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Abstract
Lymphomas are a heterogeneous group of hematological malignancies composed of
diseases with diverse molecular origins and clinical outcomes. Derived from immune
cells of lymphoid origin, lymphoma can arise from lymphoid cells present anywhere
in the body, from the spleen and lymph nodes to peripheral sites like the liver and
intestines. Current strategies for lymphoma diagnosis involve primarily histopathological examinations of the tumor biopsy, including cytogenetics and immunophenotyping. As more data becomes available, diagnoses may increasingly depend on
genomic features that define each disease. Classification of lymphoid neoplasms is
generally based on the cell of origin, or the lineage of the normal cell that the cancer is thought to arise from. Lymphomas can be classified into dozens of distinct
diagnostic entities, though any two patients with the same diagnosis may have very
different outcomes and molecular underpinnings, so we need to understand both the
commonalities of patients with the same disease and the unique features that may
require personalized treatment strategies. Patient prognosis in lymphoma depends
greatly on the type of lymphoma, ranging from nearly curable diseases with over 90%
five-year survival rates, to most patients dying in the first year in the worse entities.
Greater clarity is needed in the role of the underlying genomics that contribute to
these variable treatment responses and clinical outcomes.
Next-generation sequencing approaches allow us to delve into the molecular underpinnings of lymphomas, in order to gain insight about the origin and evolution of
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these diseases. High-throughput sequencing protocols allow us to examine the whole
genome, exome, epigenome, or transcriptome of cancer cells in tens to hundreds of
patients for each disease. As cost of sequencing is reduced, and the ability to generate
more data increases, we face increasing computational challenges to both process and
interpret the wealth of data available in cancer genomics. Developing efficient and
effective bioinformatics tools is necessary to transform billions of sequencing reads
into actionable hypotheses on the role of certain genes or biological pathways in a
specific cancer type or patient.
In this dissertation, I present several strategies and applications of integrative
computational genomics in lymphoma, with contributions throughout the research
process, from development of initial assays and quality control strategies for the
sequencing data, to joint analysis of clinical and genomic data, and finally through
follow-up experimental models for lymphoma.
First, I focus on two rare T cell lymphomas, hepatosplenic T cell lymphoma
(HSTL) and enteropathy associated T cell lymphoma (EATL), which are both diseases with very poor clinical outcomes and a previous dearth of knowledge on the
genetic basis of the diseases. We define the somatic mutation landscape of HSTL,
through application of exome sequencing and find SETD2 to be the most highly mutated gene. We further utilize the exome sequencing data to investigate copy number
alterations and show a significant survival difference between cases with and without
certain arm-level copy number alterations. Knockdown of SETD2 in an HSTL cell
line, followed by RNA sequencing, demonstrates the role of SETD2 loss in proliferation and cell cycle changes, linking the SETD2 mutations to a potential oncogenic
mechanism. Furthermore, we investigate the potentially targetable mutations in the
JAK-STAT pathway and demonstrate oncogenic downstream molecular phenotypes
and potential druggability of these mutations. In the enteropathy associated T cell
lymphoma study, we apply exome and RNA sequencing to a large EATL cohort. Our
v

findings show a significant role for loss of function mutations in chromatin modifiers
and JAK-STAT signaling genes. EATL can be separated into two subtypes, Type I
and Type II, which we show to have convergent genomic features, in the face of divergent gene expression. RNA sequencing data defines a distinct separation between
the two subtypes. Delving further into the role of SETD2 in these T cell lymphomas,
we generate a mouse model with a conditional knockout of SETD2 in T cells and
demonstrate a role for SETD2 in altering the lineage development of T cells.
To understand more about why certain genetic abnormalities are recurrent in
some disease entities and not others, we turn to the cell of origin for clues. We
pair two different lymphomas, Burkitt lymphoma and mantle cell lymphoma, with
their associated cells of origin, germinal center B cells and naïve B cells. These
closely related cell types have much in common as B cells, but from studies of their
transcriptomes, we know that there are many molecular differences that distinguish
the two. In this work, after looking more closely at mantle cell lymphoma genomics,
we look at the underlying chromatin markers that define the epigenomes of these B
cells. We test the association between chromatin markers and mutation rates of genes
between these two cell types and lymphomas, and find that genes with more open
chromatin may have a higher mutation rate, when comparing closely related cells and
lymphomas. Finally, I present my work on developing an RNA sequencing based
strategy for defining the complete transcriptome of diffuse large B cell lymphoma
(DLBCL). Gene expression profiling with microarray has shown the existence of two
subtypes in DLBCL, activated B cell like (ABC) and germinal center B cell like
(GCB). However, the role for non-coding RNAs, alternative splicing, and mutations,
in these two subtypes and the larger group is previously not well understood. We
develop a strand-specific RNA sequencing strategy that will allow the investigation
of the total RNA transcriptome in DLBCL, including microRNAs, lncRNAs, and
other important non-coding RNAs. Furthermore, we show that RNA sequencing can
vi

be used to distinguish the two subtypes, including through RNA sequencing based
mutation calls, as well as through differentially expressed lncRNAs that we define
for the first time in DLBCL.
Broadly, this dissertation contributes novel findings in the field of lymphoma
genomics, as well as presenting a framework for computational integrative genomics
that can guide future studies. The heterogeneity of lymphoma across cases requires
us to dive deep into individual diseases, even rare ones, as well as appreciate the
similarities and differences across lymphomas. To improve diagnoses, prognoses, and
treatment options, we need to understand the molecular origins of lymphoma. Using
a range of molecular and computational approaches, we can move closer to true
personalized medicine at the genomic level.
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1
Introduction

Lymphomas are a heterogeneous group of hematological malignancies composed of
diseases with diverse molecular origins and clinical outcomes. Derived from immune
cells of lymphoid origin (B, T, and NK cells), lymphoma can arise from lymphoid
cells present anywhere in the body, from the spleen and lymph nodes to peripheral
sites like the liver and intestines. Current strategies for lymphoma diagnosis involve
primarily histopathological examinations of the tumor biopsy, including cytogenetics
and immunophenotyping. As more data becomes available, diagnoses may increasingly depend on genomic features that define each disease. Classification of lymphoid
neoplasms is generally based on the cell of origin, or the lineage of the normal cell
that the cancer is thought to arise from. Lymphomas can be classified into dozens
of distinct diagnostic entities, though any two patients with the same diagnosis may
have very different outcomes and molecular underpinnings, so we need to understand
both the commonalities of patients with the same disease and the unique features
that may require personalized treatment strategies. Patient prognosis in lymphoma
depends greatly on the type of lymphoma, ranging from nearly curable diseases with
over 90% five-year survival rates, to most patients dying in the first year in the
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worse entities. Greater clarity is needed in the role of the underlying genomics that
contribute to these variable treatment responses and clinical outcomes.
Next-generation sequencing approaches allow us to delve into the molecular underpinnings of lymphomas, in order to gain insight about the origin and evolution of
these diseases. High-throughput sequencing protocols allow us to examine the whole
genome, exome, epigenome, or transcriptome of cancer cells in tens to hundreds of
patients for each disease. As costs of sequencing is reduced, and the ability to generate more data increases, we face increasing computational challenges to both process
and interpret the wealth of data available in cancer genomics. Developing efficient
and effective bioinformatics tools and pipelines is necessary to transform billions of
sequencing reads into actionable hypotheses on the role of certain genes or biological
pathways in a specific cancer type or patient.
In this dissertation, I present a compilation of my work using integrative computational genomics to assess the molecular origins and outcomes of several types of
lymphoma. Our findings lay the groundwork for future improvements in diagnosis,
prognosis, and treatment of lymphoma.

1.1 Molecular basis of cancer
To understand our approach to the projects presented here, we must first appreciate
that cancer is driven by genetic changes in the cell. The goal of much of our research
is to identify the cancer genes relevant to each disease subtype and characterize the
pathways through which they act. In this section, I review the concepts and research
behind the molecular and genetic basis of cancer.
From a genetic point of view, we can think of a tumor forming from the following
process. The evolution of a tumor begins with a single somatic cell. That cell
accumulates genetic changes in its DNA during routine cell division or just over the
normal course of its lifetime. Most will be repaired or corrected, but some remain
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and are fixed into the DNA. Those genetic changes drive changes in gene activity or
function which creates an altered phenotype. Deleterious changes will be subject to
negative selection. Positively selected cells may undergo a clonal expansion. This
process repeats with additional genetic changes. Eventually the process spirals out
of control, with the abnormal cells proliferating and avoiding cell death to the point
at which we observe cancer in a patient.
Researchers have long been trying to estimate how many independent genetic
events are required to cause tumorigenesis. Early estimates ranged from 4-7 events
per tumor [1], but more recent studies profiling hundreds of cancer types and thousands of patient samples have provided more data that shows a wide range across
individuals and cancer types. Cancers with a large heritable component may have
the first hit already present as a germline variant, but for the majority of cancers all
of the genetic changes leading to tumor growth occur somatically.
At the cellular level, cancer can be described in terms of the “hallmarks of cancer”,
presented by Weinberg and Hanahan [2, 3] in 2000 and updated in 2011. Malignant
cells are able to stimulate their own proliferation, ignore signals that direct cells
to stop growing or differentiate, and replicate continuously. They also may evade
apoptosis, or cell death, and stimulate angiogenesis, or formation of blood vessels,
to supply nutrients to the tumor. Malignant cells from solid tumors also develop
the ability to invade and metastasize. The 2011 update provided some additional
features that are common among cancers including deregulated metabolism, genome
instability, inflammation, and avoidance of immune surveillance. We can consider
these features as observable endpoints at the cellular level. To understand how
normal cells acquire these phenotypes, we need to look deep inside the cell at the
acquired mutations and the pathways they effect to link genetic changes to cancer
phenotypes.
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The majority of somatic mutations in cancer are likely acquired by normal DNA
damage during replication, transcription, and other normal processes in the cell.
Environmental effects such as smoke carcinogens or ultraviolet radiation are also
responsible for generating more mutations in the cell. Viruses are also an external
factor that plays a role in some cancers [4]. In lymphomas, another contributing
factor may be VDJ recombination and somatic hypermutation [5].
Increased mutation rates can be observed if DNA repair genes are lost (such as
MSH2 [6]) during the tumor evolution. Chromosomal instability, including aneuploidy or chromothripsis events[7], can also effect the mutation acquisition process.
Studies such as [8] have attempted to correlate observed patterns of mutations (such
as the frequency of C to G mutations vs. A to T mutations) with known sources of
mutation acquisition.
Mutations can be divided into several classes of mutation. Single nucleotide
substitutions (SNVs) are by far the most common. Within the protein coding region,
these can be either synonymous (not affect the amino acid used) or nonsynonymous
(changes the amino acid). Most nonsynonymous SNVs can also be called missense
mutations, but those that change the codon to a stop codon are called nonsense
mutations. Nonsense mutations result in a protein truncated early, while missense
mutations may allow for a full length protein with only one amino acid change. The
first somatic point mutation described in cancer was the HRAS codon 12 mutation
[9, 10].
Small insertions or deletions (indels) of 1 to tens of nucleotides can be categorized
as frameshift or non-frameshift. This is based on whether the size of the indel is
divisible by 3, or whether it causes a shift in the reading frame of the protein. A
frameshift mutation may causes a stop codon to appear early in the gene or may just
render all the remaining amino acids meaningless.

4

Large structural alterations comes in many forms and may be referred to as large
insertions or deletions, translocations, rearrangements, gene fusions, or copy number
gain or loss. Large chromosome arm level copy number gains and losses will be discussed in more detail in this work. Translocations involve the rearrangement of large
parts of different chromosomes. One of the most notable translocations in cancer is
the Philadelphia chromosome, which is a translocation between chromosomes 9 and
22, creating a fusing the genes BCR and ABL [11]. This particular translocation is
present in around 95% of chronic myelogenous leukemia (CML) cases.
Epigenetic changes, such as DNA methylation that can silence a gene, may also
occur, but will not be the focus of this introduction and research.
Why do we care about defining and describing all of types of somatic mutations
that we find in a tumor? The principle behind molecular profiling is similar to that
behind most of human genetics. If we believe a human disease has a strong genetic
basis, we expect that patients with similar clinical phenotypes also have similar
underlying genotypes. We group them together and look for commonalities in their
genotypes that distinguish them from a control group. In cancer, we apply the same
principle. We expect that tumors with a similar clinical and cellular phenotype
will have a similar genetic basis to their oncogenesis. We group them together into
diagnostic groups and profile their DNA and RNA, looking for mutations that unite
patients in that group. As we delve deeper into large molecular profiling datasets, we
find that this approach sometimes allows us to find unifying mutated genes, but also
identifies previously unappreciated molecular heterogeneity. From that observation,
we can hope to define more homogeneous groups based on the molecular features that
may behave more similarly in outcome and their response to clinical treatments.
“Cancer genes” are genes that have been annotated by the research community as genes recurrently mutated or otherwise involved in cancer. Lists of these
genes are maintained in databases such as COSMIC (http://cancer.sanger.ac.
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uk/census/), which currently contains around 600 cancer genes. As we continue to
accrue more and more sequencing data, this list will likely continue to grow, and it
becomes even more difficult to assign meaning to this list. One mutagenesis study in
mice suggest more than 3,000 genes may have the potential to contribute to cancer
development [12]. While some genes have an impact in many types of cancers, such
at TP53 and KRAS, others are much more specific to one cell type. It is generally
more meaningful to define cancer genes specific to one specific cancer subtype, such
as “bladder cancer genes”. However, even this classification has its own issues since
we do want to appreciate shared molecular features across cancer types. Another
large variation across the cancer genes and cancer subtypes is their typical prevalence. For example, in pancreatic cancer, KRAS is mutated in over 90% of cancers
[13]. In lymphomas, the most mutated gene often tops out at 20% [14].
One of the earliest classifications of cancer genes is whether they are considered
oncogenes or tumor suppressors [15–17].
Oncogenes have increased or altered gain of function activity in cancer. Oncogenes with abnormally high expression are often the product of translocations, as
with MYC in Burkitt lymphoma[18]. Other oncogenes are formed by hotspot missense mutations affecting crucial residues which render the protein constitutively
active, such as PIK3CA (E545K) in breast cancer [19] or KRAS (G12V) in pancreatic cancer [13].
Tumor suppressors, in contrast, are genes that are inactivated by mutation, and
their loss of function drives tumorogenesis. Mutations in tumor suppressors are often
frameshift indels or nonsense mutations, which result in truncation of the protein.
Epigenetic silencing, copy number loss, or large deletions are also often observed
in tumor suppressor genes[20]. Tumor suppressors often have mutations in both
alleles to knock out both copies, as first noted with the discovery of RB1 as a tumor
suppressor in retinoblastoma [16].
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Another way to categorize mutations and cancer genes is by their status as “driver”
or “passenger” mutations or genes. Driver mutations are those that have been positively selected for and confer some growth advantage to the tumor cells. Passenger
mutations are along for the ride, present in an ancestor cell when the driver mutation
was acquired. Most cancers have several driver mutations.
There are many bioinformatics and statistical approaches to identify driver genes
in cancer. From a list of somatic mutations in each gene across a cohort of patients,
there are several strategies used. First, based on the principle of positive selection,
driver genes are expected to have an excess of nonsynonymous mutations vs. synonymous mutations than that expected by chance and the overall mutation rate alone
[21]. Furthermore, across a group of patients, we expect that driver genes are recurrently mutated and show up in the cohort more often than expected by chance.
This can be problematic unless other factors are controlled for, such as gene size and
gene-specific background mutation rates [22]. Also, a gene playing the role of driver
may in fact be infrequent in one cancer type, so relying on global cancer data as a
reference can be helpful to recover these genes. Other approaches include mutual
exclusivity [23] and network-based approaches [24]. Of course, the most conclusive
approach to identifying driver mutations is to apply experimental assays to assess
the gain-of-function or loss-of-function activity of a particular mutation, but this is
immensely limited by throughput, so bioinformatic methods are needed to generate
hypotheses and prioritize driver genes for further investigation.
Although the gene is the most straightforward unit to work with in cancer genomics, much can be gained by grouping genes into pathways. Vogelstein, et. al in
2004 [25] described many of the relevant cancer pathways that we know today: apoptosis pathway (BCL2, FAS, BAX), PI3K pathway (PIK3CA, FOXO1A) SMAD pathway (EWSR1, TGFBR1, SMAD2), and receptor tyrosine kinase pathway (BRAF,
JAK2, EGFR), among others. In 2013, Vogelstein et. al [26], revised this list of
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pathways to include 12 overarching pathways that fit into the overall categories of
cell survival, cell fate, and genome maintenance. These overall pathways are useful for understanding the driving principles behind cancer pathogenesis, as well as
grouping similar genes for further analysis. In studying a particular disease, we may
want to zoom in to more precise pathways that are relevant to the cancer subtype,
such as MYC regulation or the NFκB pathway in DLBCL. One of the major ideas
in pathway analysis is mutual exclusivity of mutations in a pathway [24, 27]. When
examining a pathway that represents a highly utilized mechanism for oncogenesis,
we expect that only one driver mutation is needed in the pathway in each patient.
Using this concept we can look for significantly mutated pathways containing several
genes, including genes that might not stand out on their own. Furthermore, we can
identify novel groups of genes that might be acting together based on the mutual
exclusivity of their mutations.
One of the motivations for identifying somatic mutations in cancer is to identify
plausible drug targets, either through the discovery of novel cancer genes or through
finding known actionable genes mutated in new cancer subtypes. As we continue
probing the genomics of more and more cancer subtypes, it will be important to recognize the genetic similarities across cancers in order to rapidly re-purpose drugs for
a new subtype and improve clinical trial success. Some of the successful examples of
targeted therapies include imatinib targeting the BCR-ABL fusion gene in leukemia
[28, 29], trastuzumab targeting ERBB2 in breast cancer [30, 31], and gefitinib targeting EGFR in lung cancer [32]. Additional examples of targeted therapies under
development are described in [33].
Early techniques employed in cancer genomics included fluorescence in situ hybridization (FISH), comparative genomic hybridization, and quantitative PCR. The
age of high throughput profiling that allowed for assaying all genes at once was
revolutionized by gene expression microarrays.
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Gene expression analysis with microarray introduced the era of molecular based
classifiers for cancer subtypes. Unsupervised approaches were typically hierarchical or k-means clustering. The landmark paper by Golub et. al showed that gene
expression could distinguish acute lymphoblastic leukemia (ALL) vs. acute myeloid
leukemia (AML)[34]. The distinction between activated B cell like (ABC) and germinal center B cell like (GCB) diffuse large B cell lymphoma (DLBCL) was also
demonstrated based on hierarchical clustering of microarray data, as well as comparison of the cancer samples to expression profiles of normal B cells [35]. Supervised
approaches such as the support vector machine (SVM) and other such classifiers
were used to show that samples from 14 common cancer types could be diagnosed
based solely on gene expression[36]. The field of gene expression analysis in cancer
exploded from there with microarrays being applied in almost every cancer type to
look for subgroups, build molecular diagnostic tools, and identify gene expression
features associated with outcome.
Next generation sequencing transformed our understanding of the cancer genome.
The first whole genome sequencing studies in cancer focused on only one tumor
sample at a time [37–41], but recent studies have scaled up to tens or hundreds of
samples per disease, thanks to decreasing costs of sequencing [42, 43].
Early successes with exome sequencing technologies include discovering IDH1 and
IDH2 mutations in glioblastoma multiforme (GBM)[44], and identifying the IDH1
hotspot mutation to be specific to secondary GBMs. The Cancer Genome Atlas
(TCGA) and the International Genome Consortium (ICGC) have since conducted
many integrative genomics studies utilizing exome sequencing, as well as RNA sequencing, generating vast amounts of cancer genomics data for the community to
work with [45–47].
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Figure 1.1: Differentiation of immune cells and lymphomas associated with
specific cell types. Grey: early immune progenitor cells in the bone marrow. Dark
blue: myeloid lineage. Orange: early B cells. Red: germinal center and activated B
cells. Purple: post germinal center peripheral B cells. Light blue: early T cells
differentiating in the thymus. Green: peripheral T cells. Lymphomas are labeled in
red text near their cell-of-origin. Peripheral T cell lymphomas are further separated
into nodal, extranodal, cutaneous, and leukemic types.

Later in this chapter, I will discuss more details of the next generation sequencing techniques used in this dissertation, along with the associated computational
challenges.
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1.1.1

Hematopoietic differentiation and immune cells

Understanding cancer also requires a basic understanding of the normal cells that
cancers arise from. Here we will focus on immune cells and the stages of hematopoietic differentiation as a basis for understanding lymphoma.
As shown in Figure 1.1, all immune cells are derived from the hematopoietic stem
cell, which is pluripotent and self-renewing. The two main lineages are myeloid and
lymphoid. The myleoid line includes granulocytes, megakaryocytes, and macrophages,
among other cell types. The lymphoid line includes primarily B and T cells. In this
dissertation, I focus on lymphomas, which are derived from the lymphoid lineage, so
this introduction will focus on those cells.
Differentiation through different cell stages is thought to be driven by growth
factors, or cytokines, that push progenitor cells along the tree to certain types of
differentiated cells. These cytokines initiate signaling pathways, which activate transcription factors, which regulate the cell’s gene expression program.
Early differentiation steps occur in the bone marrow. Maturation of B cells occurs
primarily in regions of the lymph nodes called germinal centers. B cells enter the
germinal center as naïve B cells, which have undergone VDJ recombination but have
not been exposed to antigens. Upon antigen exposure, the cells proliferate rapidly
in the germinal center where they experience somatic hypermutation and affinity
maturation. The activated B cells then go on to become either memory or plasma
cells which can secrete antibodies.
Maturation of T cells occurs primarily in the thymus, although some T cells can
mature in the periphery. T cells can be categorized in several ways, either based
on the type of T cell receptor (αβ or γδ), or by CD4 and CD8 status. γδ are in
the minority, but are a unique subset of T cells that has a large population in the
gut (intraepithelial lymphocytes), and is thought to function at the border of the
11

adaptive and innate immune system. CD4+ T cells are referred to as the helper T
cells, which interact with other immune cells through cell-cell contacts and cytokine
production. CD8+ T cells are the cytotoxic T cells, or killer T cells, which are
capable of destroying the cells that present certain antigens.
Specific immune cell populations can be isolated for study based on their cellsurface markers. The gene expression patterns of different immune populations can
be distinguished by the differential expression of hundreds to thousands of genes,
forming the basis for many of the cell-of-origin classification system discussed below.

1.2 Lymphoma classification
Along with leukemias, lymphomas are cancers of the hematopoietic and lymphoid
systems. Lymphomas can be classified into dozens of different entities. Diagnosis is
based primarily on the cell of origin of the lymphoma, as well as site in the body
and many other histopathological markers identified through immunophenotyping
and cytogenetics.
The World Health Organization (WHO) is responsible for establishing the guidelines for diagnosis of lymphoma. The 2008 classification system is the basis the
lymphoma studies presented here, but the guidelines were recently updated in 2016
to take into account the many advances in the field since 2008. The diagnostic criteria
increasingly include genetic features, particularly characteristic rearrangements and
translocations, such as ALK in anaplastic large cell lymphoma and MYC/BCL2/BCL6
in high grade B cell lymphoma.
Highlighted in red in 1.1 are several of the lymphomas that will be discussed in
detail in this dissertation. From the B cell lineage, we discuss mantle cell lymphoma
(MCL) which is derived from naive B cells in the outer layer of the germinal center,
called the mantle zone. Burkitt lymphoma (BL) is a germinal center lymphoma,
which is divided into sporadic, endemic, and immunodeficiency-associated BL. We
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will also discuss diffuse large B cell lymphoma (DLBCL), and its two established
subtypes - germinal center B cell like DLBCL and activated B cell like DLBCL.
Plasma cell myeloma is another well studied aggressive B cell lymphoma.
From the T cell lineage, we can describe peripheral T cell lymphomas as those
that are nodal (AITL, ALCL), extranodal (EATL, HSTL, NKTCL), leukemic (ATL),
and cutaneous (CTCL). My T cell lymphoma research will focus on two extranodal T
cell lymphomas, enteropathy associated T cell lymphoma (EATL), which is derived
from the intraepithelial T lymphocytes (IEL) in the lining of the intestines, and
hepatosplenic T cell lymphoma (HSTL), which is derived from peripheral T cells in
the liver and spleen.
In the next section, I will discuss a few of the relevant studies and findings in the
genomics and transcriptomics of lymphomas.

