Subtentori Embryonal 4 Medulloblastoma, classic, CNS WHO grade 4 Pooll, Pool2 753
Fossa al
Normal B NA NA Supratento Non-Tumor Non-Tumor
rial
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Supplementary Table 3-2. Enriched pathways per cell types in tumor cells

Pathway

PID-PI3KCI-AKT-PATHWAY
PID-TRAIL-PATHWAY
PID-EPHA2-FWD-PATHWAY
PID-HEDGEHOG-GLI-PATHWAY
PID-BETA-CATENIN-DEG-PATHWAY
PID-MTOR-4PATHWAY
PID-NFKAPPAB-CANONICAL-PATHWAY
PID-HEDGEHOG-GLI-PATHWAY1
PID-NFKAPPAB-ATYPICAL-PATHWAY
PID-PS1-PATHWAY
PID-NCADHERIN-PATHWAY
PID-ERBB2-ERBB3-PATHWAY
PID-SMAD2-3PATHWAY
PID-NETRIN-PATHWAY
PID-HDAC-CLASSI-PATHWAY
PID-NECTIN-PATHWAY
PID-HEDGEHOG-2PATHWAY
PID-PDGFRA-PATHWAY
PID-ARF6-TRAFFICKING-PATHWAY
PID-ARF6-PATHWAY
PID-ENDOTHELIN-PATHWAY
PID-ANGIOPOIETIN-RECEPTOR-PATHWAY
PID-PDGFRA-PATHWAY1

PID-HEDGEHOG-GLI-PATHWAY2

p_val
0.007658518
3.74E-11
0.000715487
0.00171415
2.65E-11
6.88E-09
1.66E-08
3.78E-07
4.45E-07
8.13E-07
5.67E-06
1.37E-05
2.69E-05
7.32E-05
0.000336305
0.001393904
0.003983186
0.007295236
1.11E-38
3.61E-13
1.63E-05
5.89E-05
0.001866883

0.006149856

100

avg_log2FC
0.024156514
0.054566727
0.022841315
0.017702064
0.096605995
0.086394285
0.100912224
0.065879318
0.07130021

0.059421707
0.017647291
0.045207846
0.017425519
0.02465997

0.056629323
0.044683716
0.037957699
0.015652566
0.222008333
0.121258297
0.097877997
0.084290016
0.020132835

0.03983906

pct.1l
0.016
0.04

0.02

0.015
0.051
0.047
0.058
0.035
0.039
0.031
0.008
0.023
0.008
0.012
0.035
0.027
0.023
0.008
0.111
0.062
0.062
0.053
0.01

0.024

pct.2
0.006
0.017
0.011

0.007

0.01

0.015
0.007
0.009
0.006
0.001
0.005
0.001
0.002
0.011
0.009
0.008
0.001
0.012

0.011

0.017
0.001

0.008

p_val_adj

1

7.34E-09
0.14023544
0.335973395
5.19E-09
1.35E-06
3.25E-06
7.42E-05
8.72E-05
0.000159414
0.001111109
0.00268527
0.005265678
0.014348044
0.065915788
0.27320518
0.780704363
1

2.18E-36
7.08E-11
0.003192042
0.01154192
0.365909031

1

cluster

A2

A3

A3

A3

A5

A5

A5

A5

A5

A5

A5

A5

A5

A5

A5

A5

A5

A5

A6

A6

A6

A6

A6

A6



Supplementary Table 3-3. Example of differential expression test results from both
cell type-adjusted and unadjusted models.

Gene Tumor Type Adjusted Adjusted g- Unadjusted Unadjusted Overlap in
Estimate value estimate q-value models
A2M ATC 1.106065 8.04E-118 1.501315922 4.01E-176 Both
A2M EMB 0.1749618 1 0.172147367 1 NA
A2M EPN 0.5738485 1.57E-32 1.144053387 6.47E-123 Both
A2M GBM -2.01805 4.19E-37 -1.651417139 8.31E-18 Both
A2M GNN 0.7766881 5.96E-66 1.659783074 2.70E-268 Both
A2M SCH -0.915399 3.56E-21 0.416544731 0.070211267 Adjusted
ABCA10 ATC -0.09970278 1 -0.2752297 3.13E-06 Unadjusted
ABCA10 EMB -0.1941893 1 -0.6816814 3.32E-51 Unadjusted
ABCA10 EPN 0.1890242 0.3655263 -0.002706531 1 NA
ABCA10 GBM 1.592022 4.37E-131 1.364205 0 Both
ABCA10 GNN -0.1871171 0.2973362 -0.01963009 1 NA
ABCA10 SCH -1.730696 5.15E-45 -1.100408 2.78E-21 Both
ABCA12 ATC 0.9356376 2.14E-09 0.5135202 0.002618384 Both
ABCA12 EMB 0.394355 1 0.7119486 4.00E-12 Unadjusted
ABCA12 EPN 0.01071014 1 -0.7342798 1.27E-07 Unadjusted
ABCA12 GBM 0.5144688 1 -0.3152585 1 NA
ABCA12 GNN 0.06792107 1 -0.4845534 0.03697754 Unadjusted
ABCA12 SCH -0.4401558 1 -1.327338 0.4535809 NA
ABCA13 ATC 1.964646 3.85E-13 1.809611854 4.57E-12 Both
ABCA13 EMB 1.781864 1.53E-07 1.588221844 8.89E-10 Both
ABCA13 EPN 1.996186 3.89E-14 1.624995348 1.39E-11 Both
ABCA13 GBM 0.3813485 1 0.072782054 1 NA
ABCA13 GNN 2.365599 5.69E-25 2.150861523  5.26E-22 Both
ABCA13 SCH 2.093733 8.15E-06 1.357772693  0.055815271  Adjusted
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Supplementary Table 3-4. Top 20 pathways associated with differentially
expressed genes in astrocytoma in the cell type adjusted model

ID Description GeneR BgRa pvalu p.adj qvalu Cou
atio tio e ust e nt

R-HSA- Selenoamino acid metabolism 82/932 82/15  2.78E 4.93E 4.29E 82

2408522 84 -20 -18 -18

R-HSA- Peptide chain elongation 81/932 81/15  4.91E 4.93E 4.29E 81

156902 84 -20 -18 -18

R-HSA- Nonsense-Mediated Decay (NMD) 80/932 80/15 8.67E  4.93E 4.29E 80

927802 84 -20 -18 -18

R-HSA- Response of EIF2AK4 (GCN2) to amino acid deficiency 80/932 80/15 8.67E 4.93E 4.29E 80

9633012 84 -20 -18 -18

R-HSA- Nonsense Mediated Decay (NMD) independent of the Exon 80/932 80/15 8.67E 4.93E 4.29E 80

975956 Junction Complex (EJC) 84 -20 -18 -18

R-HSA- Nonsense Mediated Decay (NMD) enhanced by the Exon 80/932 80/15 8.67E  4.93E 4.29E 80

975957 Junction Complex (EJC) 84 -20 -18 -18

R-HSA- Influenza Viral RNA Transcription and Replication 79/932 79/15 1.53E 4.93E 4.29E 79

168273 84 -19 -18 -18

R-HSA- SRP-dependent cotranslational protein targeting to 79/932 79/15 1.53E 4.93E 4.29E 79

1799339 membrane 84 -19 -18 -18

R-HSA- Viral mMRNA Translation 79/932 79/15 153E 4.93E 4.29E 79

192823 84 -19 -18 -18

R-HSA- Selenocysteine synthesis 79/932 79/15 1.53E 4.93E 4.29E 79

2408557 84 -19 -18 -18

R-HSA- Formation of a pool of free 40S subunits 79/932 79/15 1.53E 4.93E 4.29E 79

72689 84 -19 -18 -18

R-HSA- Eukaryotic Translation Termination 79/932 79/15 1.53E 4.93E 4.29E 79

72764 84 -19 -18 -18

R-HSA- Eukaryotic Translation Elongation 82/932 83/15 1.02E 3.03E 2.64E 82

156842 84 -18 -17 -17

R-HSA- Translation 86/932 88/15 2.12E 5.87E 5.11E 86

72766 84 -18 -17 -17

R-HSA- L13a-mediated translational silencing of Ceruloplasmin 80/932 81/15  3.09E 5.98E 5.21E 80

156827 expression 84 -18 -17 -17

R-HSA- Major pathway of rRNA processing in the nucleolus and 80/932 81/15 3.09E 598E 5.21E 80

6791226 cytosol 84 -18 -17 -17

R-HSA- rRNA processing 80/932 81/15 3.09E 598E 521E 80

72312 84 -18 -17 -17

R-HSA- Eukaryotic Translation Initiation 80/932 81/15  3.09E 5.98E 5.21E 80

72613 84 -18 -17 -17

R-HSA- Cap-dependent Translation Initiation 80/932 81/15  3.09E 5.98E 5.21E 80

72737 84 -18 -17 -17
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Supplementary Table 3-5. Top 20 pathways associated with differentially
expressed genes in embryonal tumors in the cell type adjusted model

ID Description GeneR BgRa pvalu p.adj qvalu Cou
atio tio e ust e nt

R-HSA- Metabolism of RNA 97/891 99/15 5.52E 2.13E 1.90E 97

8953854 84 -23 -20 -20

R-HSA- Eukaryotic Translation Elongation 83/891 83/15  3.14E 4.20E 3.75E 83

156842 84 -22 -20 -20

R-HSA- L13a-mediated translational silencing of Ceruloplasmin 81/891 81/15 1.08E 4.20E 3.75E 81

156827 expression 84 -21 -20 -20

R-HSA- Peptide chain elongation 81/891 81/15 1.08E 4.20E 3.75E 81

156902 84 -21 -20 -20

R-HSA- Major pathway of rRNA processing in the nucleolus and 81/891 81/15 1.08E 4.20E 3.75E 81

6791226 cytosol 84 -21 -20 -20

R-HSA- rRNA processing 81/891 81/15 1.08E 4.20E 3.75E 81

72312 84 -21 -20 -20

R-HSA- Eukaryotic Translation Initiation 81/891 81/15 1.08E 4.20E 3.75E 81

72613 84 -21 -20 -20

R-HSA- Cap-dependent Translation Initiation 81/891 81/15 1.08E 4.20E 3.75E 81

72737 84 -21 -20 -20

R-HSA- rRNA processing in the nucleus and cytosol 81/891 81/15 1.08E 4.20E 3.75e 81

8868773 84 -21 -20 -20

R-HSA- Translation 87/891 88/15 1.09E 4.20E 3.75E 87

72766 84 -21 -20 -20

R-HSA- GTP hydrolysis and joining of the 60S ribosomal subunit 80/891 80/15  2.01E 5.18E 4.62E 80

72706 84 -21 -20 -20

R-HSA- Nonsense-Mediated Decay (NMD) 80/891 80/15  2.01E 5.18E 4.62E 80

927802 84 -21 -20 -20

R-HSA- Response of EIF2AK4 (GCN2) to amino acid deficiency 80/891 80/15 2.01E 5.18E 4.62E 80

9633012 84 -21 -20 -20

R-HSA- Nonsense Mediated Decay (NMD) independent of the Exon 80/891 80/15  2.01E 5.18E 4.62E 80

975956 Junction Complex (EJC) 84 -21 -20 -20

R-HSA- Nonsense Mediated Decay (NMD) enhanced by the Exon 80/891 80/15  2.01E 5.18E 4.62E 80

975957 Junction Complex (EJC) 84 -21 -20 -20

R-HSA- Influenza Viral RNA Transcription and Replication 79/891 79/15  3.72E 6.86E 6.12E 79

168273 84 -21 -20 -20

R-HSA- SRP-dependent cotranslational protein targeting to 79/891 79/15  3.72E 6.86E 6.12E 79