1.3 Genomics and transcriptomics studies in lymphoma
Diffuse large B cell lymphoma (DLBCL) is the most common type of non-Hodgkin
lymphoma, and one of the most studied lymphoma types. Trying to address the
wide range in prognosis in DLBCL („50% of patients succumb to the disease), researchers took to gene expression profiling. These seminal studies by Alizadeh et
al., Rosenwald et al., and Wright et al. [35, 48, 49] revealed two subtypes of DLBCL - activated B cell like (ABC) and germinal center B cell like (GCB), as well
as an unclassified intermediate group. The subtypes were named based on supposed
cell-of-origin driven by their gene expression similarities to certain stages of normal
B cells. They found that these subtypes had prognostic implications, with ABC
DLBCL patients having significantly worse 5-year survival rate than GCB DLBCL
patients (26% vs. 62%). DLBCL patients in the era of this study were treated
with anthracycline-based therapy (CHOP). The addition of rituximab (R-CHOP),
an anti-CD20 monoclonal antibody, greatly improved outcomes. Some have argued
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that rituximab reduced the ABC-GCB prognostic difference [50], but it remains an
important distinction today, recognized in the 2016 WHO classification as official
subtypes of DLBCL[51]. Other microarray-based gene expression studies in DLBCL
include several that validate the ABC-GCB signatures in the rituximab era[52, 53].
Monti et al. in 2005 defined an alternative subtyping of DLBCL into groups that
likely correlate with the tumor microenvironment; these have not been extensively
validated as robust subtypes. Lenz et al. in 2008 [54] identified several gene expression signatures (proliferation, MHC class II, lymph node, and germinal center) which
had significant associations with survival.
Somatic mutations in DLBCL have been investigated by exome sequencing by our
group [14] and others [55, 56], as well as RNA sequencing [57]. These studies revealed
several new insights into DLBCL biology. First, there is previously unappreciated
heterogeneity in the mutational spectrum across patients with DLBCL. Zhang et
al. identified around 300 genes implicated with somatic mutations in DLBCL with
most mutated in less than 10% of cases surveyed. Second, there was a recognition
of the role of epigenetic modifiers in DLBCL, including CREBBP, EP300, KMT2D
(MLL2), KMT2C (MLL3), and MEF2B. Third, while many genes were mutated at
similar levels in ABC and GCB DLBCL, several differentially mutated genes were
indentified, including EZH2 and GNA13 mutated primarily in GCB DLBCL, and
MYD88, CD79B, CARD11, and TNFAIP3 in ABC DLBCL.
Gene expression and exome sequencing studies have also helped define the genomics of Burkitt lymphoma (BL). One of the defining features of BL is a MYC
translocation, as well as EBV positivity in almost all endemic cases and a large
proportion of sporadic cases.
Distinguishing Burkitt lymphoma from DLBCL is a diagnostic concern, since
they have some overlapping morphology and immunophenotyping features. BL often
requires a more intensive treatment regiment than DLBCL. Studies by Dave et al.
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and Hummel et al. in 2006 [53, 58] built gene expression classifiers to distinguish BL
from DLBCL.
Next generation sequencing of BL was taken on by several groups, through exome
sequencing by our group [59] and others [60]. RNA sequencing was used to define
mutations as well [61]. These studies revealed additional genomic drivers of BL
other than activated MYC. The primary findings were of ID3 and TCF3 mutations.
ID3 is a negative regulator of TCF3 and a transcriptional target for MYC. Other
implicated pathways are the PI3K pathway (PIK3R1 mutations), the SWI/SNF
family (ARID1A, SMARCA4), and the focal adhesion pathway (GNA13, RHOA).
Peripheral T cell lymphomas (PTCL) have also been the subject of gene expression profiling and next generation sequencing studies. Most PTCLs are aggressive
and have poor prognosis[62]. I discuss a few of the relevant studies here for context
of my T cell lymphoma projects.
Diagnosis of specific types of peripheral T cell lymphoma can be challenging, and
more than 30% cannot be further classified, instead labeling them as PTCL, not
otherwise specified (NOS) [62]. Furthermore, the rarity and diversity of the entities
makes their study even more challenging. Most of the entities lack appropriate cell
lines or animal models as well.
Many efforts have tried to further subgroup and characterize the diverse group of
tumors classified under PTCL NOS, although the results present a still complicated
picture with inconsistent subtyping [63–65]. Most recently, two subtypes of PTCL
NOS, characterized by high expression of either GATA3 or TBX21 were identified
to have prognostic and biological significance[65].
The next most common subtypes of PTCL are angioimmunoblastic T cell lymphoma (AITL) and anaplastic large cell lymphoma (ALCL). AITL is derived from
the follicular helper T cell [66, 67]. From the gene expression study of all PTCL
entities [65], AITL could be distinguished with a molecular classifier, which was re15

fined in [68]. ALCLs are divided into two groups based on the expression of ALK.
ALK + ALCLs have a defining translocation [69] and a significantly better outcome
(70-85% 5 year overall survival) than the ALK- ALCLs (30-49%). In several gene
expression studies [63, 70], both types of ALCLs could be distinguished from other
PTCL. These molecular classifiers of AITL and ALCL helped reclassify a significant
portion of the PTCL-NOS cases that could not be assigned based on traditional diagnoses. Gene expression studies have also investigated gene expression biomarkers
in adult T cell leukemia/lymphoma (ATL) [63] and natural killer / T cell lymphoma
(NKTCL) [71].
Next generation sequencing studies in PTCLs have exploded in the last few
years - peripheral T cell lymphoma (PTCL NOS)[72], angioimmunoblastic lymphoma (AITL)[72–75], natural killer T cell lymphoma (NKTCL)[76], adult T-cell
leukemia/lymphoma (ATL)[77], anaplastic large cell lymphoma (ALCL)[78], and cutaneous T cell lymphoma (CTCL)[79–82]. One of the major findings includes RHOA
(G17V hotspot), TET2, DNMT3A, and IDH2 as recurrently mutated genes in AITL.
DDX3X, JAK-STAT genes, and chromatin modifier genes (MLL2, ARID1A, EP300)
defined the landscape of NKTCL. JAK-STAT3 mutations were also found important
to the genomics of ALCL. The landscape of these mutations is discussed further in
the chapter 3 HSTL study.
The research presented in this dissertation tackles two understudied subtypes of
peripheral T cell lymphoma, enteropathy associated T cell lymphoma (EATL) and
hepatosplenic T cell lymphoma (HSTL), which both have very dismal prognoses.
From investigating their underlying genomics, transcriptomics, and clinical patterns,
we can learn more about their novel features and how to apply some of the therapeutic
advances in other PTCLs to these diseases much in need of progress.
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As described earlier, one of the major goals of sequencing projects in cancer is to
identify therapeutic targets. Several notable oncogenic pathways have been identified
in B and T cell lymphomas as possible drug targets.
The NFκB pathway is activated in ABC DLBCL [83], with mutations in CARD11,
TNFAIP3 [14], TRAF2, TRAF5 [83], and amplifications in MALT1 and BCL2 [84].
NFκB inhibitors like bortezomib are an attractive option to improve the survival of
ABC DLBCL [85]. NFκB also comes up in T cell lymphomas through T cell receptor
signaling (mutations in CARD11, IKBKB, RELA, NFKBIA, and others), as noted
in the ATL sequencing study [77].
The PI3K pathway is disrupted in BL and DLBCL, and is a promising therapeutic
target [86, 87]. PTCL gene expression studies also found the PI3K pathway to be
activated in the GATA3 subgroup.
The JAK-STAT pathway is aberrant in many lymphoma types. Activated STAT3
is a feature of ABC DLBCL which may be mitigated by STAT3 inhibition [88]. Mutations in the JAK-STAT pathway also play a big role in many of the T cell lymphomas,
including NKTCLs [89]. Ruxolitinib, a JAK1/2 inhibitor is also a promising drug
for targeting the JAK/STAT pathway.
Additional possible therapeutic targets in B and T cell lymphomas are reviewed
in [90, 91].
1.3.1

Cancer genomics sequencing technologies and bioinformatics tools

Next generation sequencing of the human genome has been utilized for numerous
genomics studies over the years. Here I will discuss some of the techniques and
challenges specific to sequencing and bioinformatics in cancer samples. Figure 1.2
gives an overview of the types of samples, sequencing protocols, and analysis methods
that I’ve utilized in my research presented here.
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Figure 1.2: Overview of cancer genomics sequencing samples, protocols, and
analysis. The three columns represent the flow of RNA sequencing (left), exome
sequencing (center), and ChIP sequencing (right). The top row shows the initial
biological samples. The next row shows the intermediate material, followed by the
sequencing libraries. All protocols go through the sequencing step. The bottom
half of the figure shows the analysis steps including spliced alignment and
differential expression for RNAseq, significantly mutated genes and copy number
calls for exome sequencing, and peak calling and chromatin patterns.
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Three issues related to the physical tumor biopsies present challenges to cancer
sequencing. The first is quantity; large surgical resections dominated the early days
of cancer genomics, but diagnostic biopsies in many cancers are often quite limited
in size and number of cells. With a limited quantity of DNA/RNA, techniques such
as whole genome amplification can help, but have their own caveats [92]. Our lab
has worked to optimize and rigorously test protocols to be able to sequence reliably
from small amounts of input DNA and RNA.
The next issue is quality of DNA/RNA. Most available cancer samples are preserved as formalin-fixed paraffin-embedded (FFPE) blocks. Especially in rare cancers
such as HSTL and EATL, access to samples stored as fresh-frozen is quite limited.
We need to be able to deal with lower quality DNA and RNA that comes from these
FFPE blocks in order to work with these samples [93]. In chapter 6, I present some
of our work in optimizing the RNA sequencing process in FFPE samples.
Finally, tumor purity becomes an issue in many of our sequencing studies. Tumor biopsies are inherently a mixture of cells. There’s a mix of malignant and
non-malignant cells, which implies a mixture of normal and cancer genomes and
transcriptomes. There’s also intratumor heterogeneity, with different clones also
containing variation in their genomes. In chapter 2, I address some of the methods I
developed to assess tumor purity from copy number data. Below, I introduce some of
the somatic mutation calling strategies that take this heterogeneity and purity into
account.
Exome sequencing
The exome represents the protein-coding region of the genome, about 1% of the total
genome. Some of the first (non-cancer) exome sequencing papers were published in
2009 and 2010 [94, 95]. Since then, it has become a strategy of choice to optimize
the ratio of interpretable data to cost in cancer sequencing studies. Furthermore,
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capturing the whole exome with „20,000 genes allows for identification of somatic
mutations in all genes, compared to selected resequencing of only known cancer genes,
which limits discovery.
As shown in the middle column of Figure 1.2, exome sequencing in our lab typically begins with DNA extraction from either the primary lymphoma tissue or the
patient matched normal tissue (peripheral blood, buccal swab, or normal bone marrow biopsy). Following DNA extraction and QC of the DNA, a whole genome library
is prepared through fragmentation of the DNA, adapter and barcode ligation, etc.
The positive selection of only the exome region is the final step, using DNA baits
designed to match the exome sequences [96]. Ideally, all regions of the exome would
be present in equal quantities in the final solution, but uneven capture can be driven
by sequence bias (GC content) and can be an issue downstream. After the final
library is prepared, it is submitted for for short read paired-end Illumina sequencing
(„150 bp per read). The number of reads needed to achieve a certain coverage (50x)
can be calculated based on the size of the captured exome („50 Mb) and the size
of the reads, with some estimate of how many reads will be on-target, covering the
intended regions of the exome (60-85%). More detailed explanation of the exome
sequencing method is included in chapter 2.
The bioinformatics pipeline for any sequencing data begins with quality control
of the sequencing reads, checking the number of reads produced for each sample and
the base quality of those reads. The next major steps for exome (or whole genome)
data are alignment to the genome and calling variants, with intermediate steps of
base recalibration and indel realignment. In order to run these processes reliably on
hundreds of tumor and normal samples, we automate this process through a pipeline,
which strings together independent programs in a computationally efficient manner.
To increase our initial sensitivity in variant calling, we use the union of two types
of variant callers. The first is a caller designed for normal diploid samples, such as
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samtools mpileup[97] or GATK’s unified genotyper[98]. This type of variant caller
has two key features. The first is that it generally expects heterozygous variants
to be observed in 50% of the sequencing reads. The second is that it can borrow
information across samples to strengthen the call in a samples with less compelling
evidence. Both of these features improve the calls of germline variants and work
reasonably well on high allelic frequency somatic variants. For sensitive detection of
somatic variants, we use a program called Mutect [99], which has two major advantages. First, it removes the assumption for 50% allele frequency for variants, which is
appropriate for somatic variants that are subclonal, or in lower purity tumors. Second, it can jointly consider the paired tumor and normal samples, to more effectively
filter out germline variants than when genotyping tumor and normal separately.
False positive somatic mutation calls can come from either sequencing error in the
tumor (need high coverage to distinguish this from low allelic fraction mutations),
or from a failure to detect the mutation in the normal sample (usually due to low
coverage). The second type of error can be reduced by filtering out mutations that
are observed frequently in the general population. FFPE samples can have additional
artifactual errors, particularly manifesting as (C->T,G->A) due to deamination in
the degraded DNA. False negative mutation calls can occur due to insufficient tumor
coverage, or any of the related issues due to low allelic fraction, heterogeneity, ploidy,
etc.
Another challenge we face is how to utilize the variant calls in samples without
matched normal tissue available. Typically, we use only samples with paired normal
tissue as the discovery set (as seen in the HSTL and EATL studies in this dissertation), to limit the list of genes discovered to those with confirmed somatic mutations.
Then we can use the ever growing panels of population variant frequencies [100–102]
to eliminate common and rare variants that are not likely to be somatic.
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In the analysis of mutated genes, we want to answer two questions to determine
the driver genes involved with the lymphoma of interest. First, is the gene mutated in
a statistically significant fashion across the sample set - is it recurrent? Models such
as that in [22] can help answer that question. Second, are the mutations and/or the
gene biologically significant? We can look at each mutation individually and consider
the computational prediction scores for how damaging a mutation can be [103, 104].
Furthermore, we can consider the pattern of the mutations in the gene. Does it
exhibit the patterns discussed above for a classic oncogene or tumor suppressor? Our
knowledge about cancer genes implicated in other lymphomas and other cancers can
also help identify specific mutations or genes that are interesting findings, regardless
of their dataset frequency. The mutational heatmap at bottom of Figure 1.2 shows
an example of the findings from this type of driver gene analysis.
As shown in Figure 1.2, the other major analysis from cancer exome sequencing
data is to look for copy number rearrangements. Most copy number data in cancer genomics was derived from array based measurements and low coverage whole
genome data [105, 106], but exome sequencing can be utilized as well. Sequencing
based approaches are not saturated for high copy number amplifications and can
potentially give higher resolution and specific breakpoints. The approach is based
on the ratio of reads observed in a tumor sample and a normal sample, after correcting for GC and exome capture biases using normal samples. When paired normal
samples are missing, a pool of unpaired normal samples can more than adequately
correct for the biases inherent in the sequencing protocol [107]. See more details in
chapter 2 on copy number calling methods.
RNA sequencing
RNA sequencing (RNAseq) in cancer genomics is utilized to capture a genome-wide
snapshot of the presence and quantity of the RNA molecules present in a tumor or
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cell line sample. The general overview of the RNA sequencing pipeline is shown in
the left column of Figure 1.2.
RNA sequencing provides many advantages over microarrays. Early uses demonstrated the power of RNAseq to discover gene fusions and chimeric transcripts [108].
As costs of sequencing decreased and multiplexing technologies improved, RNAseq
eclipsed microarrays for cost of quantifying gene expression. In addition to being
cheaper, RNAseq was also free of some of the technical restrictions of microarrays.
It offered a greater dynamic range and greater reproducibility than microarrays [109].
Furthermore, without predefined probes, RNAseq is able to identify novel transcripts,
which is especially interesting for cancer applications. Reads covering splice junctions can identify alternative splicing patterns as well. Additionally, RNAseq can be
used to uncover non-coding RNAs, such as lincRNAs, using one assay.
Since mutations in the DNA are transcribed into the RNA, we can also utilize
RNA sequencing to identify somatic mutations. Weaknesses to RNAseq variant
calling include difficulty calling variants in lowly expressed genes and variability in
sensitivity from gene to gene, as well as additional artifacts introduced by RT-PCR
and RNA editing[41]. However, I will discuss in chapter 6 the utility of using RNAseq
to capture both mutations and gene expression.
The RNAseq wet lab protocol begins with RNA extraction (tumor samples or
cell lines). Most of the data presented in this dissertation is based on total RNA
sequencing. Instead of positively selecting mRNA using poly-A selection, we instead
deplete the highly abundant ribosomal RNA, leaving behind coding and non-coding
RNAs of interest. This approach is necessary for FFPE samples, since the RNA
may be too degraded to select using the poly-A tail. RNA is converted into cDNA
with reverse transcriptase, followed by adapter ligation, and pcr amplification before
sequencing. In chapter 6, I will discuss using capture baits to improve the quality of
the RNAseq data.
23

The downstream analyses for RNAseq begin with a rigorous quality check for
RNAseq data. RNAseq data, especially from tumor samples, has many more potential quality issues than exome sequencing data. We test for adapter sequences present
(if the fragments are too small compared to the read length), and low quality bases
to trim away. Random priming creates a biased base distribution in the first few
bases of the reads which can be removed as well. In more degraded samples, we can
see a large fraction of ribosomal RNA remaining, which can manifest as a large GC
bias in the data (discussed more in chapter 6).
Alignment of RNAseq data can be achieved by direct alignment of the reads to the
transcriptome or by spliced alignment to the genome. Spliced alignment is a more
challenging algorithm but allows for identification of novel splicing patterns. One
downside of alignment to the genome is that reads might align with a better score to
a non-expressed pseudogene than to the true expressed gene with a spliced alignment.
We employ a hybrid strategy, aligning first to the known human transcriptome,
followed by spliced alignment to the genome with the remaining reads [110].
The next major step in the pipeline is transcriptome assembly and expression
quantification. Transcriptome assembly is necessary when one of the goals is to
identify novel transcripts (as discussed in chapter 6). Expression quantification can
use the generated assembly or the known human transcriptome reference to assign
expression values to each transcript or gene [111].
Outside of the true expression level of the transcript, there are two main factors
influencing how many reads are observed mapping to that transcript. Longer transcripts will have more reads assigned to them than shorter transcripts. Additionally,
the total number of reads sequenced per sample will affect the count of reads in a
transcript. These are the basis behind the expression unit of RPKM: Reads Per Kilobase of transcript per Million reads mapped [109]. When the data is from paired-end
reads, or fragments, the term is FPKM.
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The expression level for a gene is simply the sum of all the expression levels of
its different isoforms or transcripts. However, estimating this accurately has been
a subject of much discussion in the literature. While reads may have a unique
mapping to the genome, there can still be ambiguity in their assignment to a specific
transcript. Some count-based methods approach this by taking the exon-union [109,
112] or exon-intersection approach [113] when counting reads assigned to each gene,
however these approaches do not perform as well for alternatively spliced genes and
may reduce power [114]. Isoform expression methods use a likelihood model to handle
the uncertainty and calculate the gene expression estimate that best explains the
read distributions observed [111]. These approaches have impacts on downstream
differential expression, with the isoform-based method more robust to changes in
isoform usage as well as overall gene expression level[114].
Overall, variations in these methods can overcome some of the technical issues in
quantifying and comparing gene expression, but beyond the statistical significance
of any differences, biological interpretation must be done with care. For example,
in RNAseq from tumor samples, we might observe many differentially expressed
genes that are from non-malignant surrounding epithelial or stromal cells. Tumor
content or purity, which may or may not be of clinical relevance, can often drive
large variability in gene expression. Gene set enrichment, or comparisons to other
known gene expression profiles, can help pinpoint which signals are biologically and
clinically relevant.
ChIP sequencing
Chromatin immunoprecipitation sequencing (ChIPseq) is the third sequencing protocol shown in Figure 1.2, which allows us to capture a picture of the epigenetics of
normal or cancerous cells. Epigenetic dysregulation plays a significant role in cancer
pathogenesis [115]. The epigenetic background of normal cell is also important for
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cancer, since it may have a significant impact on mutation rate and transcriptional
deregulation[116, 117].
In the cells of interest, the first step of ChIPseq is to crosslink together proteins
and DNA, to preserve the interactions between proteins that are bound to DNA. The
DNA is then fragmented into small pieces, still bound to the proteins. Antibodies
specific for the proteins of interest are used to positively select for only the DNAprotein complexes that bind to those antibodies. The crosslinking is then reversed,
and DNA is purified and prepped for a sequencing library similarly to whole genome
libraries. Since this process can also result in non-specific DNA in the library, another control sample is prepared with a generic antibody. Given the selection for a
potentially small amount of DNA bound to the protein of interest, a large amount
of starting material is often required for ChIPseq [118–120].
In my research, the cells of interest were normal B cells, isolated by flow cytometry. The proteins of interest are the histone proteins that make up nucleosomes,
which DNA is wrapped around to package and condense DNA into chromatin. Histones are modified by methylation, which marks that region of the DNA for increased
or decreased transcription. Methylation occurs on lysine (K) residues on the tails
of the histones. Antibodies that are specific to these methylated lysine residues are
used in ChIPseq. Examples are H3K4me3, which stands for trimethylation of the 4th
lysine on histone H3. H3K4me3 present at the gene promoter typically indicates an
expressed gene and open chromatin[121], while another marker, H3K27me3 indicates
a repressed gene and more closed chromatin[122].
After QC (as described for exome data), processing of ChIPseq data begins with
alignment of the genome of the sample and its control [123]. Regions of the genome
where reads are enriched, compared to the background noise level and compared to
the control, are called peaks [124]. These regions indicate areas where the protein
of interest (in this case a specific histone marker) was bound to DNA at the time of
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crosslinking. Since the original input is a mixture of cells, the resulting sequencing
data is a mixture of signals, but those that are present in enough cells will be identified
as significant peaks. Many of the histone markers are present in the promoter regions
of genes rather than in the gene body itself, so we can attribute promoter peaks to
the gene downstream to get gene level data[125].
1.3.2

Overview of Results

In this dissertation, I present several strategies and applications of integrative computational genomics in lymphoma, with contributions throughout the research process,
from development of initial assays and quality control strategies for the sequencing
data, to joint analysis of clinical and genomic data, and finally through follow-up
experimental models for lymphoma.
In chapter 2, I present the methods associated with the following research chapters, including more detail on the tumor purity and copy number calling methods
utilized in these studies.
In chapter 3 and 4, I focus on two rare T cell lymphomas, hepatosplenic T cell
lymphoma (HSTL) and enteropathy associated T cell lymphoma (EATL), which are
both diseases with very poor clinical outcomes and a previous dearth of knowledge on
the genetic basis of the diseases. In the HSTL study, we define the somatic mutation
landscape of 68 cases, through application of exome sequencing and find SETD2 to
be the most highly mutated gene. We further utilize the exome sequencing data to
investigate copy number alterations and show a significant survival difference between
cases with and without certain arm-level copy number alterations. Knockdown of
SETD2 in an HSTL cell line, followed by RNA sequencing, demonstrates the role
of SETD2 loss in proliferation and cell cycle changes, linking the SETD2 mutations
to a potential oncogenic mechanism. Furthermore, we investigate the potentially
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targetable mutations in PIK3CD, STAT3, and STAT5B ad demonstrate oncogenic
downstream molecular phenotypes and potential druggability of these mutations.
In the enteropathy associated T cell lymphoma study (chapter 4), we apply exome
and RNA sequencing to a cohort of 69 EATL cases. Our findings show a significant
role for loss of function mutations in chromatin modifiers, including SETD2, JAKSTAT signaling genes, as well as contributions from many other recurrently mutated
genes. EATL can be separated into two subtypes, Type I and Type II, which we
show to have intriguing convergent genomic features, in the face of divergent gene
expression. RNA sequencing data defines a distinct separation between the two
subtypes, defined by interferon gamma signaling and natural killer-like cytotoxicity
gene expression signatures. Delving further into the role of SETD2 in these T cell
lymphomas, we generate a mouse model with a conditional knockout of SETD2 in
T cells. In this work, flow cytometry analysis demonstrates an intriguing role for
SETD2 in altering the lineage development of T cells.
To understand more about why certain genetic abnormalities are recurrent in
some disease entities and not others, we turn to the cell of origin for clues. In the
work presented in chapter 5, we pair two different lymphomas, Burkitt lymphoma and
mantle cell lymphoma, with their associated cells of origin, germinal center B cells
and naïve B cells. These closely related cell types have much in common as B cells,
but from studies of their transcriptomes, we know that there are many molecular
differences that distinguish the two. In this work, after looking more closely at
mantle cell lymphoma genomics, we look at the underlying chromatin markers that
define the epigenomes of these B cells. We test the association between chromatin
markers and mutation rates of genes between these two cell types and lymphomas,
and find that genes with more open chromatin may have a higher mutation rate,
when comparing closely related cells and lymphomas.
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Finally, in chapter 6, I present my work on developing an RNA sequencing based
strategy for defining the complete transcriptome of diffuse large B cell lymphoma
(DLBCL), the most common non-Hodgkin lymphoma entity. Gene expression profiling with microarray has shown the existence of two subtypes in DLBCL, activated
B cell like (ABC) and germinal center B cell like (GCB). However, the role for noncoding RNAs, alternative splicing, and mutations, in these two subtypes and the
larger group is previously not well understood. We develop a strand-specific RNA
sequencing strategy that will allow the investigation of the total RNA transcriptome
in DLBCL, including microRNAs, lincRNAs, and other important non-coding RNAs.
Furthermore, we show that RNA sequencing can be used to distinguish the two subtypes, including through RNA sequencing based mutation calls, as well as through
differentially expressed lincRNAs that we define for the first time in DLBCL.
Broadly, this dissertation contributes novel findings in the field of lymphoma
genomics, as well as presenting a framework for computational integrative genomics
that can guide future studies. The heterogeneity of lymphoma across cases requires
us to dive deep into individual diseases, even rare ones, as well as appreciate the
similarities and differences across lymphomas. To improve diagnoses, prognoses, and
treatment options, we need to understand the molecular origins of lymphoma. Using
a range of molecular and computational approaches, we can move closer to true
personalized medicine at the genomic level.
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2
Materials and Methods

2.1 Sample acquisition and processing
2.1.1

HSTL and EATL

HSTL and EATL tumors and normal tissues were obtained from institutions that
constitute the Hematologic Malignancies Research Consortium[126] and Tenomic
Consortium. Genomic DNA was extracted via standard silica based column methods.
Patient tumor and normal samples as well as clinical data were collected according
to institutional review board guidelines. This study was conducted in accordance
with the Declaration of Helsinki.
2.1.2

MCL

Mantle Cell lymphoma (MCL) tumors (N=56) and normal tissue (N=28) were obtained from the institutions that constitute the Hematologic Malignancies Research
Consortium (HMRC) [126]. All tumors contained over 90% malignant cells. These
cases were anonymized, shipped to Duke University, and processed in accordance
with a protocol approved by the Institutional Review Board at Duke University.
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2.1.3

DLBCL

Archival DLBCL lymphoma tumors from 87 patients were obtained from the institutions that constitute the Hematologic Malignancies Research Consortium[126]. All
tumors contained over 90% malignant cells. These cases were anonymized, shipped
to Duke University, and processed in accordance with a protocol approved by the
Institutional Review Board at Duke University. RNA and genomic DNA were extracted from these 87 cases in addition to 25 DLBCL cell lines using column-based
methods described previously[126].