1799339 membrane 84 -21 -20 -20

R-HSA- Viral mRNA Translation 79/891 79/15 3.72E 6.86E 6.12E 79

192823 84 -21 -20 -20

R-HSA- Selenocysteine synthesis 79/891 79/15  3.72E 6.86E 6.12E 79

2408557 84 -21 -20 -20
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Supplementary Table 3-6. Top 20 pathways associated with differentially

expressed genes in ependymomas in the cell type adjusted model

ID Description GeneR BgRa pvalu p.adj qvalu Cou
atio tio e ust e nt

R-HSA- Peptide chain elongation 78/100 81/15 8.61E 732E 6.25E 78

156902 9 84 -13 -11 -11

R-HSA- Nonsense-Mediated Decay (NMD) 77/100 80/15 1.34E 7.32E 6.25E 77

927802 9 84 -12 -11 -11

R-HSA- Response of EIF2AK4 (GCN2) to amino acid deficiency 77/100 80/15 1.34E 7.32E 6.25E 77

9633012 9 84 -12 -11 -11

R-HSA- Nonsense Mediated Decay (NMD) independent of the Exon 77/100 80/15 1.34E 732E 6.25E 77

975956 Junction Complex (EJC) 9 84 -12 -11 -11

R-HSA- Nonsense Mediated Decay (NMD) enhanced by the Exon 77/100 80/15 1.34E 7.32E 6.25E 77

975957 Junction Complex (EJC) 9 84 -12 -11 -11

R-HSA- Influenza Viral RNA Transcription and Replication 76/100 79/15  2.08E 7.32E 6.25E 76

168273 9 84 -12 -11 -11

R-HSA- SRP-dependent cotranslational protein targeting to 76/100 79/15  2.08E 732E 6.25E 76

1799339 membrane 9 84 -12 -11 -11

R-HSA- Viral mRNA Translation 76/100 79/15 2.08E 7.32E 6.25E 76

192823 9 84 -12 -11 -11

R-HSA- Selenocysteine synthesis 76/100 79/15  2.08E 7.32E 6.25E 76

2408557 9 84 -12 -11 -11

R-HSA- Formation of a pool of free 40S subunits 76/100 79/15  2.08E 732E 6.25E 76

72689 9 84 -12 -11 -11

R-HSA- Eukaryotic Translation Termination 76/100 79/15  2.08E 7.32E 6.25E 76

72764 9 84 -12 -11 -11

R-HSA- Eukaryotic Translation Elongation 79/100 83/15  4.46E 1.44E 1.23E 79

156842 9 84 -12 -10 -10

R-HSA- Translation 83/100 88/15  5.43E 1.62E 1.38E 83

72766 9 84 -12 -10 -10

R-HSA- Selenoamino acid metabolism 78/100 82/15  6.86E 1.90E 1.62E 78

2408522 9 84 -12 -10 -10

R-HSA- L13a-mediated translational silencing of Ceruloplasmin 77/100 81/15 1.05E 2.04E 1.74E 77

156827 expression 9 84 -11 -10 -10

R-HSA- Major pathway of rRNA processing in the nucleolus and 77/100 81/15 1.05E 2.04E 1.74E 77

6791226 cytosol 9 84 -11 -10 -10

R-HSA- rRNA processing 77/100 81/15 1.05E 2.04E 1.74E 77

72312 9 84 -11 -10 -10

R-HSA- Eukaryotic Translation Initiation 77/100 81/15 1.05E 2.04E 1.74E 7

72613 9 84 -11 -10 -10

R-HSA- Cap-dependent Translation Initiation 77/100 81/15 1.05E 2.04E 1.74E 7

72737 9 84 -11 -10 -10
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Supplementary Table 3-7. Top 20 pathways associated with differentially
expressed genes in glioneuronal/neuronal tumors in the cell type adjusted model

ID Description Gene BgR pvalu p.adj gvalu Co
Ratio atio e ust e unt
R-HSA- ECM proteoglycans 31/95 36/1  0.000 0.125 0.120 31
3000178 5 584 65832 92627 56588
R-HSA- Glycosaminoglycan metabolism 28/95 321 0.000 0.125 0.120 28
1630316 5 584 70802 92627 56588
R-HSA- RHO GTPase cycle 55/95 71/1  0.001 0.125 0.120 55
9012999 5 584 38515 92627 56588
R-HSA- Non-integrin membrane-ECM interactions 23/95 26/1 0.001 0.125 0.120 23
3000171 5 584 62695 92627 56588
R-HSA- Post-translational protein phosphorylation 23/95 26/1 0.001 0.125 0.120 23
8957275 5 584 62695 92627 56588
R-HSA- Integrin cell surface interactions 32/95 39/1 0.002 0.179 0.171 32
216083 5 584 88836 19434 56645
R-HSA- Neuronal System 84/95 116/  0.003 0.179 0.171 84
112316 5 1584 24124 19434 56645
R-HSA- Regulation of Insulin-like Growth Factor (IGF) transport and uptake 26/95 311 0.004 0.184 0.176 26
381426 by Insulin-like Growth Factor Binding Proteins (IGFBPs) 5 584 08903 69701 83489
R-HSA- Extracellular matrix organization 73/95 100/  0.004 0.184 0.176 73
1474244 5 1584 29528 69701 83489
R-HSA- Signaling by MET 20/95  23/1  0.005 0.198 0.189 20
6806834 5 584 31138 15172 71686
R-HSA- Activation of NMDA receptors and postsynaptic events 17/95 19/1 0.005 0.198 0.189 17
442755 5 584 63222 15172 71686
R-HSA- Response to elevated platelet cytosolic Ca2+ 29/95 36/1 0.007 0.227 0.217 29
76005 5 584 62987 13544 46682
R-HSA- RAC1 GTPase cycle 29/95 36/1  0.007 0.227 0.217 29
9013149 5 584 62987 13544 46682
R-HSA- MET promotes cell motility 16/95 18/1  0.008 0.234 0.224 16
8875878 5 584 48635 58695 60114
R-HSA- Metabolism of carbohydrates 35/95 45/1 0.009 0.236 0.225 35
71387 5 584 55902 01299 96647
R-HSA- L1CAM interactions 21/95  25/1  0.009 0.236 0.225 21
373760 5 584 75764 01299 96647
R-HSA- Platelet degranulation 28/95  35/1 0.010 0.236 0.226 28
114608 5 584 42774 85043 76826
R-HSA- Transmission across Chemical Synapses 57/95 78/1 0.011 0.236 0.226 57
112315 5 584 0163 85043 76826
R-HSA- Laminin interactions 15/95 1711 0.012 0.245 0.235 15
3000157 5 584 71289 99446 52305
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Supplementary Table 3-8. Top 20 pathways associated with differentially
expressed genes in glioblastoma in the cell type adjusted model

ID DESCRIPTION GENER BGRA  PVAL P.ADJ QVAL Cou
ATIO TIO UE UST UE NT

R-HSA- Axon guidance 143/990 177/15  2.18E 5.58E- 4.62E 143

422475 84 -08 06 -06

R-HSA- Metabolism of RNA 86/990 99/158  2.89E 5.58E- 4.62E 86

8953854 4 -08 06 -06

R-HSA- Nervous system development 149/990 187/15 6.36E  8.21E- 6.79E 149

9675108 84 -08 06 -06

R-HSA- Influenza Infection 74/990 85/158  2.45E 2.37E- 1.96E 74

168255 4 -07 05 -05

R-HSA- Translation 76/990 88/158  3.49E 2.70E- 2.23E 76

72766 4 -07 05 -05

R-HSA- L13a-mediated translational silencing of Ceruloplasmin 70/990 81/158 1.01E  3.26E- 2.70E 70

156827 expression 4 -06 05 -05

R-HSA- Peptide chain elongation 70/990 81/158 1.01E  3.26E- 270E 70

156902 4 -06 05 -05

R-HSA- Major pathway of rRNA processing in the nucleolus and 70/990 81/158 1.01E  3.26E- 270E 70

6791226 cytosol 4 -06 05 -05

R-HSA- rRNA processing 70/990 81/158 1.01E 3.26E- 2.70E 70

72312 4 -06 05 -05

R-HSA- Eukaryotic Translation Initiation 70/990 81/158 1.01E  3.26E- 2.70E 70

72613 4 -06 05 -05

R-HSA- Cap-dependent Translation Initiation 70/990 81/158 1.01E  3.26E- 2.70E 70

72737 4 -06 05 -05

R-HSA- rRNA processing in the nucleus and cytosol 70/990 81/158 1.01E  3.26E- 2.70E 70

8868773 4 -06 05 -05

R-HSA- GTP hydrolysis and joining of the 60S ribosomal subunit 69/990 80/158 1.43E  3.41E- 2.82E 69

72706 4 -06 05 -05

R-HSA- Nonsense-Mediated Decay (NMD) 69/990 80/158 1.43E  3.41E- 2.82E 69

927802 4 -06 05 -05

R-HSA- Nonsense Mediated Decay (NMD) independent of the 69/990 80/158 1.43E  3.41E- 2.82E 69

975956 Exon Junction Complex (EJC) 4 -06 05 -05

R-HSA- Nonsense Mediated Decay (NMD) enhanced by the Exon ~ 69/990 80/158 1.43E  3.41E- 2.82E 69

975957 Junction Complex (EJC) 4 -06 05 -05

R-HSA- Eukaryotic Translation Elongation 71/990 83/158 1.97E  3.41E- 282E 71

156842 4 -06 05 -05

R-HSA- Influenza Viral RNA Transcription and Replication 68/990 79/158 2.03E  3.41E- 2.82E 68

168273 4 -06 05 -05

R-HSA- SRP-dependent cotranslational protein targeting to 68/990 79/158 2.03E  3.41E- 2.82E 68

1799339 membrane 4 -06 05 -05
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Supplementary Table 3-9. Pathways associated with differentially expressed
genes in schwannomas in the cell type adjusted model

ID DESCRIPTION GENERA BGRAT PVALUE P.ADJU QVALUE CoOuU
TIO 10 ST NT

R-HSA- Glycosaminoglycan metabolism 271793 32/1584 5.00E-05 0.019355 0.018426 27

1630316 23 03

R-HSA- Elastic fibre formation 12/793 12/1584  0.000237 0.030663 0.029191 12

1566948 7 65 56

R-HSA- Adherens junctions interactions 12/793 12/1584  0.000237 0.030663 0.029191 12

418990 7 65 56

R-HSA- Molecules associated with elastic fibres 11/793 11/1584  0.000478 0.046260 0.044039 11

2129379 14 15 31

R-HSA- RHO GTPase cycle 49/793 71/1584  0.000740 0.057336  0.054583 49

9012999 78 14 57

R-HSA- Non-integrin membrane-ECM interactions 21/793 26/1584 0.001176 0.075226 0.071614 21

3000171 38 04 61

R-HSA- Neuronal System 74/793 116/158 0.001391 0.075226 0.071614 74

112316 4 26 04 61

R-HSA- Transmission across Chemical Synapses 52/793 78/1584 0.001788 0.075226 0.071614 52

112315 07 04 61

R-HSA- RAC1 GTPase cycle 27/793 36/1584 0.001817 0.075226 0.071614 27

9013149 29 04 61

R-HSA- HS-GAG biosynthesis 14/793 16/1584  0.002034 0.075226 0.071614 14

2022928 04 61

R-HSA- Heparan sulfate/heparin (HS-GAG) 16/793 19/1584  0.002138 0.075226 0.071614 16

1638091 metabolism 21 04 61

R-HSA- Metabolism of carbohydrates 32/793 45/1584  0.003015 0.094582  0.090041 32

71387 95 05 39

R-HSA- Interferon Signaling 271793 37/1584  0.003559  0.094582  0.090041 27

913531 74 05 39

R-HSA- Cell-cell junction organization 15/793 18/1584  0.003665 0.094582  0.090041 15