2.2 DNA and RNA sequencing library preparation
2.2.1

Exome capture and library preparation

Genomic DNA was sheared to 250 bp using the Covaris S2 platform. Exome capture libraries were prepared as described previously[14]. Briefly, genomic DNA was
sheared to 250 bp and size/concentration were verified using Bioanalyzer (Agilent
Technologies). Sheared DNA was end-repaired, A-tailed, and ligated to Illumina
paired-end adapters. The resulting libraries were amplified using Illumina PE specific primers. Samples were column purified and the size and quantity of the final
libraries was determined using Bioanalyzer (Agilent Technologies). The resulting
libraries were then hybridized overnight to DNA baits provided in the SureSelect
Human All Exon 50MB kit (Agilent Technologies). The captured libraries were
amplified and sequenced using the Illumina platform.
2.2.2

Tumor RNA sequencing library preparation (EATL)

RNA was extracted and assessed for quality using the Agilent Bioanalyzer RNA
Pico chip. Ribosomal RNA was depleted using a custom RNaseH method similar to
other published methods[127, 128]. 1μg of total RNA was hybridized with 1μg of a
custom DNA oligo mix tiling the 18s, 28s, 5.8s and mitochondrial rRNA sequences
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(Supplementary Table 6). Each sample was then RNaseH treated to degrade complementary rRNA sequence and DNase I (New England Biolabs) treated to degrade
the DNA oligo mix. The remaining rRNA depleted samples were then purified using
the RNeasy Mini Kit as directed (Qiagen). The Kapa Stranded RNA-Seq Kit was
used to generate stranded Illumina sequencing libraries (Kapa Biosystems). Briefly,
RNA was hybridized to random primers, followed by first-strand cDNA synthesis,
second-strand cDNA synthesis with marking, A-tailing, ligation of Illumina pairedend adapters with 8 bp barcodes, and 9 cycles of PCR amplification. Reactions were
purified with Agencourt AMPure XP beads where necessary. Paired end, library
prepped RNA was captured using SureSelect Exome V6+UTR capture baits from
Agilent Technologies[129]. The quality and quantity of the final captured libraries
was assessed using the Bioanalyzer from Agilent Technologies. Libraries were multiplexed in equimolar amounts and sequenced as paired-end 50-bp (100 bp) reads on
an Illumina HiSeq Sequencing System.
2.2.3

Tumor RNA sequencing library preparation (DLBCL)

RNA was extracted from 112 DLBCL cases from member institutions that comprise
the Hematologic Malignancies Research Consortium as described previously[126].
RNA was treated with DNase I (New England Biolabs, Ipswich, MA) then analyzed
for quality using the RNA 6000 Pico Kit and the Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA). 1-5ug of total RNA was treated with RiboZero
rRNA Removal Reagent (Epicentre, Madison, WI) and then qualitative analysis was
performed on the Bioanalyzer to ensure 18S and 28S rRNA peaks were no longer
present. 0.5-50ng of rRNA-depleted total RNA was used to generate RNA sequencing libraries using the ScriptSeq v2 RNA-Seq Library Preparation Kit (Epicentre,
Madison, WI). Libraries were prepared to a mean size of 300-500 base pairs and analyzed using the High Sensitivity DNA Kit with the Bioanalyzer. Libraries were then
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diluted 1:10,000 and analyzed using the Kapa Library Quant Kit (Kapa Biosystems,
Woburn, MA) on the LightCycler96 (Roche Diagnostics, Indianapolis, IN). The samples were then normalized for accurate loading on the Illumina Hiseq2000 platform
(Illumina, San Diego, CA) where sequencing generated nearly 4 billion reads for
analysis.
2.2.4

SETD2 shRNA sequencing library preparation

Total RNA was isolated from cell lines using the RNeasy Mini kit (Qiagen). The Agilent Bioanalyzer was used to assess RNA integrity, and all samples had RNA Integrity
Number (RIN) >8. Stranded RNA-seq libraries were prepared from „500ng of highquality total RNA using the KAPA Stranded mRNA-Seq Kit, with KAPA mRNA
Capture Beads as directed. Briefly, mRNA was selected and purified followed by
fragmentation, random priming, first-strand cDNA synthesis, second-strand cDNA
synthesis with marking, A-tailing, ligation of Illumina paired-end adapters with 8 bp
barcodes, and 9 cycles of PCR amplification. Reactions were purified with Agencourt
AMPure XP beads where necessary. Samples were then assessed for yield and quality
using the Agilent Bioanalyzer DNA1000 kit. Libraries were multiplexed in equimolar
amounts and sequenced as paired-end 75-bp (150 bp) reads on an Illumina MiSeq
Sequencing System. Average number of reads was 17 million reads per sample, with
average alignment rates over 90%.

2.3 Sanger sequence validation
DNA regions of interest were amplified using primers designed to target exonic regions containing the variant, as described previously 15. PCR amplification was performed using 50 ng genomic DNA of interest, 2X Phusion HF MM (NEB, M0531S),
and 250 nM of each primer in a 20μL reaction volume. Touchdown PCR amplification was carried out using the following program: 95 °C 5:00, 10 cycles of 94 °C 0:30,
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65 °C 0:30, 72 °C 0:30 with the annealing temperature dropping 1 °C/cycle, 25 cycles
of 94 °C 0:30, 55 °C 0:30, 72 °C 0:30, 72 °C 1:00. The amplified fragments were verified by Agarose gel, and reactions were purified with ExoSAP-IT using manufacturer
instructions (Affymetrix, 78250).

2.4 ChIP sequencing experimental protocol
2.4.1

B cell isolation

Tonsils were obtained according to IRB guidelines from patients undergoing routine tonsillectomy at a North Carolina hospital. Mononuclear tonsillar B cells were
prepared as described previously[130] and stained with the following antibodies: antiCD19-PE-Cy5.5 (Invitrogen, Carlsbad, CA), anti-CD27-PE, anti-CD38 and anti-IgD
(BD Biosciences, San Jose, CA). Stained cells were sorted with a FACS Vantage
sorter (BD Biosciences, San Jose, CA) into naïve B cells (CD19pos IgDpos CD27neg
CD38pos ), GC B cells (CD19pos IgDneg CD38pos ), and memory B cells (CD19pos IgDneg
CD27pos CD38dim ).
2.4.2

Chromatin immunoprecipitation (ChIP) and sequencing library preparation

Flow-sorted B cells were immediately cross-linked with 1% formaldehyde in PBS for
10 minutes at room temperature and the cross-linking was quenched with 0.125 M
glycine. The nuclei of the cross-linked cells were spun down after lysing the cells in
Farnham buffer supplemented with proteinase inhibitor (Complete Mini, Roche) for
5 minutes, and was further lysed in RIPA buffer containing 0.5% SDS supplemented
with PI at a density of 20 million cells per 1 ml buffer. Three freeze (dry ice) and
thaw cycles were applied to the nuclear lysate to facilitate lysing. The nuclear extract
was divided into 300-400 μL aliquots and sonicated on a Diagenode Bioruptor for
45-50 cycles to shear the chromatin DNA into fragments with median size around 200
bp. After sonication, the nuclear extract was diluted 5 times in ChIP dilution buffer
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Table 2.1: ChIP antibodies for ChIP sequencing in B cells
Antibody
Anti-H3K4me3
Anti-H3K4me1
Anti-H3K27me3
Anti-H3Ac
Anti-PolII
Anti-H3K36me3

Vendor
Millipore
Abcam
Millipore
Millipore
Santa Cruz
Abcam

Cat#
07-473
Ab-8895
07-449
06-599
Sc-899x
Ab9050

Lot#
DAM1619901
733246
DAM1588246
DAM1588236
C2411
GR36737-1

Isotype
Rabbit
Rabbit
Rabbit, polyclonal
Rabbit, polyclonal
Rabbit, polyclonal
Rabbit, polyclonal

(0.01% SDS, 1.1% Triton X-100, 2 mM EDTA, 16.7 mM Tris-HCl PH8.0, and 167 mM
NaCl) and incubated overnight at 4 °C with 3-5 μg of each of the following antibodies
coupled to magnetic beads (Invitrogen, 112.03D): anti-H3K4me3 (Millipore, 07-473),
anti-H3K4me1 (Abcam, ab-8895), anti-H3K27me3 (Millipore, 07-449), anti-H3Ac
(Millipore, 06-599), anti-PolII (Santa Cruz, sc-899x) and anti-H3K36me3 (Abcam,
ab-9050). Isotype-matched IgG control antibodies were used in parallel as negative
control. One tenth volume of the nuclear extract applied in each ChIP was used
to obtain input DNA control. After immunoprecipitation, the beads were washed 5
times with ChIP wash buffer (Santa Cruz, sc-45002) and once with TE buffer. The
immunoprecipitated complex was eluted in 200 μL elution buffer (1% SDS and 0.1M
NaHCO3), along with input DNA diluted in elution buffer, and reverse cross-linked
at 65 °C overnight. The samples were subsequently digested with proteinase K and
RNase A at 37 °C for an hour, and DNA was purified using QiaQuick PCR clean-up
columns. ChIP-enriched DNA was PCR-validated for enrichment at specific gene
loci comparing to the input and IgG controls. Sequencing libraries were prepared
using the Illumina Genomic DNA Sample Prep kit (FC-102-1001) according to the
provider’s protocol. Sequencing was carried out on a GA II platform.
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2.5 Exome sequencing bioinformatics
2.5.1

Exome sequencing alignment

Reads in FASTQ format[131] were pre-processed with GATK[98] version 3.2-2 to remove Illumina adapter sequences (analysis type -T ClipReads, -XF illumina.adapters.fa)
and Phred-scaled base qualities of 10 and below (-QT 10) as described previously[14,
59, 132]. After GATK processing, reads were mapped to the hg19 reference genome
using Burrows-Wheeler Aligner version 0.7.7 (BWA mem -M -p)[133]. Output was
converted to BAM format with SAMtoolsLi2009 version 0.1.19.
All alignments were output as BAM files and merged using Picard version 1.96
(http://picard.sourceforge.net). PCR/optical duplicates were marked by Picard. Base quality recalibration was performed using GATK in order to generate a
more accurate base quality score that takes into account its reported quality score in
the original FASTQ file, position within the read, and sequence context, for example
AC and TG dinucleotides. To improve accuracy and quality of alignment, localized
indel realignments were performed using GATK, which infers the consensus indel call
from multiple reads mapping to suspected indel genomic regions, rather than considering each read independently. Regions that should be realigned are determined
by the GATK Realigner Target Creator.
2.5.2

Variant calling and annotation

SAMtools[97] mpileup with settings "-C50 -m3 -F0.0002" was run on all cases and
output to a single VCF file. The mpileup settings (http://samtools.sourceforge.
net/mpileup.shtml) do the following: "-C50" limits the contribution of reads with
many mismatches, and "-m3 -F0.0002" is used to maximize sensitivity to indel discovery by requiring 3 supporting reads at a minimum of 0.02% abundance, rather
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than the default abundance cutoff of 0.2%. Each variant was required to have an
instance of genotype quality greater than 30 and read depth greater than 5.
For all samples for which paired normal DNA was available, MuTect version
1.1.7[99] was used to detect truly somatic variants, which are absent in the normal
germline DNA (tumor LOD score cutoff set to 4.5 for increased sensitivity). MuTect
was also run on all human tumor exome samples in order to take advantage of the
increased sensitivity for low allelic fraction variants. MuTect called variants were
merged with mpileup variants for downstream processing.
Individual SNVs and indels from human exomes were annotated with gene names,
predicted function, population frequencies, and other annotations using Annovar
(http://wannovar.usc.edu/)[134]. Annovar takes as input genomic coordinates
and variants, and outputs alteration (amino acid change, frameshift, stop gain, etc.),
scores from various predictors including SIFT[104], Polyphen-2[135], and CADD[103],
as well as any observed frequencies in the NHLBI 6500 Exomes Sequencing Project
[100], 1000 genomes project[101], and dbSNP.
2.5.3

Variant filtering and identification of driver genes

The first round of variant filtering required variants to be absent from control populations (NHLBI 6500 Exomes Sequencing Project, 1000 genomes project, in-house
normal exomes, and EATL paired normals). We also required variants to have a frequency within the EATL dataset <30% for SNVs and <5% for indels (to eliminate
obvious alignment artifacts), and to not have missing data in >50% of the samples.
Highly recurrent SNVs required outside support from COSMIC and/or the literature. Furthermore, variants were filtered out that lie in genomic regions with high
duplication scores. Finally, the variant had to have an alternate allele read depth of
at least 3, total read depth of at least 5, and an allele frequency of at least 5% in
one sample.
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Next, we formed our discovery gene set using all genes implicated with at least
one somatic event in our paired cases, as shown in the separation of discovery and
validation sets in the genomic heatmaps in the HSTL and EATL studies. Within
these genes, we required these genes to be expressed in T cells (FPKM>1) and to
not be overly variable in the normal population (restrictions on number of variants
in the 6500 exome project and number of variants over gene size). Most importantly,
to identify EATL cancer genes, we required genes to have at least 3 not-synonymous
events across at least 4 cases out of the highly filtered variants discussed above.
Additional steps to identify drivers involved requiring a high proportion of identified
variants in a gene to have high CADD scores, and be completely absent in population
databases, and for the gene to have a high ratio of not-synonymous to synonymous
events.
2.5.4

Pathway analysis of mutated genes

The 37 significantly mutated genes from the MCL study were investigated further
for their potential roles in known functional pathways that may be implicated in
MCL. Using Gene Ontology, KEGG pathways, and other pathways described in
GSEA MSigDB (http://www.broadinstitute.org/gsea/msigdb/index.jsp), the
enrichment of this set of mutated genes in known gene lists. Enrichment was considered significant at an FDR q-value less than 0.05 on the distribution P pX “ kq “
` ˘` ´K ˘ `N ˘
p Kk Nn´k
q{ n , where k is the observed number of genes in the set, n is the total
number of genes being considered, K is the total number of genes in the gene set,
and N is the total number of genes in the genome.
2.5.5

Copy number calling

Copy number from exome sequencing data was generated using the EXCAVATOR[107]
tool, in both the pooled and somatic mode. All tumor samples were run in pooled
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mode, against a pool of EATL normal samples, thus controlling for any population
variation, and artifacts generated in the exome sequencing process. Reported alterations were confirmed to occur somatically in the paired samples, via the paired
mode of EXCAVATOR. Normals were also run against other normals to confirm no
significant alterations in the paired normal samples and control for any remaining
artifacts. This program evaluates read depths at each exon, based on the exome capture bait BED file, and normalizes based on the paired or pooled normals provided.
Smoothing of the exon level data provides the copy number segmentation.
Next, the program output was input into GISTIC 2.0[136], to determine significant arm level copy number changes in the EATL dataset. Significant arm level
alterations in the EATL tumors from GISTIC were selected for further investigation,
and filtered against any alterations that were returned as significant in the normal
dataset. Furthermore, to call sample level arm level amplification and deletions we
returned to the EXCAVATOR data and performed a rank-sum test between the
exon level data of each arm of each sample against data from all other arms in that
sample. To call a sample altered in that chromosome arm, we required that this
test had a significant p-value (<0.01) after correcting for multiple testing with a
Bonferoni correction, as well as a significant increase/decrease in the tumor/normal
ratio, equivalent to one copy gained or lost in a 10% pure tumor, as the minimum.
Again, arms that are significant in any of the normal samples are removed. GISTIC
runs were repeated with only the Type I or only Type II samples separately and
alterations with significant q-values in those runs were also included.
In the HSTL study, samples with significant loss of 7p and gain of 7q are labeled as
isochromosome 7q. Samples with both 8p and 8q gains are labeled as trisomy 8. High
agreement was observed between isochromosome 7q calls from exome sequencing data
and FISH calls, as seen in Table 2.2.
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Table 2.2: Agreement between FISH and Exome Iso7q Calls in HSTL.

Exome No Chr 7 Alterations
Exome 7q Amp Only
Exome Iso7q Present

2.5.6

FISH Iso7q Absent
7
1
1

FISH Iso7q Present
0
2
12

HLA genotyping

HLA genotyping was performed using EATL tumor and normal exome sequencing
FASTQs and the PHLAT algorithm[137]. The PHLAT python package was run using
Python 2.7 and Bowtie2 (2.1.0). When possible, tumor and normal FASTQs were
merged for analysis, since the HLA genotype that we are interested in is the germline
genotype. Tumor and normals were also assessed separately and were found to have
a high degree of concordance. Supplemental Table S4 shows the genotypes for DQA1
and DQB1, the two genes most relevant for establishing the celiac disease-associated
HLA type. The serotype group was inferred from the DQA1 and DQB1 genotypes
as shown in Table 2.3
Table 2.3: HLA genotypes that are known to be associated with celiac disease by
serotype and genotype
Serotype Group
DQ2 Homozygous (2.5)
DQ2 Heterozygous (2.5)
DQ2 Homozygous (2.2)
DQ2 Heterozygous (2.2)
DQ2 Homozygous (2.5/2.2)
DQ8 Homozygous
DQ2 (2.5) / DQ8
DQ2 (2.2) / DQ8
DQ8 Heterozygous
Other

Genotypes
DQA1*05:01, DQB1*02:01 and DQA1*05:01, DQB1*02:01
DQA1*05:01, DQB1*02:01 and other genotype
DQA1*02:01, DQB1*02:02 and DQA1*02:01, DQB1*02:02
DQA1*02:01, DQB1*02:02 and other genotype
DQA1*05:01, DQB1*02:01 and DQA1*02:01, DQB1*02:02
DQA1*03:01, DQB1*03:02 and DQA1*03:01, DQB1*03:02
DQA1*05:01, DQB1*02:01 and DQA1*03:01, DQB1*03:02
DQA1*02:01, DQB1*02:02 and DQA1*03:01, DQB1*03:02
DQA1*03:01, DQB1*03:02 and other genotype
Not any of the previously listed genotypes
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Celiac Disease Associated
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No

2.6 Copy Number, Tumor Purity, and Allele Frequencies
Our current practices in somatic mutation calling rely primarily on presence / absence
calls for a mutation. Generally, we treat all mutations equally once we determine
that the mutation is confidently detected in the tumor. However, there is more
information in the sequencing data that we could take advantage of, primarily the
observed allele frequency. I define the observed allele frequency as the number of
reads supporting the variant allele divided by the total number of reads at that
position.
The observed allele frequency can inform our analysis of somatic mutations in a
few ways: (1) In cases where paired normal is not available, we cannot be entirely
confident if a variant with rare population frequency is a somatic mutation or a
germline variant. The observed allele frequencies of these variants can help in this
distinction. In tumor samples with low tumor purity (percentage of the tissue sample
that is tumor cells compared to infiltrating and surrounding normal cells), germline
variants will have observed allele frequencies of 50% but somatic variants will have
significantly lower allele frequencies. (2) Since variant detection sensitivity can be
linked to allele frequencies, we may observe sample to sample variation in numbers
of somatic variants called. This variation may be driven by the effect of tumor purity
on observed allele frequencies. If we can recognize this problem and correct for tumor
purity, we may increase our sensitivity and overall effectiveness of mutation calling.
(3) In the problem of identifying driver vs. passenger somatic mutations, one factor
that we want to consider is in what proportion of the tumor cells is a particular
mutation present. I will define this proportion as the clonality score of a particular
mutation. For example, we might hope to show that STAT5B and SETD2 have high
clonality scores in HSTL tumors, while other less important mutated genes have
lower clonality scores, suggesting they came along later in the tumor evolution.
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Figure 2.1: Estimating tumor purity from copy number. The plot shows example
copy results from an HSTL tumor sample. Each chromosome is colored differently
for distinction. The individual dots show exon level copy number estimates, while
the black line shows segmented copy number. Indicated with arrows are regions of
the genome that have large arm level amplifications or deletions that are assumed
to be one copy gained or lost. The y-axis indicates log2 of the ratio of tumor copy
number over normal copy number.

Our current practices in somatic mutation calling rely primarily on presence /
absence calls for a mutation. Generally, we treat all mutations equally once we
determine that the mutation is confidently detected in the tumor. However, there is
more information in the sequencing data that we could take advantage of, primarily
the observed allele frequency. I define the observed allele frequency as the number
of reads supporting the variant allele divided by the total number of reads at that
position.
The observed allele frequency can inform our analysis of somatic mutations in a
few ways: (1) In cases where paired normal is not available, we cannot be entirely
confident if a variant with rare population frequency is a somatic mutation or a
germline variant. The observed allele frequencies of these variants can help in this
distinction. In tumor samples with low tumor purity (percentage of the tissue sample
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that is tumor cells compared to infiltrating and surrounding normal cells), germline
variants will have observed allele frequencies of 50% but somatic variants will have
significantly lower allele frequencies. (2) Since variant detection sensitivity can be
linked to allele frequencies, we may observe sample to sample variation in numbers
of somatic variants called. This variation may be driven by the effect of tumor purity
on observed allele frequencies. If we can recognize this problem and correct for tumor
purity, we may increase our sensitivity and overall effectiveness of mutation calling.
(3) In the problem of identifying driver vs. passenger somatic mutations, one factor
that we want to consider is in what proportion of the tumor cells is a particular
mutation present. I will define this proportion as the clonality score of a particular
mutation. For example, we might hope to show that STAT5B and SETD2 have high
clonality scores in HSTL tumors, while other less important mutated genes have
lower clonality scores, suggesting they came along later in the tumor evolution.
Allele frequencies from germline and somatic variants can also improve our copy
number analysis in tumor samples. Our current pipelines for copy number analysis
from exome sequencing or whole genome sequencing rely entirely on the number of
total reads in any genome segment. If one region has an increased copy number from
2 to 3, we expect to see more reads in the region compared to copy number 2 regions
in the genome. In low purity tumors in particular, detecting the true signal from
the noise from total read numbers can be difficult. In regions that have true copy
number alterations, we should also see a corresponding shift in the observed allele
frequencies of all variants (unless it is a balanced alteration, a gain or loss of both
chromosomes). In addition to eliminating false positives and confirming true signal
from traditional copy number analysis, allele frequencies could be used to pick up
regions that have lost heterozygosity but maintained a diploid copy number (loss of
one chromosome and gain of the other chromosome). Those alterations would be
missed in an analysis of just the total read numbers.
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Current models that try to jointly model copy number, purity, and clonality
scores include Absolute[138] and PyClone[139], among others. Interestingly, these
popular models do not take advantage of the information in germline variant allele
frequencies at all. Furthermore, we have found that some of these models generate
results that don’t make much sense in the context of lymphoma tumor samples,
such as suggesting multiple entire genome duplications, in order to make the data fit
the model. Therefore, there seems to be open questions about how to best jointly
or separately model each of these components to generate reasonable answers and
hypotheses about the full genomic picture of a lymphoma tumor sample.
Currently, I am using the Mutect variant caller for analysis, because Mutect is our
most sensitive variant calls and includes variants down to low allele frequencies. This
program also automatically outputs the reference and variant allele read counts for
calculating allele frequencies. This approach needs to be augmented with indel calls
and allele frequencies. I define true positive somatic variants as those which Mutect
calls "keep". I define rare variants using annotated the population frequencies from
the ESP dataset. True positive germline calls are currently defined as those with a
high ESP population frequency (>0.05).
Since we need an estimate of tumor purity in order to interpret somatic mutation
observed allele frequencies, I currently estimate tumor purity from the Excavator
copy number (CN) calls. This approach keeps the tumor purity estimate somewhat
independent from its use in allele frequency analysis. See Figure 2.1 for a representation of these copy number calls. Here we define tumor purity of the j t h sample as
Tj .
ObservedCN Score “ pTj ˚ pT umorCN q `p1 ´ Tj q ˚pN ormalCN qq{pN ormalCN q
We can assume normal copy number is 2. The other important assumption here
is that we only use regions where we believe the copy number alteration is only a gain
or loss of one copy. This can be identified either based on knowledge of the biology or
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karyotype information (i.e. assume amplifications of chromosome 8 in HSTL are all
trisomy 8, and not more than 3 copies), or based on taking the copy number altered
regions with the smallest deviations from normal. Then the formula simplifies to the
following in the case of a copy number gain, and we can solve for Tj .
Observed CN Score “ pTj ˚ 3 ` p1 ´ Tj q ˚ 2q{2
With a fixed Tj estimate from copy number calls, we can write the model for
observed allele frequencies,
P ij “ Tj ˚ Cij ˚ Mij
where i indexes the variant and j the sample. Cij is the clonality score of a
particular variant; Pij is the true observed allele frequency (ignoring the effect of
random sampling); Mij is the true allele frequency for the copy number state of
variant ij. Mij is taken from [0.5, 1, 0.33. 0.66] for diploid or triploid copy number
state in the tumor. The actual observed allele frequency kij „ BinomialpMij , nij q
to account for the sequencing depth and uncertainty in sampling.
Application of this method to determine clonality of key driver mutations is shown
in the HSTL study in Chapter 3.
Figure 2.2 shows how allele frequencies of germline variants can help reveal and
support copy number alterations, in conjunction with the total read-depth approach
of Excavator. HSTL sample 1654 has a normal chromosome 1, and we see that the
vast majority of the allele frequencies (y-axis) are clustered at 0.5 and 1. Chromosomes 7 and 8, well known to be altered in HSTL, show a split of the heterozygous
variant allele frequencies, supporting a gain and/or loss in these chromosomes. Using
the germline variants as additional evidence for copy number alterations is helpful
to reduce false positive calls in the noisy exome data.
In many of our tumor cases, we lack a matched paired normal, so we often rely on
population allele frequencies to help filter down to likely somatic variants. Figure 2.3
shows how we can use allele frequencies as a further tool to identify those rare
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Figure 2.2: Germline allele frequencies match read-depth copy number. The top
row shows read-depth copy number for 3 example chromosomes: chr1 with no
significant copy number alteration, chr7 with a complex pattern of amplifications
and deletions, and chr8 with one extra copy. The bottom row shows the
corresponding patterns when plotting observed allele frequencies for germline
variants. Red lines show smooth segmented estimates for both data types.

variants that are more likely to be germline based on their 0.5 allele frequency. This
is especially helpful at the gene level, where we can assume that a set of somatic
mutations in a gene should not all have high allele frequencies around 0.5, so we can
again reduce false positives by taking into account this additional information in our
gene filtering.
Figure 2.4 shows how deviations from normal patterns of allele frequencies can
identify hypervariable genes that have unreliable variants. MUC12, MUC6 (mucins),
KRTAP5-5 (keratin), and OR812 (olfactory receptor), are genes that we might filter
out of our variant analysis due to a large total number of variants, but here we see
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Figure 2.3: Allele frequencies of candidate somatic variants. Each point
represents a candidate somatic variant. The x-axis shows the observed allele
frequency for that variant. The y-axis shows the average allele frequency for the
germline variants surrounding that candidate somatic variant. The left side shows
only confirmed somatic variants when using the paired normal to filter. The right
side shows variants filtered without the normal, but using population databases.
The cluster of candidate variants with allele frequencies around 0.5 are likely
germline variants.

that another sign of questionable variant reliability is allele frequency. These genes
have a large number of variants in close proximity in genomic space that span allele
frequencies from 0.5 to 0. This is likely due to mapping difficulties encountered when
reads have so many variants in them, lowering the mapping rate of reads from the
variant allele.
Figure 2.4 also shows examples of some somatic variants in driver genes. Combining a purity estimate from copy number analysis, and the copy number state from
nearby germline variants, we can estimate the "clonality score" for any somatic mutation. These somatic variants in STAT3 and TP53 lie in a normal copy number state,
as shown by the 0.5 clustering of germline variant allele frequencies. The green line
shows the purity estimate for that sample, and the blue line shows purity/2, which
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Figure 2.4: Allele frequencies of hyper-variable genes vs. driver genes. The top
row shows somatic variants from known driver genes, STAT3 and TP53. The
bottom section shows candidate somatic variants from hyper-variable genes. The
x-axis is genomic location in all plots. The y-axis is observed allele frequency in all
plots. The red dots show the candidate somatic variant. The blue dots show
germline variants with population frequencies greater than 0.05. The horizontal
lines mark allele frequencies of interest. The hyper-variable genes have clusters of
wide-ranging allele frequencies in their germline variants, suggesting that variants
in these genes should likely be considered as false positive artifacts.
48

is the expected allele frequency for a variant with a 100% clonality score. We see
that the TP53 and STAT3 variants are at or above the blue line.

2.7 RNA sequencing bioinformatics
2.7.1

RNA sequencing alignment and expression quantification

RNA sequencing reads are first trimmed for removal of adapter sequences and low
quality bases with Trimmomatic[140] (version 0.32; adapters:2:20:7:1:true, leading:5,
trailing:5, slidingwindow:4:10, minlen:21). Next reads are aligned with Bowtie2[141]
(version 2.1.0, with local alignment) against a custom human ribosomal RNA reference built by searching the NCBI nucleotide database for Homo Sapiens ribosomal
RNA, rRNA molecule type. Remaining reads are aligned with TophatTrapnell2012
(version 2.0.9) to the human hg19 transcriptome (Ensembl v74), with remaining
reads aligned to the hg19 genome. Expression quantification is done using Cuffquant
and Cuffnorm[111] (version 2.2.0, cuffquant -u -b ). FPKM values from Cuffnorm
are used in downstream analysis.
2.7.2

Transcriptome assembly (DLBCL)

Transcript reconstruction was performed using Cufflinks v2.1.1[111] using -G option
and providing the GTF annotation file (Ensemble, release 60) for all 78 ssRNASeq DLBCL samples by specifying strand information using library type argument.
Cuffcompare utility program in the Cufflinks suite was used to merge assembled
transcript for the replicate samples in DLBCL. We then obtained a high confidence
list of transcripts by requiring that transcripts have FPKM > 1 in at least 30% of
the replicates.
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2.7.3

Differential expression and gene set enrichment analysis

In the EATL study, samples were filtered for quality, and genes that had a median
expression greater than 0 in the dataset were used for further analysis. Differentially
expressed genes were identified using Student’s t-test and fold change (FDR<0.1,
fold change > 1.5X). Principal component analysis, volcano plots, and differential
expression tests were all performed using Matlab (R2016a). Gene set enrichment
was run as a hypergeometric test comparing each gene set to the list of differentially
expressed genes between Type I and Type II EATL. The MSigDB Hallmark, KEGG,
and REACTOME gene set lists were used for comparison. Ranked list gene set
enrichment using GSEA[142] was also run using the same gene sets. Enrichment plots
across the ranked list are generated using the GSEA software and gseapy (http:
//pydigger.com/pypi/gseapy). False discovery rate correction is done for both
differential expression and gene set enrichment according to the Benjamani-Hochberg
method.
Differentially expressed genes between ABC and GCB DLBCL were identified using log2 transformed Cufflinks-generated FPKM data. Significant features, including
both protein coding and non-coding RNAs, were selected using permutation testing
on the t-statistic between the two groups (Benjamini and Hochberg false discovery
rate < 0.1). Additionally, significant features had significant fold changes between
the two groups (p<0.05 permutation test, and log2 FC>0.5).
2.7.4

Gene set enrichment analysis for SETD2 shRNA KD

Genes with low expression values across the 6 different samples (3 controls and 3
SETD2 A3 shRNA knockdown samples) were filtered out, which resulted in „12,000
genes. Differentially expressed genes were identified using Student’s t-test. Genes
were ranked based on their t-statistic and pathway enrichment was computed using
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GSEA[142]. The top 20 genes in the significantly enriched pathways were visualized
as a heatmap using the gplots library in R version 3.2.2.
2.7.5

Variant Calling in RNA sequencing

Variant calling was performed by Samtools mpileup (v0.1.19). Variants were annotated with gene name and functional annotations using Annovar. Rare variants
were selected by filtering against normal controls and the ESP6500 dataset (frequency<0.001). Additional RNA-seq and FFPE specific filters were applied to eliminate alignment errors and strand bias. Finally, non-synonymous SNVs were selected
for further analysis.

2.8 Microarray bioinformatics
2.8.1

Microarray data from public sources (BL, MCL, B cell)

All gene expression microarray data is from the Affymetrix Human Genome U133
Plus 2.0 platform. Burkitt Lymphoma (BL) gene expression microarray CEL files
were downloaded from http://llmpp.nih.gov/BL/ [58]. BL samples (23) were included if they had both BL molecular diagnosis and BL or Atypical BL for original diagnosis. Mantle Cell Lymphoma (MCL) gene expression microarray CEL
files were downloaded from Gene Expression Omnibus (GEO), accession number
GSE21452[143]; all 64 samples were used for analysis. Germinal center and naïve
B cell gene expression microarray is from Zhang et al. 2009[130], GEO accession
number GSE12366.
2.8.2

Processing microarray data and selecting significant genes

BL, MCL, and B cell expression CEL files were normalized together using RMA[144].
Differentially expressed genes between naïve and GC B cells were selected using a t-
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test p-value less than 0.05, absolute fold change greater than 1, and mean expression
greater than 5.5.
2.8.3

Patient sample classification in DLBCL

The tumor samples were profiled at the gene expression level using Affymetrix Human
Gene 1.0 ST arrays. The gene expression data were used to classify the DLBCL
cases into ABC DLBCL and GCB DLBCL using a Bayesian approach as described
previously[49].

2.9 ChIP sequencing bioinformatics
2.9.1

Alignment and peak calling

The B cell ChIP-seq and mock samples were aligned to the reference human genome
(HG19) using Bowtie[123]. Significantly (P<0.0001, FDR<5%) enriched peak regions were detected using the MACS software[124] using the following parameters
(–nomodel, –shiftsize=100, –bw=250, –mfold=10,30, -w -S, -g hs, –pvalue=0.0001).
2.9.2

Characterizing ChIP-seq reads in gene regions

For each pair of ChIP marker and B cell sample (naïve and GC), a score was calculated for each gene in a similar fashion to RNA-seq RPKM. Specifically, for each gene
region (5 kb padded on either side), the number of aligned reads to fall in that gene
region were counted using coverageBed from the BEDtools suite[145]. This number
is divided by the length of the gene region in base pairs, and again by the total
number of aligned reads in that particular sample, to adjust for coverage differences.
The scores were multiplied by 1 billion to get to a reasonable number range and log2
transformed. Transcription start and stop sites for each gene were extracted from
RefSeq. Gene region BED files, padded by 5kb on either end of the transcription
start and stop sites, were generated in hg19 using BedTools. Differences between
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naïve and GC were calculated simply by subtracting the GC score from the naïve
score for corresponding genes and markers.
2.9.3

Open chromatin calculation

The open chromatin score for each gene is defined as the sum of H3K4me1, H3Ac, and
H3K36me3 individual gene scores. Differences between naïve and GC are calculated
by subtracting one cell type chromatin score from the other.

2.10 Mutational comparisons between lymphomas
In the MCL and Burkitt study, differentially mutated genes were selected for further
analysis by Fisher’s exact test between the number of mutated and unmutated cases
in Burkitt lymphoma and mantle cell lymphoma (p<0.05).
Genes identified to be differentially mutated between ABC and GCB subgroups
in exome sequencing data were selected for further analysis in the DLBCL RNA
sequencing data [14]. Genes with Fishers exact p-value<0.1 for difference in number
of mutated samples between ABC and GCB in RNAseq data were selected as RNAseq
differentially mutated genes. Only nonsynonymous rare variants in these genes were
used.
Genes for comparison between lymphomas in the HSTL study were selected from
the HSTL data and similar exome sequencing studies in the literature (n>8 exome
sequencing cases, and supplemental data available for gene frequencies). The main
criteria for gene selection involved the gene having at least 10% of cases mutated
in one of the lymphoma entities, according to the published mutation frequencies.
Genes were additionally required to have either 20% of cases mutated in one lymphoma entity or at least 1 mutated cases in 2 or more entities. When multiple studies
reported frequencies for the same gene in the same entity, the study with a larger
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number of cases was used as the reference. Fisher’s exact test was used to compare
mutation frequencies between lymphoma types
Mutation frequencies were derived from the following sources shown in Table 2.4.

Table 2.4: Mutation frequencies from lymphoma studies. Source of genes selected
and mutation frequencies from lymphoma studies for comparison.
Lymphoma
DLBCL[14]
MCL[132]
BL[59]
HSTL
PTCL[72]
AITL[72, 75]

CTCL[79–82]
ATL[77]
NKTCL[76]
ALCL[78]

Gene List
Genes from 322 DLBCL gene list
Genes from Figure 1
Genes from Figure 2
Genes from Figure 1
Genes selected for targeted resequencing (Figure 3, Supplement
Table 5)
Genes from Figure 2 (Yoo et al)
and genes selected for targeted resequencing (Figure 3, Supplement
Table 5)
Genes from Figure 1 (Wang et al)
and Figure 1 (Choi et al)
Genes from Figure 2
Genes from Figure 1
Genes from Figure S1

Mutation Counts
Counts from Supplement
Counts from Supplement
Counts from Supplement
Counts from Supplement
Counts from Supplement
for PTCL-NOS

Table
Table
Table
Table
Table

3
2
3
2
5

Counts from Figure 2 and Supplement Table 5 (Yoo et al), Supplement Table 5 for AITL (Palomero
et al)
Counts from Wang et al Supplement Table 3 and Ungewickell et
al Supplement Tables 1 and 2
Counts from Supplement Table 3
Counts from Supplement Table 2
Counts from Supplement Table 1

2.11 Analysis of clinical outcome data
Survival analysis associating clinical and molecular variables with outcome was assessed using the log-rank test. Kaplan-Meier curves are drawn for each categorical
association test. P-values for the log-rank test, the estimated hazard ratios, and the
95% confidence intervals for the hazard ratios are shown in the included figures for
the HSTL and EATL studies.
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In the HSTL study, to analyze the marginal effect of different factors on the survival rate, the nonparametric Mantel-Haenszel test (also called the log-rank test) was
employed using the proc lifetest procedure in SAS 9.4® . Separately, we performed a
Cox proportional hazards regression model coupled with a backward model selection
technique to identify the subset of variables that remain significant after adjusting
for the remaining covariates. The SAS procedure proc phreg in SAS 9.4® was used
to identify the best subset of the covariates that included both the clinical variables
as well as the effects of Iso7q and Trisomy 8. The backward selection method removed the least significant variable at each step until no remaining variable meets
the criteria for removal which was set as P-value exceeding 0.1.

2.12 Lymphoma cell line validation experiments
2.12.1

Cell culture

DERL2 and DERL7 HSTL cells were cultured in 20% human AB positive serum in 50
ng mL IL2 (Peprotech) as previously described. Human embryonic kidney 293T cells
and diffuse large B cell lymphoma cell lines were obtained American Type Culture
Collection (ATCC) and cultured under previously reported conditions for each cell
line. DLBCL cell lines were cultured in RPMI supplemented with 10% fetal bovine
serum or OCI medium (IMDM supplemented with 20% human serum). All cell lines
were grown in 37 °C humidified cell culture incubators with CO2 maintained at 5%.
2.12.2

Generation of isogenic cell lines

A full length PIK3CD cDNA construct we previously described[14] as used for mutagenesis experiments and the full length ORF for wild type STAT3 was cloned into
pUC19 after PCR amplification via flanking primers (STAT3 forward: 5’-ATGGCCC
AATGGAATCAG-3’, STAT3 reverse: 5’-TTATTTCCAAACTGCATCAATGA-3’)
using MedB1 cell line cDNA. Mutagenesis was performed on these constructs using
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the Agilent Lightning Quick Change mutagenesis kit to yield STAT3 Y640F and
PIK3CD R38C constructs, respectively. Next these constructs were subcloned into
the pQCXIP retroviral vector (Clontech) at NotI and PacI or an engineered BstBI
restriction sites via additional PCR reactions and restriction digest followed by ligation. Using these constructs, retroviral particles were produced by co-transfection
of pQCXIP constructs with VSV-G in GP2 packaging cells and retroviral containing
supernatants were filtered through a 0.45 μm filter prior to transfection and concentrated via centrifugation at 74,000g for 3 hours at 4 C. Transfection was carried out
by centrifugation of cell lines with a 4-fold dilution of concentrated viral supernatant
in 4 μg/mL polybrene at 1000g for 90 minutes followed by selection in 2 μg/mL
puromycin for 7 days prior to cellular assays.
2.12.3

RNA Knockdown

Lentiviral pTRIPZ constructs (Open Biosystems) containing either a scrambled nonsilencing sequence as control, or a hairpin sequence targeting the SETD2 gene,
were mixed with pVSV-G[146] and pPAX2 (Addgene #12259, from Didier Trono)
and transfected into TLA-HEK-293T cells. Virus was harvested 72 hours posttransfection and concentrated by centrifugation at 90,000g for 90 minutes at 4 °C.
DERL2 HSTL cells were infected with virus in the presence of 4 mg/mL of polybrene,
using 105 cells per well in a 6-well plate by centrifugation at 1000 g for 60 minutes.
Cells were selected by puromycin for 96 hours; then shRNA production was induced
by doxycycline (1 μg/μL replaced every 48 hours) for 96 hours prior to downstream
experimentation. Successful knockdown of Setd2 was confirmed by quantitative PCR
(qPCR) and Western blot.
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2.12.4

Cellular proliferation assays

Cells were plated in 96-well plates, 10,000 cells/well in 220 μL of medium with controls
(including carrier control and 10% DMSO control for 100% and 0% proliferation
controls, respectively) or small molecule compounds serially diluted 2-fold. After 1-7
days incubation, 25 μL of alamar blue reagent was added to the cells, which were
then incubated at 37 °C for 12h. Fluorescence values at 590 nm were assessed using
a plate reader device (Tecan). Normalized proliferation for each well was calculated
as Normalized proliferation = (well absorbance - 10% DMSO control absorbance)
/ (carrier control absorbance - 10% DMSO control) or values were normalized to
fluorescence values at baseline for cell line or drug assay experiments.
2.12.5

Colony forming assay

DERL2 HSTL cells exposed to doxycycline for >96 hours were plated in 1000/mL in
IMDM-based methylcellulose semi-solid media containing 50 ng mL IL2, 25 ng mL
SCF and doxycycline 1 mg mL, plated and cultured for 4 weeks at 37C, 5% CO2 and
10% of media volume containing 10X concentrations of IL2, SCF, and doxycycline
was added every 5 days. Colonies were photographed and manually counted.
2.12.6

Western blotting

For each sample, 106 cells were washed once in ice cold PBS and lysed in 150 microliters RIPA buffer (Sigma) with protease, phosphatase inhibitors (Roche) and
2 mM EDTA. Crude lysates were sonicated at 10% duty cycle, intensity setting
4, 200 cycles/burst on a Covaris S-series device then centrifuged at 13,000 g for
10 minutes and supernatants were used for downstream experiments. 10-30 micrograms of protein were separated on 4-18% Bis-Tris gradient gels and transferred
overnight to Immobilion PVDF membranes (Millipore) in Tris-glycine buffer with
20% methanol at 30 V. Primary antibodies (anti-STAT3, anti-phospho-STAT3, anti57

STAT5, anti-phospho-STAT5, anti-phospho-AKT, anti-GAPDH, anti-SETD2, antiH3K36me3, anti-β tubulin, all from Cell Signaling and anti-PIK3CD from abCam)
were diluted 1:1000 in 5% BSA/TBS-T and bound overnight followed by washing
and binding of HRP conjugated anti-rabbit antibody (Santa Cruz Biotechnology).
Blots were developed using SuperSignal Pico chemiluminescent substrate (Thermo
Scientific).

2.13 Mouse model experiments
2.13.1

Mouse strains

Mice were housed in a Duke University Medical Center Division of Laboratory Animal Resources facility and experiments approved by the Duke University and Medical
Center Animal Care and Use Committee. The Setd2 conditional knockout mouse
line designated C57BL/6N-Setd2<tm1c(NCOM)Mfgc>/Tcp was made as part of the
NorCOMM2 project with C57BL/6NSetd2<tm1a(NCOM)Mfgc>/Tcp made from
NorCOMM ES cells at the Toronto Centre for Phenogenomics. The line was made
available to us through the Canadian Mouse Mutant Repository. The Lck-Cre transgenic strain for T cell-specific CRE expression was provided by Dr. Yuan Zhuang
(Duke University, Durham, NC, USA)[147]. For the evaluation of SETD2 function
in T cells, Setd2+/fl mice were crossed to Setd2+/fl; Lck-Cre+ mice. The progeny
of such crosses included mice whose T cells were Setd2 wild type, heterozygous or
null.
2.13.2

Mouse Genotyping

Genotyping was performed on tail snip DNA using the Qiagen HotStarTaq master
mix (Qiagen, Valencia, CA). The Setd2 alleles were identified using primers 5’-TAG
CTG TGC TTG AGT TGC CAC AGA GC-3’and 5’-TCC TGA AGC TGG TGC
AAA CCA CTA GG-3’, and an annealing temperature of 60 °C. The wild type allele
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produced a 571 bp product while the floxed allele produced a 665 bp product. The
Lck-Cre transgene was identified using primers 5’-GCA GGA AGT GGG TAA CTA
GAC TAA C-3’ and 5’-TCT CCC ACC GTC AGT ACG TGA GAT ATC-3’, and
an annealing temperature of 55 °C. Presence of the transgene was indicated by a 750
bp product.
2.13.3

Mouse Dissection

For experiments assessing lymphocyte populations mouse Peyer’s patches and spleens
were harvested in RPMI-1640 medium containing 10% (vol/vol) FBS. Single cell
suspensions were made by squeezing the tissue between ground glass slides (Micro
Slides, Corning) and filtering the suspension through 70 μm cell strainers (Falcon).
Red blood cells were lysed and remaining cells were washed twice with PBS/2% FBS.
Prior to staining, samples were blocked with anti-mouse CD16/CD32 for 5 minutes
at room temperature.
2.13.4

Flow cytometry of T cell populations in mouse models

For the analysis of T cell populations, Peyer’s patch cells (1/3 of harvested population
per staining) were blocked using CD16/32 then incubated with antibodies to surface
antigens for 20 minutes at 4 °C. Cells were washed twice, resuspended in PBS/2%
FBS and analyzed by flow cytometry using a Sony LE-SH800 flow cytometer and
cell sorter. Identification of TCRγδ+ CD8α+ cells was based on the staining and
gating strategy illustrated in Figure 2.5. Cells are singlets, within the lymphocyte
gate and CD3epos TCRγδ pos CD8apos . Antibodies used in this study included BV421conjugated anti-CD4 (GK1.5; BioLegend), FITC-conjugated anti-CD3e (145-2C11;
BioLegend), PE-conjugated anti-CD8a (53-6.7; BD Biosciences), APC-conjugated
anti-TCRβ (H57-597; BioLegend), and PE/Cy7 anti-TCRγδ (GL3; BioLegend).
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Figure 2.5: Gating scheme for mouse T cell populations. Diagram shows the flow
cytometry scheme for assessing altered T cell populations in the Setd2 wildtype and
knockout mice. (a) Gating on singlets. (b) Gating on the lymphocyte population.
(c) Gating on CD3e positive cells. (d) Gating on either the γδ T cell receptor
positive population or the β T cell receptor positive population. (e) Gating on
CD8pos positive cells.

A two-way ANOVA model was used to compare T cell population percentages
between wildtype and knockout mice, while controlling for experimental batch effect.
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3
The Genetic Basis of Hepatosplenic T cell
Lymphoma

This chapter is based on a manuscript by co-first authors, McKinney, M. and Moffitt, A.B. et al.,
submitted for publication in 2016.