421270 97 05 39

R-HSA- Transcriptional Regulation by MECP2 15/793 18/1584  0.003665 0.094582  0.090041 15

8986944 97 05 39

R-HSA- Extracellular matrix organization 63/793 100/158 0.004928 0.119210 0.113487 63

1474244 4 6 41 4

R-HSA- RAC2 GTPase cycle 12/793 14/1584  0.006364 0.138179 0.131545 12

9013404 4 36 69

R-HSA- RHOA GTPase cycle 24/793 33/1584 0.006426 0.138179 0.131545 24

8980692 95 36 69

R-HSA- Activation of NMDA receptors and 15/793 19/1584  0.009395 0.191363 0.182176 15

442755 postsynaptic events 08 12
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Chapter 4

4. Hydroxymethylation alterations in
progenitor-like cell types of
pediatric central nervous system
tumors are associated with cell
type-specific transcriptional

changes

The following authors contributed to the work:
Min Kyung Lee, Nasim Azizgolshani, Ze Zhang, Laurent Perreard , Fred W. Kolling,

Lananh N. Nguyen, George J. Zanazzi, Lucas A. Salas, Brock C. Christensen
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4.1. Abstract

Although intratumoral heterogeneity has been established in pediatric central
nervous system tumors, epigenomic alterations at the cell type level have largely
remained unresolved. To identify cell type-specific alterations to cytosine modifications in
pediatric central nervous system tumors we utilized a multi-omic approach that
integrated bulk DNA cytosine modification data (methylation and hydroxymethylation)
with both bulk and single-cell RNA-sequencing data. We demonstrate a large reduction
in the scope of significantly differentially modified cytosines in tumors when accounting
for tumor cell type composition. In the progenitor-like cell types of tumors, we identified a
preponderance differential CpG hydroxymethylation rather than methylation. Genes with
differential hydroxymethylation, like HDAC4 and IGF1R, were associated with cell type-
specific changes in gene expression in tumors. Our results highlight the importance of
epigenomic alterations in the progenitor-like cell types and its role in cell type-specific

transcriptional regulation in pediatric CNS tumors.

4.2. Introduction

Central nervous system (CNS) tumors are the leading cause of cancer death in
the pediatric population®**. While major progress has been made in reducing the
mortality in pediatric cancers in the past few decades, the magnitude of reduction in the
mortality rate of CNS tumors have not been as substantial®**°. Even among patients who
survive childhood cancers, those who have survived CNS tumors have the highest
cumulative burden of disease post-survival**’. Craniospinal radiation and neuro-toxic
therapy are major risk factors for the future burden on quality of life with late effects
including neurocognitive impairments such as academic and memory decline, and
adverse health outcomes like abnormal hearing and growth hormone

deficiency?38:339.242.497=499 "Efforts to address discrepancies in the reduction of mortality
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rates and extensive chronic health burdens later in life have been made with the recent
advances in technology that have allowed for better insight into the molecular
characterization of pediatric CNS tumors30°:351-354,436,437,443,444,486,500-502 " Molecular
biomarkers are progressively being incorporated into the diagnosis and management of
certain pediatric CNS tumor types®°.

One method to supplementally diagnose and subtype CNS tumors is DNA
methylation®°2. Capper et al. developed a classification method to address previous
issues in inter-observer variability for histopathological diagnosis of many CNS
tumors®®, Since the development of this method, DNA methylation classification is now
used regularly for certain pediatric CNS tumor types, like ependymomas, to understand
the prognosis and manage treatment decisions®>****. This method utilizes bisulfite-
treated DNA, which does not distinguish between 5-methylcytosine and 5-
hydroxymethylcytosine, although it has been indicated only 5-methylcytosine signal from
oxidative bisulfite-treated DNA alters the classification from this method*®3?43. Moreover,
while advancements have improved management strategies for some tumor types,
many other pediatric CNS tumor types remain underexplored.

DNA methylation is one of the most well-studied epigenomic marks, primarily
known for its role in regulating gene expression. DNA methylation occurs when a methyl
group is added to the 5-carbon position of a cytosine in the context of a Cytosine-
phosphate-Guanine (CpG) dinucleotides by DNA methyltransferases (DNMTs)>0-°04=508,
Methylation of CpG island promoters is associated with repression of gene expression
while methylation of gene bodies is associated with activation of gene
expression*’1145%° - 5.methylcytosine (5-mC) many times co-exist with H3K9me3 marks
and do not overlap with H3K4me3 marks and H2A.Z*"1%51 |n addition, DNA
methylation marks function as genome stabilizers by silencing transposable
elements?’'%, The main ways DNA methylation is altered in cancer include genome-

wide hypomethylation in repetitive elements like retrotransposable elements??°>2

110



hypermethylation of promoters??°-?, and propensity for cytosines in CpG contexts to be
mutat8d194’224_226.

Cytosines can also remain in a hydroxymethylated state (5-
hydroxymethylcytosine, 5-hmC). 5-hmC is formed when 5-mC is actively being
demethylated by ten-eleven translocation (TET) enzymes'*74513 TET enzymes add a
hydroxyl group onto the methyl group to become 5-hydroxymethylcytosine, then add the
hydroxyl group again to become 5-formylcytosine, then again to become 5-
carboxylcytosine, which is excised to become unmethylated**>174:512514 \While 5-hmC is
an intermediate, it has been shown to have functional roles and be stable in the genome.
Like 5-mC, 5-hmC has been associated with regulating transcription. It is enriched in
gene bodies of active genes and in transcription start sites in which promoters are
marked with H3K27me3 and H3K4me4'°%1>. 5-hmC has also been shown to play roles
in maintaining pluripotency and tumorigenesis'’>°>. While generally 5-hmC levels are
relatively much lower than 5-mC levels, higher levels of 5-hmC are found in the brain
tissue compared to other tissue and in embryonal stem cells developmentally
programmed neuronal cells#+1°7:159.175,516-519 = Although progress has been made since
the discovery of TET enzymes producing 5-hmC*“*°1354 ‘more investigation is needed
to understand the functional roles of 5-hmC. While alterations in hydroxymethylation
patterns have not been as well examined, studies have indicated decreased
hydroxymethylation across the genome in a variety of tumor types including adult and
pediatric CNS tumors?/8:230:231,233,239,241,243,515,520-522 " gand mutations in hydroxymethylation-
associated genes such as IDH1/2 and TET1/2/3 have been associated with certain
tumor types like gliomas and acute myeloid leukemia?’8:201:523-525,

Numerous studies have established that brain tumors display intratumoral
cellular heterogeneity302-305:437,443,526-533 "\Wihijle it is known that both DNA methylation and
hydroxymethylation patterns are tissue type and cell type dependent’0:89158:175,534-536
limited research has addressed cell type-specific DNA cytosine modification alterations

in these tumors. This gap exists largely due to the high cost and limitations in

111



technologies to profile cytosine modifications at the cell type-specific scale*¢. While the
importance of cell type composition effects in epigenome-wide association studies has
been well documented®-*3"=>% single-cell methylation profiling strategies'’?1>*1:>2 gre
slowly developing in comparison to more accessible and commercially available genome
profiling technologies focused on gene expression or chromatin accessibility. To address
these shortcomings, computational methods have been developed to deconvolute cell
type composition using DNA methylation for certain tissue types®!:22:34:36:37.543-547 ‘\While
these methods have greatly improved our understanding of the cell type composition
effects on many epigenome-wide association studies, they have not been utilized in
investigating cell type composition effects on brain tumors due to some limited
applicability in brain tissue.

In this study, we use a multi-omic approach to study cell type-level epigenomic
alterations in pediatric CNS tumors to maximize the applicability of currently available
methods. By integrating single nuclei RNA-seq and cytosine maodification data, we
provide a more complete picture of the cytosine modification alterations associated with
pediatric CNS types and cytosine modifications that are associated with changes in

transcription at the cell type level in pediatric CNS tumors.

4.3. Methods

Sample information

Cytosine modifications, bulk tissue gene expression, and single nuclei gene
expression were measured in 32 pediatric CNS tumors of various types and 2 non-tumor
pediatric brain tissue (Table 4-1, Supplementary Table 4-1). This study was approved
by the Institutional Review Board Study #00030211. Only samples with all four molecular
measurements were included in downstream analyses. The samples were collected
from patients being treated at Dartmouth-Hitchcock Medical Center and the Dartmouth

Cancer Center from 1993 to 2017. For each tumor type, the number of samples was
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distributed evenly with 8 samples for astrocytoma, 6 for embryonal tumors, 10 for
ependymoma, and 8 for glioneuronal/neuronal tumors. Pathological re-review for the
histopathologic tumor type and grade were done according to the 2021 World Health
Organization CNS tumor classification system, then categorized into broader tumor
types. The non-tumor pediatric brain tissues were obtained from patients who underwent

surgical resection for epilepsy.

Table 4-1. Subject demographics.

Tumor types

Glioneuronal/

Total Astrocytoma Embryonal Ependymoma neuronal Non-Tumor
(N=34)  (N=8) (N=6) (N=10) o) (N=2)
Sex
F ( e ) 3(B%)  3(0%)  5(0%) 1(12 %) 2 (100 %)
M (559) o 5(62%)  3(50%)  5(50%) 7 (88 %) 0 (0 %)
Age (years)
Mean (SD) 185.53) 5.6 (£45) 92 (454) 9.5 (+4.3) 11 (46.5) 5.8 (+£7.4)
Grade
Low (53?, ) 8(100%)  00%) 4 (40 %) 6 (75 %) 0 (0 %)
High (3220 4 00%  6(100%)  5(50%) 1(12 %) 0 (0 %)
NECINOS  2(6%) 0(0%) 0(0%) 1 (10 %) 1(12 %) 0(0 %)
Missing (5.3%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 2 (100%)
Location
Metastasis  1(3%) 1 (12 %) 0(0%) 0(0%) 0(0 %) 0(0 %)
Subtentorial (5(%% ) 5(62%)  563%  8(@80%) 1(12 %) 0(0 %)
Supratentorial Lo ,2@5%) 107w 2(20%) 7 (88 %) 2 (100 %)
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Data collection and pre-processing

Single nuclei RNA-sequencing

The protocol to obtain single nuclei RNA-sequencing data and initial pre-
processing steps were described in Chapter 3. To summarize briefly, nuclei were
isolated from fresh frozen tissue samples following the Nuclei Pure Prep nuclei isolation
kit (Sigma-Aldrich, St. Louis, MO). Each sample was multiplexed with lipid-tagged
oligonucleotides following the MULTI-seq protocol**®. Libraries for single nuclei RNA-seq
were prepared following the 10X Genomics Single Cell Gene Expression workflows (10X
Genomics, Pleasanton, CA). Libraries were pooled and sequenced using the lllumina
NextSeq500 instrument. 10X Cell Ranger software was used to align sequences to the
GRCh38 pre-mRNA reference genome.

Low-quality nuclei, as defined as having greater than 10,000 and less than 2,000
features and more than 5% of reads that map to mitochondrial genes, were removed for
analyses. Samples were demultiplexed using an integrative approach, combining
barcode based demultiplexing and genotype-based demultiplex method*°4°3,

Downstream analyses for single nuclei-RNA seq were done with the Seurat package v4

in R449_452.

Bulk RNA-sequencing

Unused nuclei from our single nuclei RNA-seq experiment were used for bulk
RNA-sequencing. RNA was isolated following the RNeasy Plus kit (Qiagen, Hilden,
Germany). Libraries for bulk RNA-seq were prepared following the Takara Pico v3 low-
input protocol (Takara Bio, Kusatsu, Japan).