3.1 Introduction
Hepatosplenic T cell lymphoma (HSTL) is a rare, but lethal cancer entity[148, 149],
compromising 2% of non Hodgkin lymphoma cases and is specified in the World
Health Organization (WHO) classification of hematologic malignancies as a peripheral T cell lymphoma subtype. Compared to other PTCL subtypes, HSTL has an
inferior prognosis even with multi-agent chemotherapy programs and no standard
treatment programs currently exist for HSTL. The disease predominantly affects
young individuals and characterized by a median survival of less than a year[150,
151]. HSTL most often consists of malignant cells with a γδ T cell immunophenotype and is postulated to arise from transformed mature T lymphocytes, but it is
unclear what factors drive HSTL pathogenesis. Potential links to immunosuppression
including solid organ transplantation and thiopurine treatment have been uncovered
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through epidemiologic studies, but more studies are needed to uncover the molecular
factors responsible for development and progression of HSTL.
The most frequent known genetic abnormalities in HSTL are isochromosome 7q
(iso7q)[152, 153] and trisomy 8[154, 155]. Application of next generation sequencing in other T cell lymphomas, peripheral T cell lymphoma (PTCL NOS)[72, 156],
angioimmunoblastic lymphoma (AITL)[72–75], natural killer T cell lymphoma (NKTCL)[76], adult T-cell leukemia/lymphoma (ATL)[77], anaplastic large cell lymphoma (ALCL)[78], and cutaneous T cell lymphoma (CTCL)[79–82], has revealed
their genetic landscape. Similar studies in HSTL have been lacking.
In this study, in order to identify recurrently mutated genes and potential therapeutic targets, we sought to define the genetic landscape of HSTL. Through whole
exome sequencing of 68 HSTL cases, including 20 cases with paired germline DNA,
we found that HSTL tumors have a distinct pattern of genetic alterations. In addition to iso7q and trisomy 8, HSTL tumors manifested frequent mutations in the
genes SETD2, INO80, STAT5B, SMARCA2, TET3, and PIK3CD. Interestingly,
mutations that occur frequently in other T cell lymphomas in genes such as RHOA,
CD28 and CCR4 were notably absent or occurred at much lower frequency in HSTLs.
Finally, through functional studies in HSTL cells, we demonstrate SETD2 to be a
novel tumor suppressor gene that mediates increased cellular proliferation in HSTL.
To our knowledge, this study is the largest series of HSTL patients ever described.
We define in detail the genetic landscape of mutations in HSTL and implicate a
number of novel genes and molecular pathways in this disorder.

3.2 Results
3.2.1

Whole exome sequencing of HSTL identifies gene coding mutations and chromosomal copy number alterations

We performed whole exome sequencing on 68 primary HSTL tumors, 20 with paired
normal tissue, and 2 HSTL cell lines (i.e. total 90 exomes). Comprehensive bioinformatics methods are listed in chapter 2. The 20 cases with paired normal tissue were
deemed a "discovery set" and the remaining sample were deemed a "validation set".
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Only genes found to be somatically mutated in the discovery set were considered
as candidate driver genes in HSTL. The clinical characteristics of these patients are
described in Supplementary Table S3.1.
The distribution of genetic variants was similar to what we have observed in
other lymphomas, with a preponderance of transitions compared to transversions
(Figure 3.1a). We verified the accuracy of genetic variant identification from our
deep sequencing data by performing Sanger sequencing in 80 individual variants
from the same cases (Supplementary Table S3.2) and found that Sanger sequencing
agreed with our methods in over 90% of the variants, confirming that our laboratory
methods for deep sequencing and computational methods for identifying genetic variants generated accurate results. We identified 13 somatically mutated HSTL driver
genes (Supplementary Table S3.3) using a model that relies on the frequencies of
non-synonymous events in HSTL, the size of the gene, the rate of non-synonymous
variation occurring the in gene in healthy controls and the predicted impact of the
altered amino acid(s) as we have described previously[14, 59, 132].
These HSTL driver genes are depicted as a heat map in Figure 3.1b. The distribution of these gene mutations in the different HSTL cases is shown in Figure 3.1b
and the frequency of these events is shown in Figure 3.1c. The most frequently
mutated group of genes in HSTL were related to chromatin modification, with mutations occurring in 62% of the cases. SETD2 was the most commonly mutated
chromatin modifying gene in HSTL (23 mutations found in 16 patients) with threequarters (12/16) of the cases manifesting at least one loss-of-function (nonsense or
frameshift) mutation. Other frequently mutated chromatin modifier genes included
INO80 (21%), TET3 (15%), and SMARCA2 (10%). Mutations in signaling pathways comprised the next most common group of mutations and manifested as predominantly missense mutations in STAT5B, STAT3, and PIK3CD. In addition, we
observed mutations in TP53, UBR5 and IDH2. Among these gene mutations, only
those in STAT5B and STAT3 have been described in HSTL previously[89, 157].
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Figure 3.1: Characterization of mutations, copy number, and clinical data in
HSTL cases. (a) Stacked bar graph shows frequency of each type of base change
observed per sample. Yellow, orange, green are T to G, T to C, and T to A
mutations, respectively. Light blue, blue, dark blue are C to T, C to G, and C to A
mutations, respectively. (b) Heat map of mutated genes in HSTL (n=68). Each
row represents a mutated gene in HSTL. Each column represents a patient sample.
Blocks are color coded by functional type of mutation (orange: stopgain SNV;
green: frameshift indel; purple: missense SNV; pink: nonframeshift indel; teal:
synonymous). Samples are separated into discovery set (n=20) with paired normal
and validation set (n=48). Samples with more than one variant per gene are
indicated with black dots on the block. (c) Number of cases affected per gene. Bars
colored by most damaging mutation in each gene-sample pair. (d) Copy number
alterations (light blue/dark blue: chromosome 7, light red/dark red: chromosome 8,
dark green: chromosome 10p, yellow: chromosome 1q) (e) Number of events per
sample. (f) Heat map of clinical variables: gender (blue: male, pink: female), TCR
type (light green: αβ or light orange: γδ), and response to initial treatment (red:
CR=complete response, black: no complete response).
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Figure 3.2: Allele frequencies of SETD2 and STAT5B mutations. Adjusted allele
frequencies (observed frequency / purity) are plotted here for samples and variants
with available purity estimates and observed allele frequencies in STAT5B (blue)
and SETD2 (green). The red dotted line shows the expected allele frequency for
clonal mutations. Cases are indicated where 2 variants in the same gene are shown
(biallelic).

We also examined the observed allele frequencies for SETD2 and STAT5B mutations, calculating these as number of reads supporting the variant allele over the
number of total reads observed at that position. At least 40 total reads were required to include the mutation in this analysis. The proportion of malignant cells
could be readily estimated for samples with clear arm-level alterations in 7p, 7q, 8p,
8q, 10p, or 1q, based on the observed ratio of tumor over normal copy number, under
the assumption that the recurrent arm-level copy number alterations noted here are
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clonal events. Observed allele frequencies are divided by malignant proportion to
get adjusted allele frequencies, shown in Figure 3.2. STAT5B has an average adjusted allele frequency of 0.52 and SETD2 has an average adjusted allele frequency
of 0.47, for the mutations shown here. The DERL2 clonal N642H STAT5B mutation
is also shown as a comparison. The observed adjusted allele frequencies show that
the SETD2 and STAT5B mutations are generally early events, present in a large
fraction of the malignant cells, further supporting their status as driver events in
HSTL.
We further examined chromosomal alterations in HSTL (Figure 3.1d). Alterations in chromosome 7 were the most common genetic abnormality in HSTL affecting 47% (Figure 3.3, Table S3.4) of our cases. While the majority of cases manifested
clearly as iso7q with losses of chromosome 7p and gains of 7q, there were five cases
with only 7q amplifications. Trisomy 8 or amplifications of 8q were the next most
frequent chromosomal aberration (31%), frequently co-occurring with chromosome
7 alterations (18 overlapping cases). We also found losses in chromosome 10q (19%)
and gains in chromosome 1q (13%) occurred in a significant proportion of HSTL
cases. We did not find any mutations that clearly overlapped or occurred independently of these chromosomal alterations. The median number of genetic alterations
per sample in these driver mutation and copy number events was three (Figure 3.1e).
We also sequenced the only described HSTL cell lines DERL2 and DERL7, which
are derived from the same primary HSTL tumor[158]. Their genomic profiles for copy
number and somatic mutations are nearly identical, and representative of the HSTL
tumors, including mutations in STAT5B, ARID1B, SMARCA2, and TP53, as well
as copy number alterations of isochromosome 7q, trisomy 8, loss of 10p, and gain of
1q (Figure 3.3).
3.2.2

Clinical Characteristics of HSTL patients

Several clinical variables are shown for comparison to the molecular features in Figure 3.1f. The overall survival of the patients is depicted in Figure 3.4. As expected,
HSTL patients in our study had a dismal prognosis with a median survival of 11.9
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Figure 3.3: DERL2 cell line global copy number profile and selected example of
HSTL tumor arm level alterations. (a) Full copy number profile of DERL2, an
HSTL cell line. X-axis shows position along the genome, colored by chromosome.
The colored dots show exon level data, and the black line shows the segmented
copy number result. The Y-axis shows log2 ratio of tumor copy number over
normal copy number, centered at 0 (red line). DERL2 exhibits the 4 characteristic
arm level copy number changes also seen in HSTL tumors, as indicated by the
arrows. (b) Examples from HSTL tumors exhibiting significant gains or losses in
chromosome 1, 7, 8, or 10, with the different patterns observed in the data shown.
Exact values measured on the Y-axis may vary based on tumor purity or additional
chromosomal copies.
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Figure 3.4: Overall survival in HSTL. Kaplan-Meier curve for all HSTL cases
with available survival data (n=47). Median survival is 11.9 months. Median
follow-up is 4.2 years.

months following the diagnosis. The majority (63%) of the patients died within two
years of diagnosis. The clinical characteristics of our patients are summarized in Supplementary Table S3.1. Briefly, the median age was 42 (range 4-72). As expected,
male patients comprised the majority (71%) of the cohort with a worse prognosis
than females (p=0.05, log rank test). 80% of cases were of the γδ T cell receptor
type.
Table 3.1: HSTL survival analysis results. Results of backwards model selection in
HSTL for association with survival.

Parameter
Iso7q

DF
1

Analysis of Maximum Likelihood Estimates
Parameter Estimate Standard Error Chi-Square Pr >ChiSq
-3.0874
1.4253
4.6921
0.0303

Hazard Ratio
0.0460

Label
No Iso7q

While survival analysis in HSTL is necessarily limited by the number of cases
compared to the universe of clinical and genetic covariates, we nevertheless consider
it important to perform this analysis in our cases, which remains, by far, the largest
68
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Figure 3.4: Exploratory Kaplan-Meier plots for clinical and molecular covariates.
(In order of plots) Gender, Age, ECOG Performance Status, B Symptoms, Number
of Nodal Sites, Elevated LDH, Stage, T Cell Receptor Type, Response to Initial
Treatment, Transplant Status, Chromosome 7 Alterations, Chromosome 8
Alterations. Statistics in top-right of each graph show number of individuals (n),
median follow-up time (med. f.u.), range of survival times, log rank p-value (LR p),
hazard ratio (HR), and confidence interval for hazard ratio. Group level
color-coded statistics show number of individuals, median survival for group, Cox
regression p-value, and hazard ratio with confidence interval.
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series of patients ever compiled. In our analyses, we confirmed the association of
iso7q and survival and identify a number of other associations that can be tested in
future studies. The P-values for the log-rank test, the estimated hazard ratios, and
the 95% confidence intervals for the hazard ratios shown in Figure 3.4. The results
show that individually that chromosome 7 and 8 alterations have a significant effect
on the survival function (Iso7q P-value = 0.0458). Furthermore, the hazard ratios
(HR) indicate that the presence of Iso7q (HR = 2.54) has a deleterious effect on the
survival of the HSTL patients. Other variables that are individually significant are
Gender (P-value = 0.07), ECOG Performance Status (P-value = 0.01) and Response
to Initial Treatment (P-value = 0.002). Supplementary Table S3.5 contains complete
clinicopathologic data, and Figure 3.4 shows Kaplan-Meier plots in an exploratory
fashion for additional clinical variables.
Separately, we performed a Cox proportional Hazards regression model coupled
with a backward model selection technique to identify the subset of variables that
remain significant after adjusting for the remaining covariates. The only effects
remaining significant effects were Trisomy 8 and Iso7q, with their adjusted P-values
being 0.0343 and 0.0303 respectively, as shown in Table 3.1.
This data adds clarity to other studies that have postulated links between clinicopathologic or molecular features and patient level outcomes in HSTL (Supplementary
Table S3.6). Supplementary Table S3.7 shows the similarity of this patient cohort to
those previously reported.
3.2.3

Genetic differences between HSTL and other T cell and B cell lymphomas

HSTL has a distinct clinical presentation and response to therapy compared to other
B and T cell lymphomas. We next investigated whether HSTL is also genetically
distinct from these other tumor types. We compared the mutational frequencies of
the most frequently mutated genes in HSTL to other lymphomas studied by whole
exome sequencing including the T cell lymphomas PTCL-NOS[72], AITL[72, 75],
CTCL[79–82], ATL[77], ALCL[78], and NKTCL[76], as well as the B cell NHLs
diffuse large B cell lymphoma (DLBCL)[14, 56, 57], Burkitt lymphoma (BL)[59–
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Figure 3.5: Bars show mutation frequency of genes in Hepatosplenic T Cell
Lymphoma (HSTL, N=68): blue, Cutaneous T Cell Lymphoma (CTCL, N=37):
dark purple, Anaplastic Large Cell Lymphoma (ALCL, N=23): magenta; Natural
Killer/T Cell Lymphoma (NKTCL, N=25): pink, Adult T Cell
Leukemia/Lymphoma (ATL, N=81): red, Angioimmunoblastic T Cell Lymphoma
(AITL, N=28 or 9): orange, Peripheral T Cell Lymphoma (PTCL, N=22 or 6):
yellow, Diffuse Large B Cell Lymphoma (DLBCL, N=96): light blue, Burkitt
Lymphoma (BL, N=59): light green, and Mantle Cell Lymphoma (MCL, N=56):
dark green.

61] and mantle cell lymphoma (MCL)[132, 159]. The mutational frequencies for
these lymphoma types are shown in Figure 3.5 and Supplementary Table S3.8, and
additional HSTL variant details shown in Supplementary Table S3.9.
We found that mutations in SETD2, INO80 and STAT5B occurred almost exclusively in HSTL (P<0.05 in each case, Fisher’s exact test), compared to other T
and B cell non Hodgkin lymphoma types. On the other hand, mutations in RHOA,
a defining feature of PTCL and AITL, never occurred in HSTL cases. Additionally, HSTL tumors shared some mutations that have mostly been observed in B cell
lymphomas including PIK3CD [14], UBR5[160] and SMARCA2 [132].
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These data indicate that HSTL has a unique profile of genetic mutations that
distinguishes it from other non-Hodgkin lymphoma subtypes and may underlie its
distinct clinical behavior.
3.2.4

Functional consequences of SETD2 silencing in HSTL

SETD2 was the most frequently silenced gene in HSTLs, affecting almost a third
of the cases. The mutations in SETD2 occurred predominantly in exons 3, 10-12
and 19-21 (Figure 3.6). The Set2-Rpb1 interacting domain (SRI) domain[161] at the
COOH-terminus of the SETD2 protein product was the most frequently mutated
protein domain, but a number of mutations were also interspersed among different
domains. We noted that 67% (16/24) of the mutations in SETD2 occurring in the
17 HSTL patients were either frameshift or nonsense mutations. 44% (7/17) of the
SETD2 mutated patients had biallelic mutations, which was confirmed by analysis
of paired-end exome sequencing reads and Sanger sequencing (Figure 3.7). Our
genetic data thus suggest that SETD2 has a tumor suppressor function in HSTL
with frequent loss-of-function mutations that can occur in biallelic fashion.
SETD2 functions as a methyltransferase at lysine 36 of histone 3 and 4, catalyzing H3/4K36 trimethylation at dimethyl sites. The gene is known to have diverse
functions related to tumorigenesis including tumor proliferation, sensing and repair
of DNA damage, and other oncogenic changes in gene expression[162–167]. To determine the functional consequences of SETD2 loss in HSTLs, we performed RNA
interference experiments using lentiviral vectors expressing two different shRNAs
targeting SETD2 in DERL2 HSTL cells. We observed robust knockdown of SETD2
mRNA expression in HSTL cells expressing the shRNAs targeting SETD2 compared
to non-silencing (scramble) control Figure 3.8a). We further observed that loss of
SETD2 mRNA expression was also accompanied by reduced SETD2 protein expression along with loss of H3 lysine 36 trimethylation in the same cells (H3K36me3,
Figure 3.8b).
We further measured the downstream effects of SETD2 knockdown by performing
RNAseq to define gene expression profiles of HSTL DERL2 cells with knockdown of
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Figure 3.6: Distribution of SETD2 mutations. Diagram of SETD2 gene exon
model, protein domains, and HSTL mutations. Exon model shows 21 exons from
canonical transcript which spread across 147 KB of genomic space. 23 SETD2
mutations are indicated at their amino acid position, color-coded by type of
mutation (teal: frameshift; red: nonsense; dark blue: synonymous; yellow:
missense). Protein domains are indicated along the gene, color-coded by domain
name (purple: AWS; pink: SET; green: PostSET; blue: Low Charge; orange: WW;
dark red: SRI).

SETD2 and compared these to cells expressing non-silencing controls in three separate experiments. Through gene set enrichment analysis[168], we identified the top
10 gene sets (FDR<0.015) that were upregulated in the setting of reduced SETD2
expression (Figure 3.9a, Supplementary Table S3.10). We found that eight of these
gene sets were related to proliferation or cell cycle progression, identifying proliferation as the major oncogenic process affected by SETD2 loss (Figure 3.9b).
We next tested the proliferative capability (clonogenic potential) of cells with
intact and reduced SETD2 expression by performing colony forming assays in cells
expressing shRNAs targeting SETD2 as well non-silencing control. We found that
the cells expressing lower levels of SETD2 had more than two-fold increased colony
formation (P<0.01, paired Wilcoxon-rank test) compared to cells with intact SETD2
expression (Figure 3f). We further examined the effects of SETD2 on cell proliferation using MTT assays and found that, compared to non-silencing control (Figure
3g), the HSTL cells expressing lower SETD2 have significantly higher proliferation
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SETD2: Insertion and Single Nucleotide Variant (SNV) in same patient, different alleles
upstream wildtype sequence ..... T G A T T T G G C C A C C C .....

Normal wildtype sequence

upstream wildtype sequence ..... T G A T T T G G A C A C C C .....

Tumor Allele 1: SNV

upstream 1 bp insertion that shifts sequence ..... T G A T T T G G C C A C C C .....
Allele 1 has
C->A SNV

Tumor Allele 2: insertion

Allele 2 has
wildtype C

upstream 1 bp insertion that shifts sequence ..... T G A T T T G G A C A C C C .....

Alternative possibility
with insertion and SNV
on same allele

1bp insertion
upstream
C,A,G:
Normal,
SNV allele
shifted indel

C only:
no SNV on indel allele

Indel Only

SNV Only

Figure 3.7: SETD2 biallelic variant in one HSTL case: Sanger and exome
sequencing evidence. (Top) Diagram of expected Sanger sequence observed if SNV
and frameshift insertion mutations in same patient are on 2 different alleles or the
same allele. The top sequence 3 sequences show the expected mix of bases at each
position if mutations are on different alleles. Below is the expected sequence if
mutations are on the same allele. (Middle) Sanger sequence showing mutations on
different alleles. (Bottom) Integrative Genomics Viewer view of paired exome
sequencing reads showing the exclusivity of the 2 variants.
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Figure 3.8: SETD2 mRNA and protein expression in SETD2 shRNA knockdown
and non-silencing control in DERL2. (a) mRNA expression in two shRNA
constructs vs. non-silencing control (p <0.01 for SETD2 knockdown vs. control,
average knockdown of >70%). (b) Protein blot showing knockdown of SETD2 and
H3K36me3 loss after SETD2 shRNA induction in DERL2 cells.

Figure 3.9: Gene set enrichment analysis of SETD2 knockdown vs. control. (a)
Pathway list with normalized enrichment scores for gene set enrichment analysis
(GSEA, FDR< 0.015). (b) Heatmap of RNA-seq derived gene expression for
non-silencing and SETD2 shRNA knockdown in DERL2 HSTL cell line.
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Figure 3.10: Colony forming and proliferation assays of SETD2 knockdown in
DERL2 cell line. (a) Colony formation assays of DERL2 cells with SETD2 versus
non-silencing control shRNA induction after 4 weeks; (b) Quantitation of colony
formation in SETD2 shRNA knockdown in DERL2 versus non-silencing controls
(p<0.01, results from 3 replicates). (c) Proliferation assay of SETD2 shRNA
knockdown in DERL2 versus non-silencing controls at 5 days of in vitro culture (p
< 0.01 for A3 or D6 shRNA construct versus non-silencing control).

and increased cell counts (P<0.01, paired Wilcoxon-rank test), consistent with its
role as a tumor suppressor gene.
Our data thus implicate SETD2 as a novel tumor suppressor gene in HSTL and
demonstrates that loss of function SETD2 mutations serve to increase proliferation
in HSTL cells.
3.2.5

STAT5B, PIK3CD mutations and constitutively active IL2 signaling

Given the frequent mutations in signaling genes in HSTL we also examined the
interactions of mutations in IL2 signaling genes. STAT5B and STAT3 mutations have
been previously reported in HSTL[89, 157] and we found somatic STAT5B/STAT3
mutations occurring mostly in a mutually exclusive manner (p<0.01 by Fisher’s exact
test for exclusivity, Figure 3.11a). While mutations in STAT5B and STAT3 occurred
predominantly in their S2 domains, the PIK3CD mutations, most commonly in the
ABC regulatory domain in 10% of HSTL cases (Figure 3.11b).
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Figure 3.11: HSTL mutations in IL2 signaling genes. (a) Mutations in STAT5B,
STAT3 and PIK3CD in HSTL; 42% of HSTL patients had a mutation in at least
one gene, mutations in STAT5B and STAT3 were largely mutually exclusive
(p<0.05 by Fisher’s exact test for overlap of STAT5B mutations versus STAT3
mutations). (b) Protein product model of HSTL mutations in STAT5B, STAT3
and PIK3CD.

DERL2 HSTL cells have a STAT5B mutation and at baseline, DERL2 HSTL
cells were exquisitely sensitive to JAK 1/2 inhibition with ruxolitinib (Figure 3.12a)
compared to other STAT-activated lymphoma cell lines. We found that the PIK3CD
R38C mutation was far more effective in inducing phosphorylation of AKT compared
to wildtype PIK3CD (Figure 3.12b). We also found the cells expressing the PIK3CD
R38C mutation proliferated faster than those expressing wildtype (Figure 3.12c) and
maintained increased phosphorylation of AKT even in the face of treatment with
ruxolitinib (Figure 3.12d). Given the known role of both PI3 kinase and JAK/STAT
in IL2 signaling we examined the ability of mutant PIK3CD R38C to sustain IL2
signaling and HSTL cell viability under conditions of upstream JAK 1/2 inhibition
(Figure 3.12e) or IL2 deprivation (Figure 3.12f) and serum starvation. Under both of
these conditions, overexpression of PIK3CD R38C as compared to wild type PIK3CD
maintained HSTL cell viability/proliferation, thus confirming a role for PIK3CD mutations in driving HSTL pathogenesis through IL2 signaling. These data suggest that
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Figure 3.12: Modeling effects of HSTL mutations in IL2 signaling genes in HSTL
cell line. (a) Sensitivity of HSTL cells to ruxolitinib at baseline (by inhibitory
concentration, IC50 values) compared to pSTAT3 or pSTAT5 positive diffuse large
B cell lymphoma cell lines. (b) Overexpression of either STAT3 Y640F or PI3KCD
R38C results in activation of STAT3 or AKT signaling in DERL2 HSTL cells
bearing a native STAT5B N642H mutation. (c) Overexpressing mutant PIK3CD in
HSTL cells results in significantly increased proliferation compared to wild type
PIK3CD or empty vector controls in low IL2 conditions (0.5 ng/mL IL2). P < 0.01
for PIK3CD R38C in comparison with empty vector control cell line, P<0.05 for
PIK3CD R38C in comparison with PIK3CD wild type (control) cell line. (d)
Western blot for ruxolitinib-treated HSTL cells bearing PIK3CD R38C mutation,
PIK3CD wild type or control. (e) Relative proliferation of DERL2 HSTL cells
bearing either PIK3CD R38C or wild type overexpression constructs exposed to
increasing concentrations of ruxolitinib for 96 hours in vitro. (f) Time course of cell
viability by Trypan blue exclusion of DERL2 cells expressing PIK3CD R38C, WT
or empty vector controls (p<0.01 for WT control versus PIK3CD R38C or empty
vector control at 6 and 18h).