Quiality control for raw single-end RNA-seq data was checked using FastQC
v0.11.8>%. Reads were trimmed of polyA sequences and low-quality bases using
Cutadapt v2.4"**, Reads were aligned to the human pre-mRNA genome GRCh38 with
STAR v2.7.7a**°. Quality control of aligned reads was confirmed with
CollectRNASegMetrics in the Picard software v2.18.29°. Duplicate reads were

identified with MarkDuplicates function in the Picard software*'°. One sample with an
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extremely high duplicate read percentage was removed from downstream analyses.
Counts per gene were estimated using the htseg-count function in the HTseq software

v0.11.2>%9,

DNA methylation and hydroxymethylation

In total, DNA from 33 paired pediatric brain tumor samples was treated with
tandem bisulfite and oxidative bisulfite conversion followed by hybridization to Infinium
HumanMethylationEPIC BeadChips to measure DNA methylation (5-mC) and
hydroxymethylation (5-hmC). Raw BeadArray data were preprocessed using the
SeSAMe pipeline from Bioconductor, including data normalization and quality control>*°.
Cross-reactive probes, SNP-related probes, sex chromosome probes, non-CpG probes,
and low-quality probes (pOOBHA > 0.05) were masked in the analysis*®. The

0xBS.MLE function was used to infer 5-mC and 5-hmC levels'®®.

Tumor purity estimates

Tumor purity for the tissue samples with DNA cytosine modifications was
estimated using the getPurity function with the non-tumor pediatric tumor tissue as our
non-tumor reference and the low-grade glioma (LGG) option as our cancer type in the

InifiniumPurify package v1.3.1 in R>,

Statistical analyses

Epigenome-wide association studies

Linear regression models, adjusting for sex, age at diagnosis, and tumor purity in
all models, were used to identify differentially methylated and hydroxymethylated CpGs
associated with each tumor type compared to the non-tumor tissue. Multiple linear
regression models, with adjustments for different cell type proportions identified from the
single nuclei RNA-seq data, were added to the models. Linear regression models were

fit by using ImFit and eBayes functions in the limma package in R*°. CpGs were
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considered differentially methylated or hydroxymethylated under the g-value threshold of
0.05.

Cell type-specific differential hydroxymethylation and methylation for each tumor
type were identified using CellDMC?®’. Proportions of cell types of interest (neurons and
progenitor-like cell types) were pulled from the single nuclei RNA-seq dataset. To limit
overfitting the model in our relatively smaller sample size, we aggregated the progenitor-
like cell types into a single cell type category. The progenitor-like cell types included
neural stem cells (NSC), radial glial cells (RGC), oligodendrocyte precursor cells (OPC),
and unipolar brush cells (UBC). UBCs were included due to the high levels of stemness

score in the cell types identified previously.

Differential gene expression testing

Negative binomial regression models were used to identify the differential
expressed genes in each tumor type compared to non-tumor tissue. One model was fit
adjusting for age at diagnosis and sex. One model was fit adjusting for age at diagnosis,
sex, and the proportions for cell types of interest (NEU, NSC, RGC, OPC, UBC),
Negative binomial models were fit by using DESeq function in the DESeq2 package
v1.36.0 in R>>2. Genes were considered as differentially expressed under the adjusted p-

value threshold of 0.05.

Pathways enrichment testing

Reactome pathways enrichment associated with differentially expressed genes in
each tumor type were identified using the enrichPathway function in the ReactomePA

package v1.40.0 in R*,

Genomic context enrichment test

Enrichment tests for genomic context for differentially hydroxymethylated CpGs
were conducted using the Mantel-Haenszel test. The MH test was adjusted for the type

of probe (Type | or Type Il) used for the CpG in the Illumina Methylation EPIC array.
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4.4. Results

To assess the potential normal tissue margin in our tissues that may confound
downstream analyses, we first determined the tumor purity of our pediatric CNS tumor
samples that were used to measure DNA cytosine modifications. Tumor purity in our
samples varied but did not significantly differ based on tumor type or grade

(Supplementary Figure 4-1).

Genomic burden altered cytosine modifications

To determine the global epigenomic burden of altered cytosine modifications in
pediatric CNS tumors compared to non-tumor pediatric brain tissue, we compared
median beta values for both 5-hmC and 5-mC across samples at each CpG and
determined the methylation dysregulation index (MDI). MDI is a summary measure of
the epigenome-wide alteration of tumors compared to non-tumor tissue®*3. Tumor
tissues displayed a decrease in 5-hmC and a slight increase in 5-mC compared to non-
tumor tissue (Figure 4-1A). The 5-hmC MDI values were not significantly different by
tumor type or by tumor grade (Figure 4-1B), whereas 5-mC MDI values varied by tumor
type. Embryonal tumors had the greatest extent of epigenome-wide alteration burden
compared to non-tumor tissue, astrocytomas had the lowest burden of 5-mC MDI
compared to non-tumor tissue, and we observed increasing 5-mC MDI with increasing
tumor grade. 5-hmC MDI and 5-mC MDI were positively correlated (R = 0.44, p-value =
0.013, Figure 4-1C). We repeated our analysis after removing one astrocytoma sample
with an outlier 5-hmC MDI value and observed consistent results (Supplementary
Figure 4-2). We tested and confirmed that the burden of observed epigenomic
alterations was not due to differences in tumor purity, (Supplementary Figure 4-3,
Supplementary Table 4-2A). However, we did observe significant differences in 5-mC
MDI by tumor grade (Supplementary Table 4-2B). While 5-hmC is prevalent at only 6%

of 5-mC, the level of dysregulation of the hydroxymethylome is comparable to the level
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of dysregulation of the methylome with 5-hmC MDI being 49% of 5-mC MDI (Table 4-2).

Our results suggest that while 5-hmC may not be as prevalent, epigenome-wide

alterations of 5-hmC in tumors are occurring at comparable levels to altered 5-mC.
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Figure 4-1. Global methylation dysregulation, but not global
hydroxymethylation dysregulation, is associated with tumor type and grade.
A) Cumulative proportion of 5-hmC and 5-mC in tumors and non-tumor tissue. B)
Methylation dysregulation index of 5-hmC and 5-mC by tumor type and D) grade.
Gray segments indicate median MDI values. Differences in MDI calculated using
Kruskal-Wallis test. C) Correlation between 5-hmC MDI and 5-mC MDI calculated
using Spearman rank correlation. Linear regression line indicated by the blue line.
95% confidence interval indicated by gray bands.
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Table 4-2. Summary measure of global averages and MDI of 5-hmC and 5-mC

Mean ratio
Measure Modification Minimum Median Mean Max (5-hmC/5-mC)
5-hmC  0.016 0.027 0.032 0.102
Global average 0.060

5-mC  0.448 0.535 0.530 0.579

MDI 5-hmC  0.021 0.038 0.038 0.064 0.494
5-mC  0.028 0.0v8 0.077 0.116

Cell type composition influences bulk-omics comparisons between pediatric CNS
tumors and non-tumor pediatric brain tissue

We utilized our single nuclei RNA-seq data to identify the cell type composition of
pediatric CNS tumor tissue and non-tumor pediatric brain tissue. Based on the cell type
proportion distributions for all of our samples, we identified neuronal-like cells (NEU),
neural stem cells (NSC), oligodendrocyte precursor cells (OPC), radial glial cells (RGC),
and unipolar brush cells (UBC) as having the most variance (Supplementary Figure
4-4A). For each tumor type we compared proportions of cell types with non-tumor
pediatric brain tissue. Supporting our principal component analysis, the cell types with
the greatest differences were NEU, NSC, OPC, RGC, and UBC (Supplementary Figure
4-4B).

We conducted an epigenome-wide association study to determine the differential
hydroxymethylated and methylated CpGs associated with each tumor type compared to
non-tumor pediatric brain tissue. To reduce potential confounding by cell type
composition, we incorporated cell type proportions as covariates in a stepwise manner to
each series of linear models. Importantly, as the number of cell type proportion
covariates included in the models increased, the scope of differentially
hydroxymethylated and differentially methylated CpGs associated with each tumor type

decreased (Figure 4-2A - 2D, Supplementary Figure 4-5-5 — 4-8). In addition, across
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our models in different tumor types, the extent of differentially hydroxymethylated CpGs
(dhmCpGs) was far greater than that of differentially methylated CpGs (dmCpGs). When
all five cell types (NEU, NSC, OPC, RGC, and UBC) were incorporated into the model,
we observed low number of dMCpGs associated with each tumor type. Embryonal
tumors had the greatest number of dhmCpGs, and the 83.1% were specific to the
embryonal tumors (Figure 4-2E). In the model with all five cell types included, 87
dhmCpGs were associated with astrocytoma, 850 dhmCpGs were associated with
embryonal tumors, 31 dhmCpGs were associated with ependymoma, and 126
dhmCpGs were associated with glioneuronal/neuronal tumors. We identified 90
dhmCpGs (10.4%) that were shared across two or three of the tumor types and 28
dhmCpGs (3.2%) that were shared across all tumor types (Figure 4-2E). Our results
suggest that epigenome-wide association studies comparing bulk pediatric CNS tumor
tissue to non-tumor pediatric tissue are considerably influenced by the cell type
composition. Moreover, it was quite unexpected that the observed differences were

almost solely in hydroxymethylation and not in methylation.
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Figure 4-2. Adjusting for proportions of cell types of interest reduce the
number of differentially hydroxymethylated and methylated CpGs across
tumor types compared to non-tumor pediatric brain tissue.

Number of differentially hydroxymethylated and methylated CpGs under g-value <
0.05 threshold in A) astrocytoma (ATC), B) embryonal tumors (EMB), C)
ependymoma (EPN), and D) glioneuronal/neuronal tumors (GNN) compared to non-
tumor pediatric brain tissue. X-axis indicates each cell type proportion included in
the model. Each model, even ‘unadjusted’ model includes sex and age at diagnosis
in the linear model. E) Venn diagram of the differentially hydroxymethylated CpGs
among the different tumor types.

We then compared transcriptome data from bulk RNA-seq in each of the tumor
types with non-tumor pediatric brain tissue. The differential expression testing model

included the same covariates (sex, age at diagnosis, and tumor purity) and the same five
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cell type proportions used for the EWAS analysis. Including proportions of major cell
types of interest led to differences in an average of around 702 genes (range: 536 — 892)
detected as significantly differentially expressed. In astrocytoma and
glioneuronal/neuronal tumors, the adjusted model identified more genes that were
significantly differentially expressed. In embryonal tumors and ependymomas, the
adjusted model identified fewer genes that were significantly differentially expressed.
Some key tumor progression-associated genes like PTEN in astrocytoma and in
embryonal tumors, MYCN in ependymoma, and BRCAZ2 in glioneuronal/neuronal tumors
would not otherwise have been identified as significantly differentially expressed in the
tumors had the cell type proportions not been adjusted for.

Across all tumor types, the majority of differentially expressed genes were
increased in expression compared to the non-tumor pediatric brain tissue
(Supplementary Figure 4-9A, Supplementary Figure 4-10- 4-13). Almost half (43%,
3020 genes) of all genes with increased expression were shared across all tumor types
(Supplementary Figure 4-9B). Among the genes with shared increases in expression in
tumors were IRX5, MYOSLID, CWH43, ITGA2, and HOXA3. Genes with increased
expression across all tumor types were associated with biological oxidations and
keratinization among other pathways (Supplementary Figure 4-9D). There were 253
genes (13.6%) that had decreased expression shared across tumor types
(Supplementary Figure 4-9C), including NPTXR, SCG2 , B4GAT1, and ATRN. Genes
that were decreased in expression across all tumor types were associated with the
insulin receptor signaling and ion channel transport among other pathways
(Supplementary Figure 4-9E).

To identify potentially important gene regulation by differential
hydroxymethylation we compared changes in hydroxymethylation in dhmCpGs from the
five-cell type-adjusted model with gene expression in each tumor type. Generally, genes
with decreased hydroxymethylation levels had increased gene expression across tumor

types compared to non-tumor pediatric brain tissue (Figure 4-3). Only one dhmCpGs
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associated with ependymoma had significant decreased expression. The dhmCpGs with
differential expression did not generally favor promoters or gene body regions (Figure
4-3, Supplementary Table 4-3). Only embryonal tumors displayed slightly varying
associations. While many of the dhmCpGs associated with embryonal tumors followed
similar patterns of decreased 5-hmC levels and increased gene expression, there were
some CpGs with decreased 5-hmC and decreased gene expression, as well as CpGs
with increased 5-hmC with increased or decreased gene expression levels. Embryonal
tumor associated dhmCpGs with significantly increased gene expression were less likely
to be in promoter regions compared to dhmCpGs with significantly decreased gene
expression (OR (95%CIl) = 0.23 (0.064 — 0.78), p-value = 0.01). On the contrary,
embryonal tumor associated dhmCpGs with significant increased expression were
marginally more likely to be in gene body regions (OR (95%CI) = 2.81 (0.84 — 10.34), p-
value = 0.06). We could not test for associations between promoter or gene body
regions for other tumor types due to the limited number of dhmCpGs.

Interestingly, there were two CpGs with decreased 5-hmC levels and increased
gene expression in astrocytoma, ependymoma, and glioneuronal/neuronal tumors:
€g18280362 located in the promoter region of CWH43 and cg08278401 located in the
promoter region of LRRC72. In addition, we investigated the association between
changes in 5-mC methylation and gene expression in the embryonal tumors where there
were 24 dmCpGs associated with significant changes in gene expression
(Supplementary Figure 4-14). While we could not conduct statistical tests to test for an
enrichment of promoter/gene body regions for shared dhmCpGs with increased gene
expression, there were 18 dhmCpGs with increased gene expression in non-promoter
regions and 3 dhmCpGs with increased gene expression in promoter regions. Moreover,
there were 9 dhmCpGs with increased gene expression not in gene body regions and 12
dhmCpGs in gene body regions (Supplementary Table 4-3). Our results indicate that
hydroxymethylation may be associated with changes in gene expression for certain

genes in pediatric CNS tumors.
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Figure 4-3. Hypo-hydroxymethylation of CpGs are associated with changes in
gene expression.

Association between differentially hydroxymethylated CpG beta coefficients and
log2 fold changes in gene expression for A) astrocytoma, B) embryonal tumors, C)
ependymoma, and D) glioneuronal/neuronal tumors. Red points indicate
significantly differentially expressed genes. Shapes indicate genomic context of
CpGs.

Molecular alterations in pediatric CNS tumors occur in a cell type-specific and
tumor type-specific manner

One of the major questions that remains unanswered in many epigenome-wide
association studies is whether altered cytosine modification can be ascribed to a specific
cell type. With data from single nuclei RNA-seq for these pediatric CNS tumors and non-
tumor pediatric brain tissues, we sought to identify epigenomic alterations at a cell type-
specific level. To reduce the number of covariates in our analysis we focused on

neuronal-like and progenitor-like cell types (Supplementary Table 4-4). The progenitor-
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like cells were an aggregation of neural stem cells, radial glial cells, oligodendrocyte
precursor cells, and unipolar brush cells. We used an approach developed by Zheng et
al®*” called CellDMC to identify cell-type-specific differentially hydroxymethylated and
methylated CpGs. Using CellDMC we identified abundant dnmCpGs for each cell type
and tumor type, far greater than the scope of CpGs identified with bulk tissue EWAS
(Figure 4-4A, Supplementary Figure 4-15- 4-19, Supplementary Table 4-5). While
there were a relatively lower number of dmCpGs compared to the dhmCpGs, there were
some dmCpGs detected in the cell type-specific model (Figure 4-4B). Majority of the cell
type-specific dhmCpGs were tumor-type-specific (Figure 4-4C — 4-4D, Supplementary
Figure 4-19). However, 128 dhmCpGs were observed in the neuronal-like cell types and
534 dhmCpGs were observed in the progenitor-like cell types across all four tumor
types. While some neuronal-like cell-specific dhmCpGs were acting on the same genes
as the progenitor-like cell-specific dhmCpGs, genes that had decreased 5-hmC in the

progenitor-like cells were exclusive (Supplementary Figure 4-20).
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Figure 4-4. 5-hmC is altered in cell type-specific and tumor type-specific
manner.

Cell type associated differentially A) hydroxymethylated and B) methylated CpGs in
each tumor type. Venn diagram of shared differentially hydroxymethylated CpGs in
C) neuronal-like cell types and D) progenitor-like cell types across the four tumor

types.

We then assessed the genomic context of cell type-specific dhmCpGs and tested
for enrichment to various genomic contexts stratified by the direction of differential

hydroxymethylation. Interestingly, both increased and decreased dhmCpGs in neuronal-
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like and progenitor-like cell types of astrocytoma and glioneuronal/neuronal tumors were
enriched in similar contexts at Dnase hypersensitive sites (DHS), 1% exons, promoter
regions (TSS200, TSS1500), and 5’ UTR regions (Figure 4-5). dhmCpGs in
ependymoma were dependent on the cell type in which it was occurring. Ependymoma
associated dhmCpGs in the neuronal-like cells and CpGs with increased 5-hmC in
progenitor-like cells were enriched in similar regions as the astrocytoma and
glioneuronal/neuronal tumors. On the contrary, ependymoma associated CpGs with
decreased 5-hmC in the progenitor-like cells were enriched in transcription factor binding
sites (TFBS), 3’ UTR, gene body, and exon regions. The dhmCpGs, especially for those
occurring in the progenitor-like cell types, in embryonal tumors were enriched in distinct
genomic contexts compared to the other tumor types. Progenitor-like cell type-specific
dhmCpGs were enriched in the transcription factor binding sites, 3’ UTR, gene body,
exons, and enhancers.

Our findings indicate that most of the hydroxymethylation alterations occur in the

progenitor-like cell types and are tumor-type-specific.
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Figure 4-5. Cell type-specific differential hydroxymethylation tumor type-
specific.

Enrichment of differentially hydroxymethylated CpGs at specific genomic contexts
by tumor type and direction of differential methylation.

Cell type-specific gene expression changes associated with changes in
hydroxymethylation

We next evaluated cell-specific gene expression changes for genes with cell-
type-specific changes in hydroxymethylation. We calculated gene expression scores for
genes associated with CpGs with differentially hydroxymethylated CpGs in the neuronal-
like cells and progenitor-like cells for each granular cell types incorporated in our
analysis for each tumor type (Supplementary Figure 4-21— 4-24). Interestingly, for all
tumor types, the expression scores for genes associated with CpGs with increased or
decreased hydroxymethylation were increased in the oligodendrocyte precursor cells
(OPCs) of the tumors compared to non-tumor pediatric brain tissue (Figure 4-6A). Only

the OPCs in embryonal tumors did not show a statistically significant increase in the
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expression of genes with increased 5-hmC in the progenitor-like cells. On the contrary,

gene expression levels for each of the gene sets with cell type-specific alterations in 5-

hmC were decreased in each of the cell types for all tumors compared to the non-tumor
pediatric brain tissue.

HDACA4, established as associated with cancer progression and poor prognosis
in a variety of tumor types®*—°°?, was one gene with cell type-specific dhmCpGs across
all four tumor types. Interestingly, the majority of the CpGs with decreased 5-hmC were
associated with progenitor-like cell types, while the majority of the CpGs with increased
5-hmC were associated with the neuronal-like cell types in the tumor tissue (Figure
4-6B). More than 50% of the dhmCpGs in HDAC4 for each tumor type were in the gene
body (Table 4-3). There were few dhmCpGs in the 5 UTR, TSS200, and DNase
hypersensitive sites (DHS). The neuronal-like cell types had lower expression of HDAC4
across all tumor types compared to the non-tumor tissue (Figure 4-6D). On the contrary,

the progenitor-like cell types had higher levels of HDAC4 expression.
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Figure 4-6. Alterations in hydroxymethylation is associated with cell type
specific changes in gene expression.

A) Summary heatmap of changes in gene expression in the gene sets with
differentially hydroxymethylated CpGs per cell type. Number of differentially
hydroxymethylated CpGs associated with B) HDAC4 and C) IGF1R in each
genomic context across the different tumor types in neuronal-like cell types and
progenitor-like cell types. Blue bars indicate the number of hydroxymethylated
CpGs that are decreased in the tumors. Yellow bars indicate the number of
hydroxymethylated CpGs that are increased in the tumors. D) Gene expression
levels of HDAC4 and IGF1R for each cell type across the tumor types and non-
tumor tissue.
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Table 4-3. Genomic context of dhmCpGs in HDAC4 and IGF1R for each tumor
type.

HDAC4 TSS200 TSS1500 E‘g‘gs e Sk O Enhancer  pHs  ANMOPG
ATC 205%)  00%) g1 0w @) (o 0O 1@ go 13
EMB  0(0%)  1(5%) (8%& ) (OEA)) (112% | (02@ 0(0%)  1(5%) (4?%) 19
EPN  0(0%)  00%) gl o aowy v C©%B 008 b 30
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IGF1R
ATC  0(0%)  0(0%) (10%% | (02/0 | (0(3/0) (02/0 ) 00%)  0(0%) (55%) 4
EMB  0(0%)  0(0%) (10%% ) (02@ (OEA) | (0%@ 0(0%)  1(33%) (672%) 3
EPN  0(0%)  00% e o (o @ OO 1% o 8
GNN  0(0%) 0% it 0w (% ok OO 169  quoe 2

IGF1R had dhmCpGs across all tumor types and is associated with
tumorigenesis, therapy resistance, and poor survival in different cancer types, including
in some pediatric CNS tumor types®®=°"3, Most of the dhmCpGs with decreased 5-hmC
were associated with the progenitor-like cell types in the tumor tissue while only a couple
dhmCpGs were in the neuronal-like cell types of the tumor tissue (Figure 4-6C). Like
HDAC4, the dhmCpGs in IGF1R were mostly located in the gene body and DNase
hypersensitive sites, with a few scattered in the enhancer and 3’ UTR regions (Table
4-4). Consistent with the lack of changes in hydroxymethylation in the neuronal-like cell
types of the tumors, gene expression levels of IGF1R did not differ between tumors and
the non-tumor tissue among neuronal-like cell types (Figure 4-6D). However, following
the decreases in hydroxymethylation, IGF1R gene expression levels were higher in the

progenitor-like cell types, particularly the OPCs, in the tumors than in the progenitor-like
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cell types of non-tumor tissue. EWAS results from bulk tumor tissue identified only one
or two CpGs in HDAC4 and IGF1R as differentially hydroxymethylated in either cell type-

adjusted or unadjusted model (Table 4-4).

Table 4-4. Comparison of number of differentially hydroxymethylated CpGs in
HDAC4 and IGF1R identified by bulk tissue EWAS and CellIDMC for each tumor

type.

Tumor Bulk EWAS Bulk EWAS CellDMC CellDMC
type (CT unadjusted) (CT adjusted) (Neuronal-like)  (Progenitor-like)
ATC 0 0 12 7
EMB 1 1 11 17
HDACA4
EPN 1 0 1 30
GNN 0 0 1 2
ATC 0 0 4 4
EMB 2 0 1 2
IGF1R
EPN 1 0 0 8
GNN 0 0 0 2

Our results suggest potentially critical roles of hydroxymethylation of CpGs
located within the gene body regions in regulating the gene expression of critical cancer

genes, like HDAC4 and IGF1R.