PI3 kinase activation could emerge as a mechanism of resistance to JAK-STAT inhibition, particularly in patients who harbor mutations in both STAT5B and PIK3CD.
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3.3 Discussion
HSTL remains among the most dire diagnoses any cancer patient can face. The
grimness of the prognosis is compounded by the young age of the patients and the
general lack of progress in the treatment options or outcomes since it was initially
described[148]. An increasingly recognized risk factor for developing HSTL include
the use of immune suppressive and immune modulatory therapies such as infliximab
and azathioprine[169]. The growing use of these therapies in rheumatologic and
inflammatory conditions suggests that HSTL might become an increasingly larger
concern in the future.
Our work indicates that the distinct clinical behavior of HSTL may be rooted in
its distinct genetic profiles. Compared to other T cell lymphomas, mutations in genes
such as RHOA, CD28, CCR4 and other genes that are defining features of other T
cell lymphomas are notably absent in HSTLs. Conversely, the most frequent HSTL
mutations including SETD2, INO80, PIK3CD, and STAT5B occur infrequently in
other T cell lymphomas. Interestingly, STAT3 mutations are a frequent feature of a
number of lymphomas including NKTCL[76] and diffuse large B cell lymphoma.
SETD2, a histone lysine methyltransferase, was the most frequently silenced gene
in HSTLs. SETD2 has been described as a tumor suppressor gene in other malignancies including clear cell renal carcinoma[170], DLBCL[14], and in a subset of acute
leukemias[171]. Our genetic and experimental data are identify SETD2 as a novel
tumor suppressor gene in HSTL. Our experiments indicate that SETD2 mutations
serve to increase proliferation in HSTL tumors. More work is needed to define the
precise role of SETD2 in HSTL oncogenesis as well as its potential role in regulating
T cell development.
The recurrent genetic mutations in HSTL also indicates new therapeutic targets
in the disease suggesting new hope for these patients. The IL2 signaling pathway
and the mutations in PI3KCD and STAT signaling genes provide a framework for
identifying new therapies in this disease. STAT5B and STAT3 mutations[89, 157]
suggest the potential efficacy of a number of clinically approved inhibitors of the
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JAK-STAT pathway including ruxolitinib and tofacitinib. Indeed, DERL2 HSTL
cells are exquisitely sensitive to the inhibitory effects of ruxolitinib. The PIK3CD
gene has been associated and B cell lymphoma[14], and encodes the delta isoform
of PI3 kinase which can be targeted with clinically active inhibitors BKM120 and
idelalisib as studied in other lymphoma[172]. Our findings provide the rationale for
testing these inhibitors in HSTL patients in conjunction with careful assessment of
these mutations. The rareness of the disease makes it unlikely that a comprehensive
clinical trial can be performed; thus the clinical experience with potential off-label use
of these targeted therapies should be carefully reported to inform future therapies in
HSTL patients. Thus, our data define the genetic landscape of HSTL and implicates
novel gene mutations linked to HSTL pathogenesis and therapeutic targets.
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4
Enteropathy associated T cell lymphoma subtypes
are characterized by loss of function of SETD2

This chapter is based on a manuscript by Moffitt, A.B. et al., submitted for publication in 2016.

4.1 Introduction
Enteropathy-associated T cell lymphoma (EATL) is an uncommon but lethal type
of peripheral T cell lymphoma which appears to be rising in incidence[149, 173].
EATL is the most common oncologic complication of celiac disease, with a prevalence
of approximately 1% in those patients[174]. The role of genetic mutations in the
pathogenesis of EATL is largely unknown.
Past WHO lymphoma classification systems[149, 175] have recognized two subtypes of EATL. Type I EATL has a more variable histology and is more prevalent in
Northern Europe[176] and is strongly associated with celiac disease. Type II EATL
has a more uniform histology, occasional association with celiac disease[176], and is
more prevalent in Asia[177–179]. The diagnostic distinction between these two types
is not always clear. Cases are currently classified based on their morphology and immunophenotype, with both types sharing common T cell markers, but Type II cases
expressing CD56 more frequently[176, 180]. Most Type I patients carry the celiac82

disease associated HLA genotype DQA1*0501, DQB1*0201, whereas that genotype
occurs at a frequency similar to the general population in Type II patients. Based on
these distinctions, it has been suggested that Type II EATL should be reclassified as
a distinct entity, known as monomorphic epitheliotropic intestinal T cell lymphoma
(MEITL)[51]. The genomic distinction between the two described types of EATL
is not well understood. Compared to other peripheral T cell lymphomas which are
primarily derived from αβ T cells, both types of EATLs frequently arise from γδ T
cells, a feature they share with hepatosplenic T cell lymphomas[150].
In this study, we applied whole exome and transcriptome sequencing to define
novel driver mutations, copy number alterations, and expression patterns in both
types of EATL. We found that both types of EATL are characterized by frequent
silencing mutations in SETD2. We further modeled the effects of SETD2 loss in
vivo by developing a T cell specific knockout of the gene in mice. We found that
mice with Setd2 loss manifested an expansion of γδ T cells suggesting novel roles for
SETD2 in T cell development. Together, our data render the most comprehensive
genetic portrait yet of EATL and may inform future classification schemes of this
disease.

4.2 Results
4.2.1

Whole exome sequencing defines driver mutations and copy number alterations in EATL

We performed whole exome sequencing on 69 EATL tumors along with paired normal
samples when available (n=36), for a total of 105 exomes. Average exome sequencing
depth was greater than 70x. EATL cases were separated into the discovery set (with
paired normal available) and the validation set.
Figure 4.1a shows the mutation status of each significant EATL driver gene in each
EATL case, with the number of cases summarized in the bar graphs of Figure 4.1b.
Every gene shown had at least two confirmed somatic mutations in the discovery set
with additional genetic events in the validation set that were comparable to those in
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Figure 4.1: Significantly mutated genes and copy number alterations in EATL.
(a) Heatmap of mutations in EATL cohort. Every box represents the mutation
status of a patient for a particular gene. Grey: no mutation; teal: synonymous
SNV; pink: in frame indel; purple: missense SNV; green: frameshift indel; orange:
nonsense SNV. Black dots indicate more than one mutation in that gene/patient,
with boxes split diagonally to show different functions of multiple mutations. (b)
Bar graph showing the percent of cases in the cohort affected by each mutated
gene. Bars are color coded by the most-damaging event type observed in each
patient. (c) Heatmap of arm-level copy number alterations for each patient. Light
blue: chr1q gain; dark blue: chr7q gain; light red: chr8p loss; dark red: chr8q gain;
dark green: chr9 gain. (d) Bar graph showing number of events from mutated
genes and copy number alterations shown in the heatmaps above. Bars are
color-coded based on the type of alteration.
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the discovery set in terms of their frequency in the general population, distribution
of amino acid alterations, location in protein domains and evolutionary conservation.
The most frequently mutated gene in EATL was found to be SETD2 (32% of
cases), with the mutations comprising of a large proportion (41%) of loss of function frameshift indels or nonsense mutations. Other chromatin modifiers were also
mutated in a significant number of cases (TET2, YLPM1) and typically exhibit
loss-of-function type mutations.
The JAK-STAT pathway was the most frequently mutated signaling pathway,
with frequent mutations in STAT5B (29%), followed by JAK1 (23%), JAK3 (23%),
STAT3 (16%), and the negative regulator of the pathway, SOCS1 (7%). Interestingly,
the RAS family of genes which are generally infrequently mutated in lymphomas were
also implicated in several EATL cases, with mutations at known hotspots (G12/G13)
in NRAS and KRAS.
DNA damage response and repair genes were frequently mutated in EATL. TP53
was mutated in 10% of the cases. Other DNA damage-related genes mutated include
BCL11B, a known tumor suppressor in T cell lymphomas, and BRIP1, a DNA
helicase known to be involved in the repair of double-strand breaks.
Other noteworthy genes mutated in EATL included DAPK3 (10%), the cell cycle
transcription factor BBX (16%), the interferon-related transcription factor PRDM1
(9%), and telomerase reverse transcriptase TERT (17%). Full details of somatic
mutations detected in EATL cases are described in the Supplementary Table S4.1.
We next examined copy number alterations in these cases. Interestingly, most of
the copy number alterations in EATL cases occurred in very large regions, frequently
comprising an entire arm of the chromosome. After correcting for these effects, there
were no focal gene-level alterations that reached statistical significance.
Figure 4.1c depicts the significant copy number alteration status of each EATL
case by chromosomal arm. Similar to previous reports investigating both Type I and
Type II EATLs[181–183], we observed amplifications in chromosome 9q to be the
most common in EATL (45%). We also noted gains in chromosomes 1q, 7q, and 8q,
as well as losses in 8p, which were each present in 20-30% of cases. Many cases had
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Figure 4.2: Overall survival of EATL patient cohort. Kaplan-Meier curve showing
overall survival of the EATL cohort. Median survival is 10 months. One-year
survival rate is 44%.

more than one of the noted alterations. The total number of events per case out of
the shown EATL driver events is depicted in Figure 4.1d. Additional details of copy
number alterations are in Supplementary Table S4.2.
4.2.2

Clinical features of EATL cohort

Median overall survival was 10 months with a 27% two-year survival rate (Figure 4.2),
highlighting the dismal prognosis in these patients. Assignment of each case to the
two types of EATL was determined based on the WHO criteria[149]. The two types
of EATL were remarkably similar in terms of overall survival (median survival 9
months for Type I, 11 months for Type II), age of onset (64 years for Type I, 59
years for Type II), and gender (44% male for Type I, 52% male for Type II). As
expected the Type I patients were primarily Caucasian (93%), while the Type II
patients were split among Caucasian (57%) and Asian (39%). History or concurrent
diagnosis of celiac disease was observed in 84% of Type I EATL cases compared to
16% of Type II cases. The DQ2 or DQ8 HLA genotypes were observed in 88% of
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Figure 4.3: Exploratory Kaplan-Meier plots for clinical and molecular covariates.
(In order of plots) EATL subtype, ECOG performance, Ann Arbor Stage, Gluten
Free Diet (in Type I patients), Response to Initial Therapy. Statistics in top-right
of each graph show number of individuals (n), median follow-up time (med. f.u.),
range of survival times, log rank p-value (LR p), hazard ratio (HR), and confidence
interval for hazard ratio. Group level color-coded statistics show number of
individuals, median survival for group, Cox regression p-value, and hazard ratio
with confidence interval.
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Table 4.1: Summary of EATL Clinical Characteristics. Demographic, clinical, and
pathological characteristics of EATL patients broken down by Type I and Type II.

Sex
Race
Age at Diagnosis
Celiac Disease
Adherence to Gluten Free Diet
HLA Type
Tumor Location
Size of tumor (cm)
Histopathology

T Cell Receptor
ECOG Performance Score
Ann Arbor Stage
High LDH
B symptoms
Small Bowel Perforation
Number of Nodal Sites
Bone marrow involvement
Treatment type
Response to Initial Treatment
Progression or Relapse
Survival

Male
Female
African American
Caucasian
Asian
Median (Range)
Yes
Yes
DQ2/DQ8
Small intestine
Median (Range)
CD3+
CD4CD8+
CD56+
αβ
γδ
0-1
2-4
I
II
III-IV
High LDH
Yes
Yes
0
1 or more
No
Curative
Minimal
CR
PR
NR
No
Yes
Median Overall Survival
1-Year Survival Rate
2-Year Survival Rate

All EATL (N=63) Type I (N=41) Type II (N=23)
Number of Cases (Percentage)
33 (48)
18 (44)
12 (52)
36 (52)
23 (56)
11 (48)
2 (3)
1 (2)
1 (4)
56 (81)
38 (93)
13 (57)
10 (14)
1 (2)
9 (39)
62.0 (36.0-92.0)
64.0 (36-92)
59.0 (39.0-89.0)
35 (61)
32 (84)
3 (16)
15 (36)
15 (44)
0 (0)
49 (71)
36 (88)
10 (43)
61 (93)
40 (97)
20 (91)
7.0 (1.5-75.0)
8.0 (1.5-75.0)
6.0 (2.0-23.0)
57 (85)
30 (75)
23 (100)
50 (91)
29 (91)
18 (95)
31 (46)
15 (37)
15 (68)
19 (33)
2 (5)
17 (85)
16 (46)
12 (43)
4 (57)
9 (26)
6 (21)
3 (43)
20 (48)
14 (50)
6 (43)
22 (52)
14 (50
8 (57)
17 (40)
10 (36)
7 (47)
18 (42)
14 (50)
4 (27)
8 (19)
4 (14)
4 (27)
31 (89)
21 (88)
10 (91)
27 (59)
19 (63)
7 (47)
33 (57)
22 (58)
11 (55)
23 (48)
14 (48)
9 (56)
15 (52)
15 (52)
7 (44)
32 (89)
20 (91)
12 (92)
32 (64)
19 (58)
12 (75)
18 (36)
14 (42)
4 (25)
22 (63)
15 (71)
7 (50)
5 (14)
3 (14)
2 (14)
8 (23)
3 (14)
5 (36)
8 (24)
6 (32)
2 (14)
25 (76)
13 (68)
12 (86)
10 months
9 months
11 months
0.44
0.41
0.5
0.27
0.31
0.19

Type I EATL patients, and 43% of Type II EATL patients (Supplementary Table
S4.3).
While survival analysis in EATL is necessarily limited by the number of cases
compared to the universe of clinical and genetic covariates, we nevertheless consider
it important to perform this analysis in our cases, which remains, by far, the largest
series of patients ever compiled. To analyze the marginal effect of different factors
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Figure 4.4: Comparison of mutations and copy number across EATL subtypes.
(a) Bar graph indicating frequency of mutation of each gene within the Type I and
Type II EATL cohorts separately. (Left/Purple) Type I frequency. (Right/Orange):
Type II frequency. (b) Bar graph indicating frequency of alteration of each
arm-level copy number alteration within the Type I and Type II EATL cohorts
separately. (Left/Purple) Type I frequency. (Right/Orange): Type II frequency.

on the survival rate, the log-rank test was used. The P-values for the log-rank test,
the estimated hazard ratios, and the 95% confidence intervals for the hazard ratios
are shown in Figure 4.3. The results show that ECOG performance (p=0.0033),
Ann Arbor stage (p=0.0058), response to initial therapy (p=0.0002) are significantly
associated with survival. Adherance to a gluten free diet is marginally significant
within the Type I patients (p=0.07). EATL subtype is not significantly associated
with survival.
Additional clinical parameters are summarized in Table 4.1 and included in detail
in Supplementary Table S4.4.
4.2.3

Genomic and Transcriptomic Differences between Type I and Type II EATL

Given the paucity of our understanding of the molecular distinction between the two
described types of EATL, we further investigated the mutation frequencies in Type
I (N=41) and Type II (N=23) EATLs (Figure 4.4a). Overall, we found that the
overwhelming majority of the genes (90%) to be mutated in both types of EATL. A
few selected genes appeared to be mutated more frequently in one type or the other.
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Figure 4.5: Principal component analysis of EATL RNA sequencing gene
expression data. The second principal component is on the x-axis and the third
principal component is on the y-axis. One point is plotted for each sample in the
analysis in the principal component space, labeled by the clinical assignment of
Type I or Type II.

SOCS1 and DAPK3 had higher frequencies in Type I, while KRAS, STAT5B (>50%
in Type II), and SETD2 (>60% in Type II) had higher frequencies in Type II EATL.
We examined the effects of driver gene discovery when we considered each type of
EATL separately, as well as together, and found essentially the same group of driver
genes, highlighting the strong overlap between the two EATL types. Figure 4.4b
shows similar findings when we examined copy number alterations separately in Type
I and II cases. Chromosome 9q gains were the most common alteration in both
types. Diagnostic guidelines have attributed 1q gains primarily to Type I EATL;
however, we found chromosome 1q gains to be significant in both types of EATL.
Chromosome 8 alterations, particularly gains in chromosome 8q which includes MYC,
were significantly more frequent in Type II EATL, but also occurred in Type I.
These data indicate that Type I and Type II EATL cases have strongly overlapping genetic alterations and likely arise from shared genetic mechanisms.
We further investigated the transcriptional profiles of 29 EATL tumors for which
RNA was available including 16 Type I and 13 Type II cases through transcriptome
90

Figure 4.6: Volcano plot showing the selection of differentially expressed genes
between EATL Type I and Type II. Every point is one gene in the analysis. The
x-axis shows the log2 transformed ratio of average expression in the Type I samples
over the average expression in the Type II samples. The y-axis shows the log10
transformed q-value (after Benjamini-Hochberg correction) of a T-test between
EATL Type I and Type II. Genes that pass the thresholds for significance (dotted
lines) are colored in orange and purple. Notable genes are labeled with text.

sequencing. Unbiased principal component analysis revealed that a large amount of
variation in the gene expression data is driven by the differences between Type I
and Type II cases. Plotting each of the EATL samples in the principal component
space (Figure 4.5) shows that the majority of samples segregate into the two groups
corresponding largely to the EATL subtypes, indicating robust differences in gene
expression levels between the two subtypes. Based on these findings, we performed
supervised differential expression analysis using the clinically-derived labels of Type
I and Type II. Figure 4.6 shows the genes that were at least 1.5-fold differentially
expressed between the two types, with a false discovery rate of less than 0.1. Some
notable genes with higher expression in the Type I cases included STAT3, STAT5A,
IRF1, and IRF4. The genes FASLG, SYK, and TGBR1 were found to be more highly
expressed in Type II EATL. Transglutaminase 2 (TGM2) is an important enzyme
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Figure 4.7: Heatmap showing the genes that are differentially expressed between
EATL Type I and Type II. Genes are median centered per-row. Red indicates
higher expression; blue indicates lower expression. The color bar shows the two-fold
range of expression depicted. Bars above the heatmap indicate the clinical subtype,
HLA type, and history of celiac disease.

and autoantigen in celiac disease[184], which we found to be clearly upregulated in
the Type I cases. NCAM1, also known as CD56, was highly expressed in Type II
EATL, consistent with the use of CD56 staining as a diagnostic feature of Type
II EATL. We did not find MYC to be differentially expressed, despite the higher
proportion of chromosome 8q amplifications in Type II. The full list of differentially
expressed genes is included in Supplementary Table S4.5 and sequencing statistics
are included in Supplementary Table S4.6.
Figure 4.7 depicts the heatmap of the differentially expressed genes in the 29
EATL samples, along with HLA genotype and celiac disease status. The cluster
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Figure 4.8: Gene set enrichment results for comparison of EATL Type I and
Type II. (a) Gene set enrichment plot showing the enrichment of interferon-γ genes
at the top of the ranked list, with genes ordered by difference in Type I vs. Type
II. (b) Heatmap of differentially expressed genes in the interferon-γ signaling
pathway, showing higher expression in Type I samples. (c) Gene set enrichment
plot showing the enrichment of natural killer-like cytotoxicity genes at the top of
the ranked list, with genes ordered by difference in Type II vs. Type I. (d)
Heatmap of differentially expressed genes in the natural killer-like cytotoxicity
pathway, showing higher expression in Type II samples.

assignment, based on consensus K-means clustering of the differentially expressed
genes was found to track very closely with the original clinical subtype assignment.
Gene set enrichment of the differentially expressed genes revealed significant overexpression of the interferon-γ signaling pathway (p<0.001, Figure 4.8) in Type I
EATLs. Genes expressed higher in Type II EATL were found to be enriched for
the natural killer-like cytotoxicity pathway (p=0.02, Figure 2h,i). Both interferon-γ
signaling and natural killer-like cytotoxicity are known functions of intraepithelial
lymphocytes, which are the presumed cell of origin for EATLs[185–189]. Increased
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interferon-γ production has been described in patients with untreated celiac disease,
consistent with the higher expression of this function in celiac-associated Type I
EATL[186, 190]. Other enriched gene sets of interest included MAPK signaling,
upregulated in Type II, consistent with previous reports of high MAPK protein expression in Type II[177].
Thus, the two EATL types are characterized by highly overlapping genetic alterations, as well as robust differences in gene expression.
4.2.4

SETD2 is frequently mutated in EATL and plays a role in T cell development
in vivo

Our mutation analysis in EATL tumors showed the histone lysine methyltransferase
SETD2 to be the most frequently mutated gene in the disease (22 of 69 cases). The
recurrent nonsense mutations and frameshift insertions and deletions (41%) suggest
that the role of mutations in this gene in EATL is likely to be loss-of-function.
Further, 9 EATL cases had multiple mutations in SETD2, further supporting its
role as a tumor suppressor in EATL. SETD2 has also been implicated as a driver
gene with loss-of-function mutations in other malignancies including clear cell renal
carcinoma[170], DLBCL[14], and acute leukemia[171].
SETD2 is a histone lysine methyltransferase responsible for trimethylation of
lysine 36 on histone 3 (H3K36me3), which is an epigenetic marker for active transcription. Its interactions with RNA polymerase II (Pol II) during transcription
occur through the SRI domain[191].
The distribution of mutations in SETD2 in our EATL cases is shown in Figure 4.9,
top. In a separate study examining the genetics of hepatosplenic T cell lymphoma
(HSTL), a PTCL that arises predominantly from T cells (publication in revisions),
we also found SETD2 to be the most frequently silenced gene. For comparison, the
distribution of mutations that we found in hepatosplenic T cell lymphoma (HSTL)
are also shown in Figure 4.9, bottom. This distribution of mutations in both lymphomas appears similar. SETD2 mutations in EATL were found to cluster within
the SET domain, responsible for the methyltransferase activity of SETD2. In both
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Figure 4.9: Stem plot showing distribution of mutations in SETD2. (Top)
Mutations in EATL. (Middle) Mutations in HSTL (Hepatosplenic T Cell
Lymphoma), a γδ driven T cell lymphoma. X-axis indicates amino acid position of
each mutation. Y-axis indicates number of patients with the same mutation.
Circles are color coded by type of mutation - teal: synonymous SNV; pink: in
frame indel; purple: missense SNV; green: frameshift indel; orange: nonsense SNV.
Colored regions in protein diagram represent protein domains. Lime green: AWS
(associated with SET) domain; blue: SET domain; red: PostSET domain; pink:
low charge region; dark green: WW domain; yellow: SRI (Set2 Rpbl interacting)
domain. (Bottom) Conservation of SET (blue) and SRI (yellow) domain amino
acid sequences. Non-conserved amino acids are colored in red.

EATL and HSTL, mutations cluster in the SRI domain, responsible for the interaction with Pol II. Both the SET and SRI domains have highly conserved amino acid
sequences, as shown in Figure 4.9. The missense mutations in SETD2 may thus to
serve to effectively disrupt the essential functions of SETD2 by altering these protein
domains.
Given that both HSTL and EATLs arise disproportionately from γδ T cells,
and that γδ T cell expansion has been reported in patients with untreated celiac
disease[186, 190], we further investigated a potential role for SETD2 in T cell development. We began by examining the gene expression patterns throughout the T cell
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Figure 4.10: Setd2 expression during T cell development. Labeled circles indicate
different stages of T cell development. Corresponding scatterplot shows mouse gene
expression (4-fold range) during development, with circles colored by expression.
αβ T cells differentiate from the double positive (DP) early T cells, while γδ T cell
differentiate from the DN3 stage of early T cell. Stages: Early T Precursor (ETP),
Double Negative 2A (DN2A), Double Negative 2B (DN2B), Double Negative 3A
(DN3A), Double Negative 3B (DN3B), Double Negative 4 (DN4), Immature Single
Positive (Imm. SP), Double Positive CD69- (DP 69-), Double Positive CD69+ (DP
69+), γδ T cell (γδ), αβ CD4+ T cell (αβ 4+), αβ CD8+ T cell (αβ 8+)

lineage from early T cell precursors, to early double negative, to double positive, and
finally to the αβ or γδ T cell lineage[192] (Figure 4.10). The decision checkpoint for
the αβ vs. γδ split is during the double negative 3 (DN3) stage[193, 194]. We found
that Setd2 is selectively upregulated during the transition from early double negative
(DN) to double positive (DP) T cells. Setd2 expression is then downregulated by
double positive (DP) CD69+ T cells on their way to becoming αβ T cells. These
results indicate that Setd2 upregulation in the immature SP and DP CD69- stages is
a critical step in confirming the αβ T cell lineage choice, and we hypothesized that
the absence of Setd2 upregulation might favor the development of γδ T cells.
We further investigated the in vivo role of SETD2 in T cell development by
breeding Setd2 conditional knockout mice with Lck-Cre transgenic mice, in which
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Figure 4.11: Setd2 Mouse breeding diagram. The final cross is between a
heterozygous knockout Setd2 +/fl mouse and a heterozygous knockout Setd2 +/fl
mouse with Cre transgene under the control of the T cell specific Lck promoter
(Lck-Cre+). The progeny mice that are used for downstream experiments are the
wildtype Setd2 (+/+, blue) and null Setd2 (-/- in T cells, red), both with one copy
of the Lck-Cre transgene.

expression of Cre is restricted to the T cell lineage[147]. The breeding scheme led
to progeny whose T cells were either Setd2 wild type, heterozygous, or deleted (Figure 4.11 shows the final cross and the mice selected for analysis). We then compared
T cell populations in young adult mice whose T cells were either wild type or deleted
for Setd2.
We first confirmed the loss of SETD2 protein in T cells from Setd2fl/fl ;Lck-Cre+
mice. Protein lysates were made from splenic CD3epos T cells and analyzed by
immunoblot. As shown in Figure 4.12, there is a significant reduction in SETD2
protein in T cells isolated from Setd2fl/fl ;Lck-Cre+ mice compared to Setd2+/+ ;LckCre+ mice. We also observed a corresponding decrease in H3K36me3, indicating a
reduction of the histone methyltransferase activity in T cells lacking SETD2 protein.
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Figure 4.12: Western blot in CD3epos splenic T cells from the Setd2 wildtype
mouse (left) and Setd2 null mouse (right). (Top) Setd2 protein, (middle) H3K36
trimethylation, (bottom) β-tubulin control.