4.5. Discussion

In this study, we investigated the cell type-specific cytosine modification
alterations in pediatric central nervous system tumors with a multi-omic approach. We
described the cell type composition effects that occur in epigenome-wide association
studies using bulk pediatric central nervous system tumors and non-tumor pediatric brain
tissue. We identified that there were more differentially hydroxymethylated CpGs

associated with each tumor type, particularly in the progenitor-like cell types, rather than
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differentially methylated CpGs. Lastly, we show that the cell type-specific changes in
hydroxymethylation are associated with cell type-specific gene expression changes in
pediatric central nervous system tumors.

Based on methods to classify tumor subtypes and the predominant focus on
DNA methylation, it was unexpected that there were very few differentially methylated
CpGs associated with each tumor type. One possible explanation for this phenomenon
may be that as these are pediatric tissues, there is still ongoing development with which
5-hmC is associated. As our results suggest the epigenome-wide alterations of 5-hmC in
these tumors, it may be critical to distinguish between 5-mC and 5-hmC to better
understand the molecular underpinnings of these pediatric CNS tumors. Furthermore, it
may be beneficial to incorporate 5-hmC into cytosine modification-based classification
methods to improve performance.

Pediatric tumors are known not to have substantial genetic alterations. Our
results suggest that pediatric CNS tumors may be characterized by non-mutational
epigenomic reprogramming more so than genomic aberrations**#. We identified a
substantial number of differentially hydroxymethylated CpGs associated with progenitor-
like cell types of each tumor type. Additionally, even among the shared differentially
hydroxymethylated CpGs in the progenitor-like cell types, numerous differentially
hydroxymethylated CpGs were located within different genes that regulate epigenetic
patterns, such as DNMT3A, HDAC4, MLLT3, and KAT2B. Furthermore, pediatric brain
cancers have been shown to contain somatic mutations in epigenetic regulator genes
such as H3F3A, KDM6A, and MLL3°"“-°¢, Considering the dysregulation of the
epigenome may be important when developing new therapeutic strategies for these
tumors.

While much more investigation has been conducted into how DNA methylation
regulates gene expression, less is known about how DNA hydroxymethylation can also
be associated with changes in gene expression. We identified relationships between cell

type-specific hydroxymethylation patterns and cell type-specific gene expression in our

133



pediatric CNS tumors. Our findings indicate that hydroxymethylation changes in the
gene body regions can alter gene expression. Previous studies have found positive
associations between DNA methylation in gene body regions and gene expression
changes'**%*, However, many genome-wide DNA methylation studies use the traditional
bisulfite treatment approach to measure 5-mC. Because bisulfite treatment alone cannot
distinguish between 5-mC and 5-hmC*#, some methylation signals may have been from
5-hmC. Further studies that explicitly distinguish between 5-hmC and 5-mC are needed
to gain a clearer understanding of the effects of DNA cytosine modifications on gene
expression.

We identified two genes, HDAC4 and IGF1R, in our pediatric CNS tumors that
were both epigenetically and transcriptionally altered in comparison to non-tumor
pediatric brain tissue. HDAC4 and IGF1R had differentially hydroxymethylated CpGs
and increased expression in oligodendrocyte precursor cells across all four of our tumor
types. Our results suggest a potential role of hydroxymethylation regulating genes
associated with tumorigenesis. With these targets already having been studied in adult
cancers, there are pharmacological inhibitors that already exist for these targets. Our
study expands previously suggested ideas of targeting HDAC4 and IGF1R in certain
pediatric CNS tumor types®68:577:578,

Accruing a large sample size for pediatric CNS tumors is extremely difficult as
they are very rare in the general population. While our study does incorporate a decent
sample size for these rare tumors, the smaller sample size limited the inclusion of other
variables and cell types that may affect methylation and transcription into our models.
Future studies with an expanded cohort of pediatric CNS patients will allow us to assess
the epigenomic alterations in additional cell types of interest, such as glial cells.
Moreover, following our findings of cell type-specific changes in DNA cytosine
modifications in these pediatric CNS tumors, other tumor types may also have cell type-

specific that have yet to be detected. Tools to understand the cell type composition of
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tissues should be incorporated in bulk epigenome-wide association studies to

discriminate the cell type composition effects.

4.6. Conclusion

Our study addresses gaps that currently exist in understanding epigenomic
alterations at the cell type level in pediatric central nervous system tumors. Changes in
hydroxymethylation were particularly drastic in progenitor-like cells and were associated
with cell type level alterations in transcription. We highlight the relevance of epigenome
dysregulation in pediatric central nervous system tumors that may lead us to more

effective therapeutic targets.
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4.9. Supplemental materials
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Supplementary Figure 4-2.
Methylation dysregulation index from 5-hmC and 5-mC by A) tumor type and B)
grade without outliers. Gray segments indicate median MDI values. Differences in
MDI calculated using Kruskal-Wallis test. C) Correlation between 5-hmC MDI and
5-mC MDI calculated using Spearman rank correlation. Linear regression line
indicated by the blue line. 95% confidence interval indicated by gray bands.
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regression line indicated by the blue line. 95% confidence interval indicated by gray
bands.
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Supplementary Figure 4-4.

ATC EMB EPN GNN NT

A) Results from principal component analysis of cell type proportions from single
nuclei RNA-seq of pediatric central nervous system tumors and non-tumor pediatric
brain tissue. B) Comparison of each tumor type’s proportions per cell type against
the proportions found in non-tumor pediatric brain tissue. Each point indicates a
sample. Differences in proportions calculated using Wilcoxon signed-rank test.
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Supplementary Figure 4-5.
Volcano plots of differential A) 5-hmC CpGs and C) 5-mC CpGs in astrocytoma in
the cell type proportion unadjusted model. Volcano plots of differential B) 5-hmC
CpGs and D) 5-mC CpGs in astrocytoma in the cell type proportion adjusted model.
Labeled # of CpGs on the left of each plot are CpGs with decreased methylation in
tumors compared to non-tumor tissue. Labeled # of CpGs on the right of each
volcano plot are CpGs with increased methylation in tumors compared to non-tumor
tissue. Red points indicate statistically significant differential CpGs under the q-
value < 0.05 threshold.
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Supplementary Figure 4-6.
Volcano plots of differential A) 5-hmC CpGs and C) 5-mC CpGs in embryonal
tumors in the cell type proportion unadjusted model. Volcano plots of differential B)
5-hmC CpGs and D) 5-mC CpGs in astrocytoma in the cell type proportion adjusted
model. Labeled # of CpGs on the left of each plot are CpGs with decreased
methylation in tumors compared to non-tumor tissue. Labeled # of CpGs on the
right of each volcano plot are CpGs with increased methylation in tumors compared
to non-tumor tissue. Red points indicate statistically significant differential CpGs
under the g-value < 0.05 threshold.
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Supplementary Figure 4-7.

Volcano plots of differential A) 5-hmC CpGs and C) 5-mC CpGs in ependymoma in
the cell type proportion unadjusted model. Volcano plots of differential B) 5-hmC
CpGs and D) 5-mC CpGs in astrocytoma in the cell type proportion adjusted model.
Labeled # of CpGs on the left of each plot are CpGs with decreased methylation in
tumors compared to non-tumor tissue. Labeled # of CpGs on the right of each
volcano plot are CpGs with increased methylation in tumors compared to non-tumor
tissue. Red points indicate statistically significant differential CpGs under the q-
value < 0.05 threshold.
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Supplementary Figure 4-8.

Volcano plots of differential A) 5-hmC CpGs and C) 5-mC CpGs in
glioneuronal/neuronal tumors in the cell type proportion unadjusted model. Volcano
plots of differential B) 5-hmC CpGs and D) 5-mC CpGs in astrocytoma in the cell
type proportion adjusted model. Labeled # of CpGs on the left of each plot are
CpGs with decreased methylation in tumors compared to non-tumor tissue. Labeled
# of CpGs on the right of each volcano plot are CpGs with increased methylation in
tumors compared to non-tumor tissue. Red points indicate statistically significant
differential CpGs under the g-value < 0.05 threshold.
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Supplementary Figure 4-9.

A) Number of differentially expressed genes unadjusted and adjusted for cell type
proportions for each tumor type. Venn diagram of the genes with significant B)
increased and C) decreased expression the tumor types. D) Pathways associated
with shared genes with increased expression in the tumors. Only pathways under
g-value < 0.05 are shown. E) Pathways associated with shared genes with
decreased expression in the tumors. Only pathways under g-value < 0.05 are
shown.
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Supplementary Figure 4-10.

Volcano plot of differential expression test in the A) cell type proportion unadjusted
and B) cell type proportion adjusted model comparing astrocytoma and non-tumor
brain tissue. C) Pathways associated with the differential expression in
astrocytoma.
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Supplementary Figure 4-11.
Volcano plot of differential expression test in the A) cell type proportion unadjusted

and B) cell type proportion adjusted model comparing embryonal tumors and non-
tumor brain tissue. C) Pathways associated with the differential expression in

embryonal tumors.
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Supplementary Figure 4-12.
Volcano plot of differential expression test in the A) cell type proportion unadjusted

and B) cell type proportion adjusted model comparing ependymoma and non-tumor
brain tissue. C) Pathways associated with the differential expression in

ependymoma.
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Supplementary Figure 4-13.

Volcano plot of differential expression test in the A) cell type proportion unadjusted
and B) cell type proportion adjusted model comparing glioneuronal/neuronal tumors
and non-tumor brain tissue. C) Pathways associated with the differential expression
in glioneuronal/neuronal tumors.
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Supplementary Figure 4-14.

Association between changes in 5-mC and gene expression for embryonal tumors.
Red points indicate significantly differentially expressed genes. Shapes indicate the
genomic context of each CpG.
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Supplementary Figure 4-15.

A) Cell type specific differentially hydroxymethylated and methylated CpGs in
astrocytoma. Venn diagram of differentially B) hydroxymethylated and C)
methylated CpGs in neuronal-like cell types (NEU) and progenitor-like cell types
(PROG).
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Supplementary Figure 4-16.

A) Cell type specific differentially hydroxymethylated and methylated CpGs in
embryonal tumors. Venn diagram of differentially B) hydroxymethylated and C)
methylated CpGs in neuronal-like cell types (NEU) and progenitor-like cell types
(PROG).

152



A Ependymoma B
CellType
P modification

ncreased CellType
I Neuronal NEU PROG

ShmC

| Progenitor

Modification
5hmC
5mC

Enhancer
N
LI

Decreased Body

No Change

N
| K
TSS200
N c 5mC
| N
e NEU PROG
| M
Relation_to_Island
OpenSea
S_Shelf
S_Shore

- Island

N_Shore
1 N_Shelf

Body || 1117 | SRR 0 DN 000 VI AR O i
nnnd I 100 pImman
I © 0L T MO T

TSS200 W11

TSS1500 IINEENEES
PROG_ShmC

NEU_ShmC

NEU_5mC
PROG_SmC

Supplementary Figure 4-17.

A) Cell type specific differentially hydroxymethylated and methylated CpGs in
ependymoma. Venn diagram of differentially B) hydroxymethylated and C)
methylated CpGs in neuronal-like cell types (NEU) and progenitor-like cell types
(PROG).
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Supplementary Figure 4-18.

A) Cell type specific differentially hydroxymethylated and methylated CpGs in
glioneuronal/neuronal tumors. Venn diagram of differentially B) hydroxymethylated
and C) methylated CpGs in neuronal-like cell types (NEU) and progenitor-like cell
types (PROG).
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Supplementary Figure 4-19.

Venn diagram of A) hypomethylated and B) hypermethylated CpGs in neuronal-like
cell types across tumor types. Venn diagram of C) hypomethylated and D)
hypermethylated CpGs in progenitor-like cell types across tumor types.
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Supplementary Figure 4-20.

Venn diagram of genes with differentially hydroxymethylated CpGs in A)
astrocytomas, B) embryonal tumors, C) ependymomas, and D)
glioneuronal/neuronal tumors.
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Supplementary Figure 4-21.

Boxplot of enrichment scores of genes with differentially hydroxymethylated CpGs
per cell type in astrocytoma and non-tumor brain tissue. Comparison between
tumor and non-tumor made with Wilcoxon rank test.
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Supplementary Figure 4-22.

Boxplot of enrichment scores of genes with differentially hydroxymethylated CpGs
per cell type in embryonal and non-tumor brain tissue. Comparison between tumor
and non-tumor made with Wilcoxon rank test.
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Boxplot of enrichment scores of genes with differentially hydroxymethylated CpGs

per cell type in ependymoma and non-tumor brain tissue. Comparison between

tumor and non-tumor made with Wilcoxon rank test.
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Supplementary Figure 4-24.

Boxplot of enrichment scores of genes with differentially hydroxymethylated CpGs
per cell type in glioneuronal/neuronal and non-tumor brain tissue. Comparison
between tumor and non-tumor made with Wilcoxon rank test.
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Supplementary Table 4-1. Distribution of samples with the varying molecular
characterization available for analysis.

Cytosine Bulk Single cell Used in

modifications RNAseq RNAseq manuscript
Non-tumor 4 2 3 2
Astrocytoma 7 7 7 7
Embryonal 6 6 6 6
Ependymoma 12 10 12 10
Glioneuronal/Neuronal 8 8 8 8
Total 37 34 35 33
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Supplementary Table 4-2A. Association between tumor purity and grade with 5-
hmC MDI

Estimate Std Error P-value
Tumor purity -0.007 0.005 0.22
Gl Referent
G2 0.001 0.004 0.90
G3 0.002 0.004 0.68
G4 0.0005 0.004 0.90
NEC/NOS 0.0004 0.006 0.94

Supplementary Table 4-2B. Association between tumor purity and grade with 5-
mC MDI

Estimate Std Error P-value
Tumor purity 0.003 0.012 0.80
Gl Referent
G2 0.028 0.010 0.0074
G3 0.020 0.008 0.025
G4 0.043 0.009 4.5E-5
NEC/NOS 0.016 0.013 0.24
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Supplementary Table 4-3. The number of differentially expressed genes with
differentially hydroxymethylated CpGs identified by bulk tissue epigenome wide
association study.

Categorized by the direction of gene expression change and the genomic context of
the differentially hydroxymethylated CpGs for each tumor type.

Astrocytoma

Body Both Neither Promoter  Total
Decrease O 0 0 0 0
Increase 5 0 4 3 12
Total 5 0 4 3 12

Embryonal tumors

Body Both Neither Promoter  Total
Decrease 6 0 1 10 17
Increase 44 0 13 17 74
Total 50 0 14 27 91
Ependymoma

Body Both Neither Promoter  Total
Decrease O 0 0 1 1
Increase 1 0 0 4 5
Total 1 0 0 5 6

Glioneuronal/neuronal tumors

Body Both Neither Promoter  Total
Decrease O 0 0 0 0
Increase 6 0 2 5 13
Total 6 0 2 5 13
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Supplementary Table 4-4. The number of nuclei from single nuclei RNA-seq that

were included in the CellIDMC analysis.

Tumor type N“,fl'Ei Ne‘fir;e”a" Pro?iekr;itor' NEU NSC OPC RGC UBC
Astrocytoma 7714 1280 4543 1280 685 3269 485 104
Embryonal 12936 462 7649 462 3380 446 448 3375
Ependymoma 22287 204 19679 204 1695 9582 8120 282
Glioneuronal/Neuronal 16016 3848 4694 3848 731 2189 1730 44
Non-Tumor 17451 8394 1431 8394 29 1224 174 4
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Supplementary Table 4-5. The number of differentially hydroxymethylated CpGs
per tumor type identified by CellDMC. Categorized by the change in level of
hydroxymethylation and cell type of association.

ATC EMB EPN GNN

Hypo-hydroxymethylated in 3741 4829 1031 2963
neuronal-like cells

Hyper—hydroxymethylated in 15892 6589 2161 2027
neuronal-like cells

Hypo-hydroxymethylated in 2270 16099 40216 5233
progenitor-like cells

Hyper-hydroxymethylated in 2970 2644 4111 1444

progenitor-like cells
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Chapter 5

5. Discussion

5.1. Overview of findings

5.1.1. Chapter 2: Distinct cytosine modification profiles define epithelial-to-

mesenchymal cell-state transitions

Epithelial-to-mesenchymal transition (EMT), a cellular program important in
normal embryogenesis and wound healing, is one of the mechanisms that contributes to
intratumoral heterogeneity and leads to tumor progression and metastasis®??. Cells do
not switch from an epithelial cell type to a mesenchymal cell type like a binary switch in
phenotype. Instead cells gradually transition by shifting to various intermediate cell
states between the two fully differentiated cell types®??. Due to challenges in isolating
intermediate EMT cell states, understanding of the molecular underpinnings of
intermediate EMT cell states is still limited. While studies have begun to characterize the
transcriptome and chromatin structures of the different intermediary states in EMT,

limited data exist on DNA cytosine modifications profiles across EMT states.
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As DNA cytosine modifications are critical in normal developmental processes
like EMT, we aimed to investigate the DNA cytosine modifications during EMT in cancer.
In a previously developed model of single cell clones from heterogeneous ER/PR-
negative breast cancer cell lines, we utilized a multi-omic approach which included
measures of DNA cytosine modifications, chromatin accessibility and gene expression.
From the start, we observed more drastic differences in the hydroxymethylation profiles
of more intermediate cell states compared to the more differentiated cell states, rather
than in the methylation profiles. We identified 17,862 CpGs with increasing 5-hmC and
7,903 CpGs which were mostly decreasing in 5-mC in the intermediate clones. The
CpGs with increasing 5-hmC levels included CpGs that tracked to key EMT associated
transcription factors like SNAI1 and TWIST1, and epithelial or mesenchymal cell type
markers like CDH1 and MMP19. The open chromatin regions containing CpGs with
increased 5-hmC were associated with Rho family of GTPases which have been shown
to function as cellular switches in coordinating cell polarity and migration by regulating
the cytoskeleton. Furthermore, open chromatin regions with CpGs with increased 5-hmC
were enriched in motifs of EMT transcription factors like ZEB1 and SNAI2.

Chapter 2 addresses the gap in understanding of the role of DNA cytosine
modification marks, particularly hydroxymethylation marks, in regulating EMT. The
results from this chapter also highlight the utility of a multi-omic approach to gain better
understanding of how the different epigenetic systems coordinate to regulate dynamic

processes like EMT.

5.1.2. Chapter 3: Tumor type and cell type-specific gene expression
alterations in diverse pediatric central nervous system tumors

identified using single nuclei RNA-seq

In Chapter 3, we switched our focus to focus on appreciating the intratumoral
heterogeneity in primary tumors of pediatric central nervous systems (CNS), a relatively

understudied tumor type. Pediatric CNS tumors are difficult to study as they occur very
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rarely in the general population, with an incidence rate of 3.57 per 100,000 for malignant
types and 2.65 for non-malignant types®*. Difficulty in sample accrual to characterize
and understand the different types of pediatric CNS tumors has led to slower progress in
developing targeted therapies for these tumors. The survival rates vary among tumor
types, with a 96.8% 5-year relative survival rate in pilocytic astrocytoma and 19.8% 5-
year relative survival rate in glioblastoma®*°. Even pediatric CNS tumor patients who go
on to be in remission and survive their primary tumors are at risk of higher disabling
conditions from the harsh treatments and the tumor itself**’. To improve poor survival
rates and to reduce the extremely high burden of disabling conditions post-tumor, better
treatment options and management strategies are needed for pediatric CNS tumors.

In this chapter, we focused on characterizing the heterogeneity and determining
the transcriptomic alterations in the pediatric CNS tumors by performing single nuclei
RNA-seq on 84,700 nuclei from 35 tumors and 3 non-tumor pediatric brain tissue. Major
cell subpopulations were associated with specific tumor types. For example, we
identified significant proportions of oligodendrocyte precursor cell populations in
astrocytomas and sizeable proportions of unipolar brush-like cells with high stemness in
embryonal tumors. Our results delineated clear transcriptomic alterations between
tumors and non-tumor cells within the same cell types. Furthermore, we distinguished
pathways enriched in cell types of interest for therapy resistance and tumor progression,
like Aurora-B kinase and retinoic acid pathways in the neural stem cells.

Additionally, this chapter highlighted the importance of considering cell type
composition effects on transcriptomic alterations when comparing tumors to non-tumor
tissue. Although the number of genes that were significantly differentially expressed in
the cell type identity adjusted model were less than that of the unadjusted model, we
identified novel genes and pathways that would not have been determined to be
associated with each tumor type. We distinguished pathways that would otherwise have

been obscured that were associated with differentially expressed genes in the tumors by
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adjusting for cellular identity. These pathways included translation associated processes
and interferon gamma signaling.

We expanded on previously published bodies of work that demonstrated the
heterogeneous nature of pediatric CNS tumors by adding to the small patient tumors that
had been published and by adding novel tumor types that have not yet been
characterized using single cell genomics technologies. We also compared cell type
populations in various pediatric CNS tumor types to non-tumor pediatric brain tissue that
has not been explored previously to our knowledge. The results from this chapter
suggest cell type-specific and tumor type-specific targets for potential therapies. Lastly,
we advocate for the consideration of differences in cell type composition when

comparing tumors to non-tumor tissues.

5.1.3. Chapter 4: Hydroxymethylation alterations in progenitor-like cell
types of pediatric central nervous system tumors are associated with

transcriptional changes

While recent single cell genomics technologies have significantly improved the
way we can characterize single cell types and cell states as shown in Chapter 3, due to
the barriers in cost and challenges in computational analysis, bulk tissue
characterization and comparisons remain very consistently used. While bulk tissue
molecular measures may not provide the level of granularity as in single cell genomics
technologies, cell type composition effects can be accounted for using computational
methods.

As we observed in Chapter 3, pediatric CNS tumors are composed of
heterogeneous cell types. Most studies investigating DNA cytosine modifications in
pediatric CNS tumors have mainly applied bulk tissue approaches. While most other
published studies only utilized bulk tissue datasets, we were able to complement data
our bulk tissue cytosine modification data with matching single nuclei RNA-seq data. We

again applied a multi-omic approach by integrating cytosine modification profiles, bulk
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tissue and single cell gene expression profiles to investigate the epigenomic alterations
at the cell type level and its effects on the transcriptome.

Like the cell type composition effects on transcriptomic alterations found in
Chapter 3, we demonstrated the same cell type composition effects on DNA cytosine
modification alterations in the pediatric CNS tumors when compared to non-tumor
pediatric brain tissue. When proportions from major cell types present in the tumors and
non-tumor tissue were incorporated into the models for epigenome wide association
studies, the number of differentially hydroxymethylated CpGs and differentially
methylated CpGs decreased drastically. In some tumor types, no significantly
differentially hydroxymethylated or methylated CpGs were observed when adjusting for
cell type proportions. These results suggested that differentially hydroxymethylated or
methylated CpGs from our EWAS analyses in our small sample size were almost all due
to cell type composition differences.

Despite a reduced scope of CpGs whose modifications were associated with
pediatric CNS tumors compared to normal tissue, we utilized a computational approach
called CellIDMC®’ to identify CpGs that were associated with the tumors at a cell type-
specific level. At the cell type level, especially in progenitor-like cell types, we identified
thousands of CpGs that were differentially hydroxymethylated and even identified
differentially methylated CpGs that we were not able to detect at all from bulk tissue
EWAS analyses with adjustment for cell type. The differentially hydroxymethylated CpGs
in different tumor types were enriched in separate genomic contexts, suggesting tumor
type specific and cell type specific changes in hydroxymethylation contributing to the
underlying tumor biology.