Figure 4.13: Flow cytometry representative plot showing the proportion of cells
with high TCR γδ and low TCR β staining, corresponding to the γδ T cell
population. (Left) Setd2 wildtype mouse (+/+). (Right) Setd2 null mouse (-/-).
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Figure 4.14: Bar graphs showing the quantification of the percent of CD3epos T
cells that are also TCR γδ pos or TCR αβ pos . (a) Percent γδ T cells of CD3epos T
cells. (b) Percent αβ T cells of CD3epos T cells. Setd2 wildtype mouse (+/+) is
shown in blue; Setd2 null mouse (-/-) is shown in red. P-values indicate genotype
p-value from ANOVA analysis. Bars show mean and standard error of mean after
correcting for experimental batch variation.

Table 4.2: ANOVA results for γδ TCR population in Setd2 wildtype vs. knockout.

We then assessed the effect of Setd2 loss upon T cell populations by dissecting
gut-associated lymphoid tissue (Peyer’s patches), and spleens from these mice and
assessed T cell markers by flow cytometry. The flow cytometry gating scheme for
analysis and sorting is shown in the chapter 2 methods. In Peyer’s patches from Setd2
wild type mice, CD3epos T cells typically compromised 25% of the lymphhocytes
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Table 4.3: ANOVA results for β TCR population in Setd2 wildtype vs. knockout.

with 3.5% of the CD3epos T cell population being TCRγδpos and 55% of those
cells being CD8αpos . We compared the proportion of T cells that are TCRγδ pos
versus TCRβ pos in the Setd2 wild type and deficient mice and found a significant
increase in the γ positive T cell population (Figure 4.13 shows representative samples;
p=0.02, Figure 4.14a). A commensurate decrease in the TCRβ pos cell proportion
was also observed, consistent with a shift towards the γδ phenotype with Setd2
loss at the expense of αβ T cells (p=0.04, Figure 4.14b). The ANOVA results for
these comparisons are shown in Table 4.2 and Table 4.3. Additionally we found an
increase of CD8αpos TCRγδ pos cells in the Setd2 deficient mice compared to wildtype
(p=0.02). An increase in the proportion of TCRγδpos T cells was also evident for
splenic T cells (data not shown). No significant difference was found between the two
genotypes in overall proportions of CD3epos , CD3epos CD4pos , and CD3epos CD8αpos
proportions. SETD2 deleted mice did not thus far develop lymphoma suggesting that
additional collaborating genetic events are needed for oncogenic transformation.
Collectively, these data point to a novel role for SETD2 in T cell development
and suggest that SETD2 loss might favor the development of γδ T cells.

4.3 Discussion
EATL is an uncommon but lethal disease. In this study, we have assembled one
of the largest series of patients with EATL to define the genetic underpinnings of
the disease. Our work defines many previously unknown mutational drivers of the
disease, including chromatin modifiers, DNA damage related genes, and activated
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signaling pathways. Our results show that SETD2 is the most frequently silenced
gene in this disease, revealing the importance of this gene and epigenetic modifiers in
general in the oncogenesis of EATL. Our data also suggest the JAK-STAT signaling
pathway as an immediate therapeutic target in the disease with over half of the
EATL patients manifesting mutations in this pathway.
The classification and naming of EATL and its subtypes have been debated extensively[179, 195, 196]. The classification schemes developed thus far largely rely
on morphologic distinctions and limited immunophenotyping and copy number data.
Next generation sequencing provides a powerful tool for systematically defining the
genetic differences between the subtypes. Interestingly, we observed that the types of
EATL demonstrate highly convergent genetics in the face of divergent gene expression. These findings suggest that the two subtypes of EATL arise from potentially
different normal cells of origin that nevertheless follow similar genetic pathways to
the development of EATL.
Knowing when to reclassify a disease is difficult, particularly in a rare entity such
as EATL. There are many potential benefits of increasing the resolution of diagnosis
including the ability to define the basis of distinct clinical outcomes, as well as
the ability to identify distinct aspects of biology. However, such fragmentation of
the disease landscape can also pose challenges in trying to perform clinical trials
and trying to improve clinical outcomes, particularly in uncommon diseases such
as EATL, where the described subtypes have similar outcomes and distribution of
therapeutically targetable mutations. Next generation sequencing provides the basis
for a data-driven approach to disease classification. It appears inevitable that such
data will inform future classification schemes.
SETD2 is the most frequently silenced gene in EATL. T cell development involves
the concerted action of many different genes at well-defined stages of development.
Expression analysis indicates that Setd2 is selectively downregulated in the steps
that are critical precursors of γδ T cells and an upregulation of Setd2 is a feature of
precursors of αβ T cells. SETD2 loss is associated with an expansion of γδ T cells
suggesting a novel role for SETD2 in T cell development, in addition to its other
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described roles in oncogenesis[170, 171]. Interestingly, a known hallmark of celiac
disease is an increase in the proportion of γδ T cells[186]. The lack of lymphoma
development in Setd2 knockout mice suggests that the development of EATL and
HSTL requires the activation of other collaborating genetic events. More work is
needed to fully define the role of SETD2 in the oncogenesis of EATL and other
peripheral T cell lymphomas, such as hepatosplenic T cell lymphoma.
This work defines for the first time the complete mutational, copy number, and
transcriptomic landscape of EATL genetics in one of the largest studies in this disease
to date. Our in vivo experiments support a role for SETD2 loss in T cell development
and lays the groundwork for future investigation into the role of this driver gene in
T cell lymphomas.
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5
The genomic landscape of mantle cell lymphoma is
related to the epigenetically determined chromatin
state of normal B cells

This chapter is modified from a paper published in the journal Blood in 2014, authored by co-first
authors J. Zhang, D. Jima, A. Moffitt, and Q. Liu, et al.

5.1 Introduction
Mantle cell lymphoma is an uncommon form of non-Hodgkin’s lymphoma characterized by generally high relapse rate and mortality. Although translocation of CCND1
is a defining feature of the disease, the role of collaborating somatic mutations that
contribute to mantle cell lymphoma remains to be further defined[149, 160, 197].
Cancers have traditionally been classified based on their anatomic tissue of origin.
Hematopoietic malignancies (leukemias and lymphomas) in particular have been extensively subclassified beyond tissue of origin, based upon the specific point in the
B cell differentiation stage from which they are thought to arise. Thus, the study
of these tumors enables the direct comparison between the normal stages of cell
differentiation and tumors that are thought to arise from them.
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As we better understand the genetic abnormalities underlying tumors, it is unclear whether the traditional methods of classifying tumors based on their tissue
of origin remain useful. For instance, it has been proposed that tumors could be
reclassified based on their particular mutational profiles rather than their cell of origin[198]. While some genes appear to be mutated frequently in a large number of
cancers (e.g. TP53), a number of oncogenes have been found to be relatively specific
to certain cancers. The lineage specificity of mutations has not been fully defined.
A number of genes related to B cell differentiation are recurrently mutated in
lymphomas (e.g. BCL6 [57], EZH2 [199]). Expression of mutant EZH2 hampers
germinal center (GC) differentiation and drives aberrant proliferation[200]. However,
the relationship between the differentiation stage and the development of specific
mutations in cancers remains to be defined. While early efforts have attempted to
characterize the association of chromatin structure to genetic alterations, they have
been limited to aggregate alterations at the megabase scale[116], or rearrangement
breakpoints[201], or known risk variants[117]. Work comprehensively defining the
chromatin state of more than one normal cell type and direct association of gene
mutations in tumors that arise from those normal cells has been lacking.
The ENCODE project[202] has elucidated the chromatin structure of a number
of cell types, but a similar definition of primary human mature B cells has been
lacking. A particular advantage of studying mature B cells is that their relationship
to leukemias and lymphomas is far better defined compared to other cell types (e.g.
those corresponding to solid tumors). In this study, we sought to better understand
the role epigenetic alterations that determine chromatin structure play in the gene
expression and mutational profiles of B cell tumors.
We performed exome sequencing in 56 cases of mantle cell lymphoma to broadly
identify the mutational landscape of the disease. We noted that the genetic profiles
of mantle cell lymphomas were distinct from other aggressive lymphomas. We then
defined the chromatin structure of the normal counterpart B cells (naïve and germinal center B cells respectively) for mantle cell lymphoma and Burkitt lymphoma
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by profiling their epigenetic markers using chromatin immunoprecipitation followed
by sequencing (ChIP-seq) for markers H3K4me1, H3K4me3, H3Ac, H3K36me3,
H3K27me3 and Pol II. We found that the somatic mutational profiles of mantle
cell lymphoma and Burkitt lymphomas overlapped strongly with areas of open chromatin in their normal counterpart B cells, identifying the epigenetically determined
chromatin structure in normal B cells as a potential determinant in the acquisition
of somatic mutations.
Thus, our data define the broad genomic landscape of mutations in mantle cell
lymphoma and point to an interplay between epigenetic states in normal cells and
the development of genetic alterations that lead to cancer.

5.2 Results
5.2.1

Exome sequencing reveals recurrent genetic alterations in mantle cell lymphoma

We performed exome sequencing on 56 mantle cell lymphoma tumors, 28 with paired
normal tissue (i.e. total 84 exomes). Patient information is included in Supplementary Table S5.1. DNA was extracted from these tissues and paired end sequencing libraries were constructed, followed by exome-enrichment using a solution-based
capture approach available commercially through Agilent. On average, we achieved
102-fold coverage of the targeted exonic regions. Over 90% of the targeted exons
were covered at an average depth exceeding 10-fold.
Sequencing reads were mapped to the reference human genome, and high-quality
mismatches were classified as synonymous and nonsynonymous variants. Nonsynonymous variants were further subclassified as missense, nonsense and small insertions/deletions (indels). Missense variants comprised the highest proportion of alterations (48.4%), whereas synonymous and nonsense variants and indels comprised
46.8%, 0.7% and 4% respectively.
We verified the accuracy of identifying genetic variants through deep sequencing
by performing Sanger sequencing in the same cases for 53 distinct variants. As in
our previously described work with hundreds of variants[14, 59], we found over 90%
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agreement between the two methods. These results confirmed the accuracy of our
methods for high throughput sequencing and identifying genetic variants.
5.2.2

Defining the landscape of gene mutations in mantle cell lymphoma

We initially examined the exomes of the mantle cell lymphoma cases with paired
germline DNA. We identified somatic mutations affecting 537 genes in at least one
tumor/germline pair among these cases. Transitions comprised the majority of the
somatic variants (P<10-3, chi-squared test). On average, we observed 32 somatic alterations per sample (range 1-61), a rate similar to that which we observed in Burkitt
lymphoma cases[59], and approximately half the rate we observed in DLBCL[14].
Upon inclusion of an additional 28 validation samples in our analysis, we identified
1189 rare variants corresponding to these 537 somatically mutated genes. These
variants were not present in publicly available data from normal controls including dbSNP135[203], the 1000 Genomes Project[204], and available exome sequencing
data from healthy individuals without lymphoma[205, 206].
We further required each of the identified genes to have three somatically acquired
and/or non synonymous rare events predicted to be functionally significant. These
methods, detailed in chapter 2, allowed us to identify 37 recurrently mutated genes
in mantle cell lymphoma. These genes are depicted in Figure 5.1a and listed in
Supplementary Table S5.2. The individual variants are listed in Supplementary
Table S5.3. The relative frequency of synonymous and nonsynonymous variants for
each gene is shown in Figure 5.1b. 12 of the 37 genes have been previously implicated
in cancer[207].
The most frequently mutated genes in mantle cell lymphoma were ATM (41.9%),
CCND1 (14%), MLL2 (19.6%) and TP53 (18.6%). Other frequently mutated genes
included known oncogenes and tumor suppressor genes such as RB1, SMARCA4,
APC, NOTCH1, and UBR5. Our data also implicated a number of genes not previously associated with mantle cell lymphoma, including POT1, FAT4 and ROBO2.
Silencing mutations (frameshift and nonsense mutations) comprised a sizeable frac-
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Figure 5.1: Exome sequencing in mantle cell lymphoma reveals recurrently
mutated genes. (a) The heat map indicates the pattern of nonsynonymous
mutations of the 37 most significantly implicated genes in 56 cases of mantle cell
lymphoma. Each column represents a patient and each row represents a gene.
Mutations are color-coded with yellow for missense mutation, purple for frameshift
mutation, red for nonsense mutation, and orange for in-frame insertion or deletion.
(b) The bar graph indicates frequency of variants found by gene across all samples,
subdivided by not-synonymous (blue) and synonymous (grey) mutations.

tion of the genetic events in ATM, MLL2, MLL3, RB1 and ROBO2, suggesting that
those alterations result in a loss of function in mantle cell lymphoma.
Pathway and gene set analysis of the significantly mutated genes reveals a crucial role for many of these genes in cell cycle regulation (SMC1A, POT1, RB1),
cell adhesion (FAT4, DLC1, CDH8), development (ROBO2, ANK2, CTNNA2), and
chromatin modification (SMARCA4, MLL2, MLL3, WHSC1). Figure 5.2 illustrates
the links between mutated genes that belong to the same functional gene sets. Details of enriched pathways among the MCL significantly mutated genes are shown in
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Figure 5.2: Network diagram of recurrently mutated genes in MCL. The network
indicates functional groupings of the genes mutated in MCL. Nodes represent
significantly mutated genes that are also a part of a significant functional group.
Edges connect nodes that belong to the same functional gene set. Colored ovals
identify the gene sets to which these nodes belong.

Table 5.1 using gene sets found in MSigDB (http://software.broadinstitute.
org/gsea/msigdb/annotate.jsp).
5.2.3

Genetic differences between mantle cell lymphoma and other lymphomas

In order to better understand the genetic differences between common non Hodgkin
lymphomas, we analyzed exome sequencing data that we[14, 59] and others[55–57,
60, 61] have generated from Burkitt lymphoma and diffuse large B cell lymphoma
(DLBCL). We identified all genes that were mutated at a frequency of 10% or higher
in at least one tumor type and differentially mutated among at least one of the lymphoma types (P<0.05, Fisher’s exact test). We plotted the relative frequencies of
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Table 5.1: Pathways enriched in MCL significantly mutated genes. Gene sets
significantly enriched among the MCL genes with enrichment statistics taken from
gene set enrichment analysis using MSigDB gene sets.
GSEA MSigDB
Annotation

# Genes
in
Overlap
(k)
4
4

# Genes
in Gene
Set (K)

p-value

FDR
q-value

Genes in Annotation
Set

16
28

3.98E-10
4.45E-9

1.94E-6
1.09E-5

TP53, ATM, RB1, CCND1
TP53, ATM, RB1, CCND1

3
6

13
421

9.59E-8
5.12E-7

1.17E-4
4.15E-4

Protein N-Terminus
Binding
Negative Regulation of
Growth
Regulation of RB1
Regulation of Telomerase
p53 signaling pathway
DNA Metabolic Process

3

38

2.79E-6

1.77E-3

TP53, ATM, RB1
TP53, ATM, RB1,
CCND1, SMC1A, POT1
TP53, ATM, SMARCA4

3

40

3.27E-6

1.77E-3

TP53, RB1, DLC1

3
3
3
4

65
68
69
257

1.43E-5
1.64E-5
1.71E-5
3.44E-5

4.10E-3
4.33E-3
4.33E-3
6.71E-3

G1 and S Phases
Tumor Suppressor Arf
Inhibits Ribosomal
Biogenesis
Regulation of
transcriptional activity by
PML
Telomeres, Telomerase,
Cellular Aging, and
Immortality
Meiosis
Chaperones modulate
interferon Signaling
Pathway
ATM Signaling Pathway
DNA Repair
Apoptotic Signaling in
Response to DNA Damage
Cyclins and Cell Cycle
Regulation
Hypoxia and p53 in the
Cardiovascular system
Collagen
Direct p53 effectors
Signal Transduction

2
2

15
17

5.22E-5
6.75E-5

9.32E-3
1.10E-2

RB1, CCND1, SMARCA4
ATM, CCND1, POT1
TP53, ATM, CCND1
TP53, ATM, SMC1A,
POT1
TP53, CCND1
TP53, RB1

2

17

6.75E-5

1.10E-2

TP53, RB1

2

18

7.60E-5

1.19E-2

TP53, RB1

3
2

116
19

8.09E-5
8.49E-5

1.23E-2
1.25E-2

ATM, SMC1A, POT1
TP53, RB1

2
3
2

20
125
22

9.42E-5
1.01E-4
1.14E-4

1.31E-2
1.37E-2
1.47E-2

TP53, ATM
TP53, ATM, SMC1A
TP53, ATM

2

23

1.25E-4

1.49E-2

RB1, CCND1

2

23

1.25E-4

1.49E-2

TP54, ATM

2
3
7

23
137
1634

1.25E-4
1.32E-4
1.34E-4

1.49E-2
1.51E-2
1.51E-2

Cell Cycle: G2/M
Checkpoint
Influence of Ras and Rho
proteins on G1 to S
Transition
Biopolymer Metabolic
Process

2

24

1.37E-4

1.51E-2

PLXNB3, COL16A1
TP53, RB1, SMARCA4
TP53, ATM, SMC1A,
CLC1, GRIN2A,
COL16A1, NOTCH1
TP53, ATM

2

26

1.61E-4

1.68E-2

RB1, CCND1

7

1684

1.62E-4

1.68E-2

BARD1 signaling events
Genes involved in
Pre-NOTCH Transcription
and Translation

2
2

29
29

2.01E-4
2.01E-4

1.95E-2
1.95E-2

TP53, ATM, RB1,
CCND1, SMC1A, POT1,
EIF2AK4
TP53, ATM
TP53, CCND1

p53 Signaling Pathway
Cell Cycle: G1/S Check
Point
RB Pathway
Cell Cycle
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Figure 5.3: Patterns of exonic mutations across lymphomas show similarly and
differentially mutated genes. The bar graph depicts the proportion of mutated
cases that belong to each lymphoma type for mantle cell lymphoma (MCL),
Burkitt lymphoma (BL), GCB diffuse large B cell lymphoma (DLBCL), and ABC
diffuse large B cell lymphoma.

these genes for mantle cell lymphoma, Burkitt lymphoma and the molecular subgroups of DLBCL in Figure 5.3.
We found a number of genes that were predominantly mutated in each disease.
Mutations in ATM, CCND1, and RB1 occurred mostly in mantle cell lymphoma.
Mutations in ID3 and MYC occurred predominantly in Burkitt lymphoma. Mutations in PIM1, BCL2 and CREBBP occurred mostly in DLBCLs. A number of genes
had overlapping patterns of mutations between two or more of the diseases, including
TP53, GNA13, ARID1A and SMARCA4.
We further examined the association between individual genes that were recurrently mutated in these diseases (Figure 5.4). We found that ATM and RB1 mutations tended to co-occur in the same cases, reflecting their involvement in the DNA
damage response and its importance in mantle cell lymphoma.
5.2.4

Epigenetic profiling of normal B cells and its relationship to gene expression

Gene expression and replication must be preceded by conformational changes in the
chromatin to an open state [119]. We sought to define the relationship between
the epigenetically determined chromatin state of primary mature B cells and the
lymphomas that are thought to arise from them.
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Figure 5.4: Co-occurrence and mutual exclusion of mutated genes in lymphoma.
The heat map indicates the mutational association between 56 genes found to be
recurrently and differentially mutated in mantle cell lymphoma, Burkitt lymphoma,
Germinal Center diffuse large B cell lymphoma, or Activated B-cell diffuse large B
cell lymphoma. Both x and y axes include genes in the same order (left to right,
top to bottom). Blue denotes negative association and orange denotes positive
association between genes.

We performed FACS-sorting of normal naïve B cells, germinal center B cells and
memory B cells from otherwise normal individuals undergoing tonsillectomy (>95%
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Figure 5.5: Epigenetic profiles of chromatin marks across all genes. Epigenetic
profiles of H3K4me1, H3K4me3, H3K27 me3, H3Ac, H3K36me3, and Pol II are
shown in 50-bp read resolution from 2kb upstream to 10 kb downstream of all
annotated transcription start sites.

purity verified by flow cytometry in each case)[130]. We profiled the chromatin
structure and epigenetic state of the normal B cells through ChIP-seq on 6 different
markers: H3K4me1, H3K4me3, H3Ac, H3K27me3, H4K36me3, and Pol II. These
markers collectively identify a comprehensive epigenetic portrait of these primary
human cells. A few of these markers have been published previously in B cells, and
the identified regions overlap strongly with our data[200].
We plotted (Figure 5.5) the aggregate density for each of the six markers associated with gene expression over a range from 2kb upstream to 10 kb downstream of all
CCDS-annotated transcription start sites (TSS). Consistent with work in other cell
types [119, 121], we found that H3K4me1 and H3Ac exhibited strong peaks before
and after the TSS, Pol II and H3K4me3 peaked directly at the TSS, and H3K36me3
exhibited elevated levels through the gene body (Figure 5.5), reflecting transcription112

ally active genes. H3K4me3 levels declined rapidly over the gene body, consistent
with the notion that it marks promoter sites. The repressive marker H3K27me3 also
was elevated before and after the TSS, an indication of the transcriptionally inactive
genes.
We further plotted the chromatin epigenetic marker profiles around the transcription start sites for both highly and lowly expressed genes for each cell type[126].
We observed similar patterns in both cell types (Figure 5.6). The genes that were
expressed the most highly in these B cells were highly associated (P<10-6, Pearson
correlation test and Kolmogorov-Smirnov test) with the epigenetic alterations that
identify open chromatin (H3K4Me1, H3K4Me3, H3Ac, H3K36Me3). Conversely, the
epigenetic alteration associated with closed chromatin (H3K27Me3) was found to be
highly associated with repressed gene expression. The markers H3K4Me1, H3Ac and
H3K36Me3 were most strongly associated with the gene body whereas H3K4Me3
was most strongly associated with promoter regions, as has been described previously[119].
5.2.5

Role of B-cell differentiation stage in mantle cell lymphoma

Although B cell differentiation state is the basis for classifying lymphomas, the extent to which it is related to the molecular profiles of mantle cell lymphoma and
other lymphomas has not been fully defined. In order to investigate this further, we
examined the relationship between differentially activated chromatin marks between
cell types and gene expression in the tumors of corresponding cell-of-origin (Figure
4a). Based on the observed patterns of distribution of chromatin marks and the
body of the gene, we defined open chromatin in all gene regions as a combination
of marks corresponding to H3K36me3, H3ac, and H3K4me1. Differential chromatin
levels for each gene were calculated by computing the difference of total number of
aligned ChIP-seq reads from naïve and germinal center B cells that fell within the
gene region, normalized by the length of the gene and the sequencing library size,
similar to methods described previously (Supplement Table S5.4)[119].
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Figure 5.6: Differential gene expression of normal B cells correlates with B cell
chromatin profiles. Epigenetic profiles of H3K4me1, H3K4me3, H3Ac, H3K36me3
and H3K27me3 around the transcription start sites (TSS) are shown for the top
10% most expressed, bottom 10% expressed, and all genes for naïve and germinal
center B cells.
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Figure 5.7: Open chromatin differences between B cell differentiation stages
associate with expression differences in corresponding lymphomas. The heat map
depicts the chromatin signal at gene level for H3K36me3, H3ac, and H3K4me1
open chromatin markers in genes with the most significant open chromatin
differences between normal and germinal center B cells. On the rightmost heatmap,
gene expression in mantle cell lymphoma samples (64 cases) and Burkitt lymphoma
(23 cases) is indicated for the same genes. Orange indicates higher chromatin signal
or higher gene expression; blue indicates lower.

We examined the gene expression profiles of mantle cell lymphomas[143] and
Burkitt lymphomas[58] performed on the same microarray platform. We observed a
striking overlap (Figure 5.7) between the epigenetic profiles defining open chromatin
in naïve and germinal center cells and the gene expression profiles that distinguish
mantle cell lymphoma and Burkitt lymphoma, an overlap that was highly statistically
significant (P<10-6, chi-squared test), and likely reflected the similarity of these
tumors to their supposed cells of origin.
Thus, we concluded that the epigenetically defined regions of open chromatin
of their cells of origin are highly related to gene expression profiles of mantle cell
lymphoma and Burkitt lymphoma.
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Figure 5.8: Open chromatin differences between B cell differentiation stages
associate with mutation frequency in corresponding lymphomas. (a) The box plots
on the left illustrate difference in open chromatin score for genes differentially
mutated between BL and MCL. On the horizontal axis, MCL Mutated Genes is
defined as genes with a significantly higher mutation rate in MCL compared to BL,
and the reverse for BL Mutated Genes. (b) The box plots on the right indicate
expression fold change between normal germinal center and naïve B cells for the
same two sets of genes. The size of the individual data points is scaled to the
number of mutated cases in the corresponding disease.