Associations between hydroxymethylation and gene expression especially at the
cell type level have not been published in any tumor contexts to our knowledge. From
our integrative multi-omic approach, the results from this chapter revealed the
relationship between changes in gene expression with differential hydroxymethylation in

neuron-like cell types and in oligodendrocyte precursor cells across almost all pediatric
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CNS tumor types included in our study. Oligodendrocyte precursors cells had higher
gene expression levels for genes that had cell type specific differential
hydroxymethylated CpGs. Neuronal-like cell types had decreased gene expression
levels for genes that had cell type specific differentially hydroxymethylated CpGs. Two
genes widely suggested to play a role in tumor progression, HDAC4 and IGF1R, were
couple of examples of genes with differential hydroxymethylated CpGs and differential
gene expression at the cell type specific level.

Chapter 4 demonstrates epigenetic heterogeneity in pediatric CNS tumors and
the significant cell type-specific aberrations that exist in hydroxymethylation compared to
non-tumor pediatric brains. In addition, chapter 4 brings forth more clarity in the potential

roles of 5-hmC in regulating cell type-specific gene expression.
5.2. Perspectives and future directions

Research in the epigenetics field in the past few decades has established the
role of DNA methylation in many biological processes. However, studies of locus-specific
states and alterations of DNA hydroxymethylation have emerged much more recently. In
this thesis, | demonstrate the cell type specificity and the critical roles of DNA
hydroxymethylation in 1) epithelial-to-mesenchymal transition, 2) tumoral
hydroxymethylation alterations, with major distinctions from DNA methylation.

As epithelial-to-mesenchymal transition is a dynamic process, many studies have
focused more on molecular features that are more likely to be transient such as gene
expression or chromatin accessibility. However, as previous studies have shown that
DNA methylation and hydroxymethylation play key roles in normal developmental
processes, we aimed to understand cytosine modifications in single cells that are
undergoing EMT. In Chapter 2, we identified that intermediate/hybrid cell states
particularly have high levels of 5-hmC and are particularly distinct from the differentiated

cell states. As, intermediate EMT states are associated with higher levels of invasion
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and metastasis in tumors®®*, opportunities to exploit hydroxymethylation or TET enzymes
to halt EMT progression exist. In vitro and in vivo models to test for such hypothesis are
needed to experimentally validate whether interruption of EMT may be possible through
altering hydroxymethylation.

In addition, as our results illustrate the distinct cytosine modification profiles that
exist in the various EMT cell states, cell state/type deconvolution methods with both
hydroxymethylation and methylation may be utilized as biomarkers for assessing
potential for tumor progression and metastasis in patient samples. Current methods in
estimating EMT levels are generally restricted to gene expression or protein levels®’.
DNA cytosine modification-based methods to complement previously developed
methods can improve accuracy to estimate tumor progression and metastasis. To
develop a DNA cytosine modification-based deconvolution method for EMT, primary
tumor samples of various tumor types that have been associated with EMT should be
used. The primary tumors can be dissociated and FACS-sorted to isolate multiple cell
states in the EMT processes in real tumors. Differentially methylated and
hydroxymethylated CpGs associated with each isolated EMT cell states can be
determined to develop libraries for deconvolution. The deconvolution method then can
be used to first, compare FACS-based quantification of EMT cell state proportions,
second, be compared to existing methods for assessing EMT levels, and lastly, test for
associations between EMT cell state proportions and tumor progression and metastasis.

In the past five decades, the mortality rates for many cancer types have
drastically been reduced. While survival rates within pediatric CNS tumor types vary,
collectively, these tumors have still not have had the drastic reduction in mortality rates
seen in some other cancer types like hematological malignancies. Moreover, pediatric
CNS tumor patients face the highest cumulative chronic conditions after surviving their
initial tumors. The burden is largely due to the limited type of treatment options that are
currently available for pediatric CNS tumors. Many patients undergo radiation therapy as

one of their main treatment options. Radiation has been associated with later in life
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health effects such as decline in intellectual ability, strokes, seizures, short term memory
decline, and neuromuscular dysfunction®7-3392424%_Tg improve survival rates and
quality of life after tumors, novel treatment options and strategies need to be developed
for pediatric CNS tumors. To contribute to those efforts, we furthered the current
knowledge of transcriptome and epigenome of pediatric CNS tumors in chapters 3 and
4. Our dataset contributes >40% increase in pediatric CNS tumor sample size and >74%
increase in number of pediatric CNS tumor nuclei available for analysis. Moreover,
pediatric CNS tumor datasets that have measured single nuclei RNA-seq with DNA
cytosine madifications on the same tumors do not yet exist to our knowledge.
Furthermore, we demonstrate shared transcriptomic and epigenomic alterations to
suggest a tumor type-agnostic approach in identifying potential therapeutic targets as
these tumors are very rare in the general population. Results from chapter 3 indicates
that epigenomic alterations are essential features of pediatric CNS tumors, and
additional studies are needed to expand the understanding of other epigenomic features,
like histone modifications and chromatin structures. Multi-omic approaches, like ones
used for this body of work, for multiple epigenetic systems, will improve our
understanding of the critical epigenomic aberrations that underlies in these tumors. As
some single cell level epigenomic technologies like single cell ATAC-seq are
commercially and more readily available, chromatin accessibility at the single cell level
will complement what we have found with our single cell gene expression profiles and
cell type dependent DNA cytosine modification alterations.

In addition to furthering our understanding of the underlying biology of pediatric
CNS tumors, epigenomic profiling may serve to identify potential targets for treatment.
Limited clinical trials are investigating epigenetic modifier drugs in pediatric CNS tumors.
We identified some epigenetic modifiers like HDACA4 that have differentially
hydroxymethylated CpGs and differential gene expression across all our pediatric CNS
tumor types. Experimental evidence from in vitro and preclinical models targeting

epigenetic modifiers may lead to the development of novel approaches for treatment and
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may determine if survival and quality of life post-tumor could be improved. Few HDAC
inhibitors already have been FDA approved for other cancer types®®. As these drugs
have already been tested for safety, it may be clinically beneficial to repurpose these
drugs for pediatric CNS tumors.

In conjunction with potential neoadjuvant therapy targeting epigenetic modifiers,
future experiments testing for prospective adjuvant therapy is warranted. One source of
recurrence and therapy resistance in pediatric CNS tumors are the neural stem cells. In
chapter 3, our single cell gene expression experiment revealed sets of potential neural
stem cell type-specific targetable pathways like Aurora B kinase pathway and retinoic
acid pathway. From these sets of pathways, in vitro and in vivo models should be used
to validate each of the significant pathways. These results allow us to develop adjuvant
therapies for specific cell types that remain after surgical resections. Pediatric CNS
tumor mice models can be used to test if given adjuvant therapies for targeting validated
neural stem cell specific pathways will prevent recurrence or metastasis after primary
surgical resection.

Additional molecular characteristics on pediatric CNS tumors may be delineated
by featuring our current dataset. With our lllumina Human Methylation EPIC arrays on
bulk tumor tissue, we determined some copy humber variations in our pediatric CNS
tumors, particularly gain of chromosome 1q in the ependymomas. Chromosome 1q gain
in ependymoma have been well documented®®-583, While not too many copy number
alterations were identified, few other copy number alterations that were detected varied
among tumor types. Cell type level copy number alterations by incorporating the single
nuclei RNA-seq data may identify additional copy number alterations that may have
been obscured due to cell type compaosition of the tumors. It may also identify cell type
associated copy number alterations that may drive transcriptomic alterations and
cytosine madification alterations associated with the pediatric CNS tumor types.
Furthermore, although there were not too many non-tumor nuclei in most of our pediatric

CNS tumor samples, these sample matched non-tumor nuclei may be utilized to identify
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germline variants in these patients. While it may be difficult to call variants due to limited
depth of sequencing per nuclei, it still may be useful to identify the more prevalent
germline variants. This additional layer of germline variants may facilitate identifying
more pertinent molecular alterations associated with pediatric CNS tumors.

Adult brain and CNS tumors and even some pediatric CNS tumors have been
shown to be composed of heterogeneous cell types?®>:297:303-305,444,501,526,527,529,530,584-587
Supporting previous literature, our results from chapter 3 identify and enumerate the
heterogenous cell types that exist in pediatric CNS tumors. With a multi-omic approach,
our results from chapters 3 and 4 highlight the influence of heterogeneous cell type
effects on identification of gene expression and cytosine modifications. While we could
not deconvolute the more granular cell types in our data due to the current lack of
reference-based deconvolution methods for brain tissue or brain tumors, we were able to
utilize our single nuclei RNA-seq data to understand the cell type populations that exist
in these tumors. Moving forward, bulk tissue deconvolution methods specifically to be
used in normal or tumor brain tissue will be very beneficial to remove cell type specific
effects and to study cell-specific programs and alterations in tumors. Our results strongly
suggest that cell type specific 5-hmC marks should absolutely be incorporated in
deconvolution approaches that utilize DNA cytosine modifications.

In the DNA methylation-based classification method for CNS tumors, traditional
bisulfite treatment is used for methylation arrays. As mentioned in previous chapters,
traditional bisulfite treatment cannot distinguish between 5-mC and 5-hmC. A previous
investigation in the lab demonstrated that when only 5-mC specific signals from oxidative
bisulfite treated DNA are used for this method, the classifications changed from 5-mC +
5-hmC signals from bisulfite treated DNA?*%. In addition, our results from chapter 4
suggest a greater role of 5-hmC than 5-mC in the pediatric CNS tumors. Therefore,
there exists a potential for substantial improvement in accuracy and specificity of tumor
type classification when 1) cell type heterogeneity is taken into context and 2) 5-hmcC is

incorporated in the methylation-based classification methods.
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Because pediatric CNS tumors are so rare in the population, it is difficult to
accrue large enough sample size for high powered statistical analyses in a single center.
The samples used in chapters 3 and 4 were collected over a period of more than 20
years. While we have collected a sample size that are relatively larger than some of the
other published single cell genomics studies, it is still not particularly large. Moreover,
the cohort in these chapters is also restricted to a rural and ethnically homogenous
population in northern New England. To capture a broader and more generalizable
pediatric CNS tumor patient population, collaborative efforts from multiple institutions are
needed. Collaborative studies with demographically and geographically diverse groups
like International Childhood Cancer Cohort Consortium, Children’s Oncology Group, or
Pediatric Brain Tumor Consortium would improve generalizability and statistical power of
our studies of hydroxymethylation roles in pediatric CNS tumors.

In this body of work, | showed the importance of considering 5-hmC in addition to
5-mC. While hydroxymethylation marks have high potential of serving as effective
biomarkers in other published studies®**->?, there are few limitations that need to be
improved upon before it can be mainstreamed in the clinical space. One of the biggest
challenges with 5-hmC is that it is unable to detected after the tissue has been fixed in to
FFPE blocks due to formalin interaction with the hydroxymethyl mark. To be broadly
used in clinical settings, fresh frozen tissue needs to be preserved or DNA must be
extracted prior to fixation as currently most surgically resected or biopsied tissues are

currently stored in FFPE.

5.3. Concluding remarks

The studies included in this thesis explore the cell type-specific molecular
heterogeneity that exists in various cancer cell states and cell types. It also expands the
field’s current understanding of DNA cytosine modifications in different cancer contexts.

While most studies have really focused on 5-mC up to this point, studies within this
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thesis suggests that 5-hmC must be investigated separately from 5-mC. In addition,
works from this thesis suggests that incorporating both 5-mC and 5-hmC will
dramatically improve computational methods for cell type deconvolution and tumor type
classification. Lastly, the combined works of this thesis further establishes the
importance of accounting for cell type composition in transcriptomic and epigenomic
investigations that use bulk tissue as it can obscure critical molecular underpinnings of
diseases and hinder progress in understanding disease biology and developing novel

therapies.
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