5.2.6

Epigenetic profiling of normal B cells and its relationship to mutations in
lymphoma

We next examined the association between the mutational patterns observed in mantle cell lymphoma and Burkitt lymphoma and these chromatin marks in their cells
of origin, naïve B cells and germinal center B cells. We defined an open chromatin
score for each gene using a sum of the markers for open chromatin on the gene body
(H3K36Me3, H3Ac, and H3K4Me1; Figure 5.7a, Supplementary Table S5.4).
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Using these epigenetic markers, differences in open chromatin between naïve B
cells and germinal center B cells were computed for genes that were differentially
mutated in mantle cell lymphoma and Burkitt lymphoma. We plotted the relative
state of open chromatin in naïve and germinal center B cells (Figure 5.8; individual
markers shown in Supplement Table S5.4) in these genes. We found that difference
in gene mutation frequency between mantle cell lymphoma and Burkitt lymphoma
is highly associated with differences in open chromatin in their corresponding cells of
origin (P<0.001, chi-squared test). Differences in mutation frequency were not associated with expression differences of these genes in the normal B cells (Figure 5.8b).
In addition, those genes mutated in both BL and MCL without significant differences
in mutation rate did not show significant differences in open chromatin between the
corresponding normal B cell types.

5.3 Discussion
Our data identifies the genetic heterogeneity underlying mantle cell lymphoma and
implicates a number of novel genes in the development of the disease. Our study
overlapped significantly with recently published studies of 29 tumor exomes[159]
and eighteen transcriptomes [121, 197](e.g. ATM, CCND1, TP53, WHSC1, MLL2,
NOTCH1, UBR5) and targeted sequencing studies (e.g. BIRC3[208], ATM and TP53
[209]). Our work implicates other mutated genes in the mantle cell lymphoma including RB1, POT1, ROBO2, SMARCA4, and MLL3. Similar to other lymphomas[14],
our data indicate a striking heterogeneity underlying mantle cell lymphomas, with
relatively few genes mutated in more than 10% of the cases. While our data indicate
a paucity of activating mutations in oncogenes that can be readily targeted therapeutically, a functional analysis of gene mutations implicates cell cycle progression,
cell adhesion, and signal transduction as broad oncogenic processes that could be
targeted.
If the acquisition of somatic mutations in tumors was completely stochastic, then
one might expect that virtually every oncogene and tumor suppressor gene to be
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involved in most cancers. However, most cancers show a degree of specificity in their
mutational spectrum. Our work identifies B cell stage as a critical determinant of
acquired somatic alterations in lymphomas. "Lineage addiction" has been previously
noted in the context of individual genes[210]. Both BCL6 [211] and EZH2 [200] have
already been defined as important regulators of B cell differentiation and oncogenes
in germinal center B cell-derived tumors[212]. Our study is among the first to define
the extent to which B cell stage is associated with mutations in lymphomas.
The state of differentiation of each cell type ultimately resides in the chromatin
structure of the cells. The epigenetic modifications of histones enable the coiling and
uncoiling of DNA that is a prerequisite for DNA repair, replication and transcription. The ENCODE project[202] has defined the chromatin structure of a number of
cell types determining gene regulatory regions including promoters, enhancers and
insulators. To our knowledge, our data provide the first comprehensive description
of these regions in human naïve, germinal center (dark zone) and memory B cells.
The normal cells of origin of hematopoietic malignancies are better defined than
those of most other tumor types. While our recognition of cells of origin is necessarily
limited by our evolving knowledge of states of cellular differentiation that exist within
every lineage, the mature B cell types (germinal center dark zone cells and naïve cells)
nevertheless capture the broad phenotypes of Burkitt lymphoma[213] and mantle cell
lymphomas respectively. Mantle cell lymphomas arise from a subset of CD5-positive
naïve cells, while a small proportion of mantle cells appear to be of post-germinal
center origin. Nevertheless, the vast majority of mantle cell lymphomas largely
maintain the phenotype of naïve B cells. This is highlighted by the strong overlap
between the gene expression profiles of naïve B cells and mantle cell lymphomas.
Chromatin structure has been shown to be a potential determinant of local mutation rates in different cancers[116, 117]. One recent study examined, at megabase
scale, the relationship between relative mutational rates across the genome and corresponding chromatin structure[116]. It found that genomic regions of higher SNV
density associate with more closed chromatin. Our study is, to our knowledge, the
first to elucidate the relationship between differential gene-level mutation rates be118

tween two cancer types (MCL and BL) and the difference between chromatin states
of their corresponding normal cells of origin (naïve and germinal center B cells).
Our data indicate that at the gene level, the epigenetically defined differences in
chromatin structure between naïve and Germinal Center B cells is independently
associated with both expression profiles and mutational profiles of B cell lymphomas
derived from those cell types.
Mutation of chromatin modifying genes has been found to be a recurrent feature of many cancers. In lymphomas, EZH2 mutations have been shown to modify
H3K27me3, a process that might influence lymphoid transformation in germinal
center derived B cells. The role of transcription-associated mutagenesis has been
described in prokaryotes[214] and yeast[215]. While it is possible that similar mechanisms underlie cancers, the association between chromatin structure and mutation
rates is not explained by transcription alone. There was no relationship between differential gene expression and mutation, suggesting that other unknown mechanisms
underlie the association between mutations and chromatin structure.
Our study identifies the epigenetically defined chromatin structure of normal B
cells as a common denominator of both expression profiles and mutational profiles of
B cell lymphomas. This work thus provides an important starting point for understanding the genetic diversity of mantle cell lymphomas and the interplay between
genetic and epigenetic alterations in cancer.
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6
Sequencing the DLBCL transcriptome

This first part of this chapter includes modified excerpts from a collaborative manuscript on the
sequencing of the DLBCL transcriptome, which was authored by A. Nugent, A. Moffitt, D. Jima,
et al. The second part of the chapter is unpublished research.

6.1 Introduction
The transcriptome of a cell comprises the complete set of expressed coding and
non-coding RNAs. While the recognition of the role of different isoforms in coding
RNA and the numerous different non-coding RNA species such as lncRNAs represent
a major advance in our understanding cancer, this recognition also presents new
challenges in defining the transcriptome of cancers.
RNA sequencing provides new opportunities for defining the complete coding
and non-coding transcriptome[109]. While RNAseq is being applied widely in tumor
biology to characterize gene expression, alternative splicing and gene fusions, this
method also has important limitations. First, the most frequently applied RNAseq
protocols utilize a short sequence of deoxy-thymine nucleotide (oligodT) primers to
bind the poly-A tail of mRNAs to create cDNAs for sequencing. This means that
RNAs lacking poly-A tails – including the vast majority of non-coding RNAs–are
excluded from this analysis. Second, this method relies upon intact RNAs which
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frequently limits its applicability to snap-frozen tissues and usually precludes the
use of cases preserved using the widely applied formalin fixed and paraffin embedded
(FFPE) method. Third, strand-specific information is lost in the generation of cDNA,
greatly reducing the ability for resolving transcript strand of origin and limiting the
discovery of novel transcripts and isoforms.
Strand-specific total RNAseq[216], while technically challenging, has the potential to characterize the expression of both coding and non-coding RNAs while maintaining strand-specific information needed to resolve novel isoforms and non-coding
RNAs. This method might also overcome the need for snap frozen tissue. However,
this method for RNAseq has not been applied in a large cohort of samples to assess
its reproducibility and robustness.
Diffuse large B cell lymphoma (DLBCL) is the most common form of lymphoma
and these tumors demonstrate a striking degree of molecular and clinical heterogeneity[14, 35, 217, 218]. Gene expression profiling has shown that DLBCL can be
divided into at least two prognostic subgroups: activated B cell-like (ABC) and germinal B cell-like (GCB) DLBCL that are distinct in their gene expression profiles
and clinical outcome[35]. Although aspects of the transcriptome of DLBCL such as
the role of mRNA[35, 218] and microRNA expression profiles[130] have been studied
extensively, the expression patterns of other non-coding RNAs such as lncRNAs and
extent of alternative splicing in DLCBL is largely unknown.
In this study, we develop strand-specific total RNA sequencing (ssRNAseq) as a
novel approach to comprehensively define the coding and non-coding transcriptome
of DLBCLs and demonstrate that this method works well in conventionally preserved
FFPE specimens. We further demonstrate that our method allows the recovery of
multiple classes of biomarkers simultaneously, including genetic alterations and the
expression of coding and non-coding RNAs that distinguish ABC and GCB DLBCLs.
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Figure 6.1: Method for generating ssRNAseq libraries. Ribosomal RNA was
removed from total RNA and the remaining RNA was synthesized into cDNA with
the addition of a 3’ tag. RNA was removed from the RNA-DNA duplex then a 5’
tag was added through DNA synthesis to the remaining strand. The DNA was then
purified and PCR amplified to produce the final ssRNAseq library.

6.2 Strand-specific total RNA sequencing of DLBCL
Our overall schema for strand specific sequencing is shown in Figure 6.1. We began by isolating total RNA from 112 DLBCL cases. Since ribosomal RNA (rRNA)
is known to constitute as much as 80% of the RNA in tumors and confound the
measurement of other functional RNA types, we removed rRNA from total RNA by
using homologous rRNA sequences bound to magnetic beads. Then, using random
hexamer primers with affixed 3’ tags, we generated strand-specific cDNA from our
existing pool of rRNA-depleted total RNA. After digesting the RNA from the RNADNA duplex, we ligated a 5’ tag to the single-stranded DNA. Finally, we purified the
DNA and PCR amplified the product using barcoded primers in order to generate
our final sequencing libraries. These sequencing libraries were assessed for quality
and subjected to high throughput sequencing using the Illumina platform to generate
over 4 billion 100bp paired end reads (average of 32.7 million reads per sample).
Our methods for analysis of sequencing data are described in detail in chapter 2.
Briefly, the sequencing reads were aligned using TopHat, a spliced read aligner which
allows for sequencing reads to span multiple exons[110]. On average, we were able
to align 80% of the sequencing reads for each sample to the reference genome. The
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Figure 6.2: Strand-specific splicing of two nearby genes transcribed on opposite
strands. Total coverage (top track) shows reads align predominantly to exonic
regions (bottom track). Positive and negative strand splicing tracks (middle) show
that CD97 and DDX39 reads align solely to the positive and negative strands,
respectively.

Cufflinks software package was then used for reference-based transcript assembly and
quantification of gene and transcript level expression[111].
By using a strand-specific sequencing strategy, we maintained the orientation of
the transcript to enable more accurate transcript annotation and better prediction
of novel transcripts. An example of such strand-specific alignment is illustrated in
Figure 6.2 for RNA transcribed from two genes encoded on opposite strands of the
genome in close proximity to each other. As this example indicates, reads from the
neighboring genes CD97 and DDX39A on chromosome 19 mapped with a high degree
of specificity (indicated by red and blue tracks) to the correct DNA strands encoding
these genes.
We systematically assessed the strand-specificity of our technique by evaluating
all the sequencing reads mapping to annotated genomic regions with non-overlapping
positive or negative strand genes. We further subdivided these sequencing reads
based on whether they mapped to the positive strand of the genome or the negative
strand and compared this to the genome annotation on a read by read basis. We
found a high degree of strand-specificity in our method as over 95% of the reads
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Figure 6.3: ssRNAseq is highly strand-specific. 95% of reads align to the
appropriate strand for both positive and negative strand genes (p<10´6 ,
Chi-squared test).

mapped to the correct strand (p<10´6 , Chi-squared test, Figure 6.3). This degree
of strand-specificity was consistent and reproducible across all the DLBCL samples.

6.3 Strand-specific total RNA sequencing allows robust measurement
of the coding and non-coding transcriptome of DLBCLs
Since our method uses strand-specific random priming, we reasoned that it could
work robustly using the fragmented RNA that is typically recovered from conventionally preserved FFPE cases. We obtained paraffin blocks from three DLBCL
patient tumors that were preserved using both flash freezing followed by storage at
-80°C and FFPE methods. We compared the measured gene expression in these
cases and found a striking degree of overlap (Figure 6.4, r = 0.93, p<10´6 , correlation test). The number of distinct genes identified, expression patterns indicating
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Figure 6.4: Correlation of ssRNAseq gene expression measurements between
FFPE and frozen tissue preparations of the same patient sample.

DLBCL subgroup (discussed below) and strand-specificity were virtually identical
for all paired cases indicating that our method is efficacious in FFPE cases.
In all, we identified 18,182 total coding and non-coding transcripts that were
expressed in at least 30% of the cases. These consisted of 16,534 known transcripts
which map to 11,139 distinct genes and 1,648 novel transcripts (Figure 6.5). Each
transcript type was identified using the genomic annotation from Ensembl (release
60) for the locus where the sequencing reads were mapped. ssRNAseq recovered not
only protein coding genes, but also non-coding RNA species in addition to mRNA
such as lncRNAs, snRNAs and snoRNAs.
Approximately 4% of all transcripts represented non-mRNA species while the majority of the transcripts (83.6%) were found in the protein coding region (Figure 6.6).
We were able to robustly measure the expression of over one hundred snRNA, snoRNAs, lncRNAs, microRNAs and other non coding RNAs in our DLBCL cases.
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Figure 6.5: RNA transcripts expressed in at least 30% of the DLBCL cases.
16,534 known and 1,648 novel transcripts were detected.

We also found the expression of the lncRNAs NEAT1 and CRNDE, which have
both been implicated in cancer[219, 220] and suggest that lncRNAs also have an
important role in DLBCL.We have previously demonstrated the efficacy of applying
high throughput sequencing for characterizing novel microRNAs[126]. Using the
same methods in our data, we identified the expression of 64 novel microRNAs in
our data. We further examined the association of these expressed microRNAs and
the chromatin structure of normal B cells[132]. Virtually all the novel microRNAs
(94%) were associated with open chromatin (H3K4me3 and H3K4me1) in B cells.
We further examined the relative expression patterns of the different coding and
non-coding RNAs. While protein-coding RNAs were the most abundantly expressed
RNAs, we found that a substantial proportion of the non-coding RNAs were found
to be expressed at levels similar to mRNAs (Figure 6.7).
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Figure 6.6: Number of transcripts matching known RNA species. Approximately
4% of all transcripts represented non-mRNA species while the majority of the
transcripts (83.6%) were found in the protein coding region.

6.4 Strand-specific total RNA sequencing allows the clinically important distinction of DLBCL subgroups through simultaneous assay
of multiple classes of biomarkers
DLBCL is known to be molecularly heterogeneous with at least two different prognostic subgroups, ABC and GCB DLCBL. The methods for the clinical distinction
of these subgroups remain poorly developed and gene expression profiling remains
the accepted method for distinguishing the two subgroups.
We performed gene expression profiling on 112 DLBCL cases using Affymetrix
Gene 1.0 microarrays, and identified 38 ABC DLBCL and 40 GCB DLBCLs[126].
We then examined the differences in the molecular features that distinguished these
two subgroups of DLBCLs. Gene mutations that distinguish these DLBCL sub127
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Figure 6.7: Expression levels of various RNA species. A substantial proportion of
the non-coding RNAs were found to be expressed at levels similar to mRNAs.

groups have been described previously[14, 57]. We examined individual variants in
genes that were previously identified as somatically mutated in either ABC or GCB
DLBCLs and identified the corresponding variants in those genes from our ssRNAseq
data. We found that ssRNAseq identified recurrent variants in six genes that were
specific to DLBCL subgroups. While GNA13, EZH2 and BCL2 mutations occurred
largely in GCB DLBCLs, mutations in MYD88, CD79B and UQCRC1 occurred
predominantly in ABC DLBCLs. These data suggest that the variants identified
by ssRNAseq can be used in classifiers that aid the distinction of ABC and GCB
DLCBLs (Figure 6.8).
We further defined the expression of genes and noncoding RNAs in these DLBCLs using ssRNAseq. Using the Cufflinks package, we quantified the number of reads
mapping to each exonic locus as exon fragments per kilobase of exon per million fragments mapped (FPKM)[111]. These FPKM expression data were log-transformed
and quantile-normalized. Permutation testing identified genes and non-coding RNAs
with significant t-statistics (FDR<0.1 after multiple hypothesis testing correction)
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Figure 6.8: Heat map showing gene mutations derived from RNA sequencing
data for 6 genes whose mutations distinguish ABC and GCB DLBCL samples. Red
indicates a non-synonymous rare mutation in the gene for that sample.

and significant fold changes (fold change >1.5 and p<0.05) between ABC and GCB
DLBCL.
We found the expression of 210 genes and non-coding RNAs distinguished ABC
and GCB DLCBLs. A number of these genes including IRF4, FOXP1, MYBL1, and
MME (CD10) have been described previously in studies using microarrays to render
this distinction[49]. In addition to protein coding genes, we were able to identify
differentially expressed lncRNAs (e.g. AC016525.3, LL22NC03-23C6.13), snRNAs
(e.g. SNORA42, snoRNAs (e.g. SNORNA42, SNORND104) and other non-coding
RNAs (e.g. miR-155) that could distinguish ABC from GCB DLBCL (Figure 6.9).
In addition to our previously identified microRNAs that distinguish ABC and
GCB DLBCLs, we also found that a number of other non-coding RNAs including
small nucleolar RNAs (snoRNAs) and small nuclear RNAs (snRNAs) that are enriched for a particular subgroup. To our knowledge, this is the first time expression
of these non-coding RNAs has been described in DLBCLs.
Recognizing the translational opportunity presented by the ability to combine
multiple classes of biomarkers identified by RNAseq, we developed a Bayesian predictor to distinguish ABC from GCB DLBCLs. This predictor included a combination
of coding and non-coding RNA expression and genetic mutations. We tested this
predictor across all our cases using leave out one cross-validation and found that the
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Figure 6.9: Heat map showing relative expression levels of 221 RNA transcripts
in ABC and GCB DLBCL samples. Red indicates higher expression levels and blue
indicates lower expression levels. The colors show an 8-fold range of expression for
each gene. Biomarkers of different classes, including lncRNAs, snoRNAs, snRNAs,
and protein coding RNAs are shown, with exemplars highlighted on the right.

RNAseq-based method had an overlap of over 90% with the predictions generated
by microarrays (Figure 6.10).

6.5 Benefits and limitations of strand-specific total RNA sequencing
approach
Next generation sequencing has provided new tools of unprecedented resolution for
the high throughput examination of alterations in genetic features and transcription
in cancers. Here, we have developed strand-specific total RNA sequencing as an
approach for characterizing the transcriptomes of DLBCL.
The expanding recognition of non coding RNAs has made it difficult to comprehensively study the transcriptome in different tissues. Our data indicate that
strand-specific total RNAseq might overcome key limitations of conventional mRNA
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Figure 6.10: Bar graph showing concordance between microarray-based gene
expression classifier and RNA sequencing mutation, non-coding RNA, and coding
RNA based gene expression classifier for distinguishing ABC and GCB subtypes of
DLBCL.

sequencing and define the expression of both coding and noncoding RNAs simultaneously. Other future applications of this work could include the definition of
allele-specific expression, imprinting and the potential relationship among different
transcript classes. We also demonstrate that the expression thus measured agrees
well with results obtained using microarrays, while offering several key advantages
over microarrays including comparable cost (especially if one considers the multiple
platforms that would be needed to measure different RNA types) and the lack of
dependence on predesigned probes for measurement of expression. The potential
shortcomings of ssRNAseq include higher technical and analytical complexity.
The ability to apply ssRNAseq in paraffin-embedded samples would greatly expand the application in large archival tissue collections in cancer that currently require frozen tissue. The recognition of the molecular subgroups of DLBCLs was a
major advance in the understanding of the biology of the disease. However, the
131

clinical distinction of the two subgroups has proved to be challenging using conventional microscopy-based methods in pathology. As high throughput sequencers have
become increasingly ubiquitous in clinical laboratories, a method for distinguishing
DLBCL subgroups based on high throughput sequencing would provide a path to
clinical translation that builds upon hardware that will soon exist in most laboratories. Our work demonstrates that strand-specific total RNA sequencing is able
to distinguish multiple classes of biomarkers simultaneously and accurately classify
ABC and GCB DLBCL cases. We envision that RNA from a clinical sample can
be readily compared to our reference set to quickly determine its likelihood that the
case belongs to a particular defined group DLBCL.
RNA sequencing has proved to be a versatile method for defining expression
profiles, splicing patterns and mutational patterns in cancers. Our data demonstrate
the power of our ssRNAseq method in defining the molecular patterns underlying
DLBCLs and provide a starting point for further understanding the role of altered
transcription in this disease.

6.6 Scaling up the RNA sequencing protocol and pipeline to 1000 DLBCL samples
While our initial study of „100 DLBCL transcriptomes discussed above provided
much insight into the nature of the DLBCL transcriptome, and provided the basis for
an alternative splicing study between ABC and GCB DLBCL (not discussed here), we
found that the heterogeneous patterns of gene expression in DLBCL could be better
represented in a much larger cohort of 1000 DLBCL transcriptomes. Concurrently,
our exome sequencing work [14] in DLBCL also demonstrated that 1000 samples
were needed to have the power to detect genes mutated in a small percentage of
DLBCL. We find that the most powerful analysis in cancer genomics comes not
only with large sample sizes, but also with integration. Therefore, we undertook the
exome and RNA sequencing of 1000 DLBCL cases. The integration of the exome
sequencing results with clinical data is presented in [221]. Here, I will discuss the
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protocol improvements and initial results from the RNA sequencing portion of this
study.
The first necessary hurdle to scale up our transcriptomics efforts is to reduce costs
and improve time efficiency. The main change that I will discuss here is the choice of
reagents and associated protocols in different provider’s kits. The results presented
here are from two kits, ScriptSeq from Illumina, and the Kapa Biosystems RNAseq
kit. The other main concern in the RNA sequencing of 1000 FFPE samples is sample
and data quality. We showed above that sequencing from FFPE is a feasible approach
(Figure 6.4). However, with 1000 samples, coming from many institutions all around
the world, the original sample quality may be hard to we wanted to ensure that our
cost and time effective approach would indeed generate usable and high quality data.
The final dataset of DLBCL transcriptomes would involve around 10 million
reads per sample. However, before committing to the several Illumina Hiseq flowcells
required to complete that dataset, we wanted to be able to intensively quality test the
sequencing libraries on a much smaller scale. While standard practice for sequencing
libraries is to run the input RNA and RNA libraries through an instrument such as
the Agilent Bioanalyzer to check size distribution of the nucleotides, we found that
this is not predictive enough of the final dataset. In addition to standard quality
checks, we multiplexed the samples with 96 barcodes and sequenced 96 samples at a
time on the Illumina Miseq sequencer, producing on the order of 0.25 million reads
per sample. This process also allows for very precise quantification of the libraries
which is necessary to balance them appropriately and get an even number of reads
per sample in the final sequencing run.
6.6.1

Alignment metrics and pipeline updates

The very low coverage data (0.25 million reads per sample) generated from the quality
checks on the Miseq can be quickly run through the same bioinformatics pipeline as
we use for final RNAseq datasets. As we began testing several variations on the kits
and protocols, I wanted to add additional standard quality metrics to the pipeline
that would generate immediate feedback for the wet-lab technicians. Figure 6.11a
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Figure 6.11: Flowchart of RNAseq pipeline quality checks and statistics. (a)
Trimming and alignment steps. (b) Expression metrics calculated on aligned reads.

demonstrates the flow of reads through the initial alignment pipeline. Reads are
first trimmed to remove low quality bases and adapter sequences[140]. Then reads
are mapped against a ribosomal RNA reference (discussed more below) and finally
through the standard alignment with Tophat [110] to the human transcriptome and
genome. Importantly, at each step, the number of reads that enter and pass the step
are recorded and output as separate statistics. We can calculate at the end of these
3 steps the adjusted alignment percentage, which is just a multiplication of the "pass
trimming %", "non-ribosomal RNA %", and typical "alignment %". This allows us
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Figure 6.12: Distribution of GC content in high and low quality RNAseq samples.
Left side shows the observed distribution of GC content in a high quality sample
with the vast majority of ribosomal RNA removed, where the GC distribution is
roughly normal. Right side shows the distortion of the GC distribution in a low
quality sample with significant amounts of ribosomal RNA remaining.

to have one number to capture the percent of reads that actually end up in the final
alignment. It also lets us isolate where in the process any particular sample might
have issues which can give clues to protocol improvements needed. Finally, we found
that these statistics are robust to sequencing depth. The calculations generated
based on the low coverage Miseq data scale almost perfectly to those calculated
when the final dataset is generated on the Hiseq, which is very helpful in protocol
optimization.
Figure 6.11b shows additional statistics at the gene expression level that are
calculated for every sample. The left side of the flowchart counts overlap of reads
with certain types of sequence features, including exons, introns, UTRs, and upstream/downstream of genes. The right side is calculated from counting reads that
overlap with genes and calculating the FPKM ratio for each gene. The ABC/GCB
ratio will be discussed more in a later section.
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6.6.2

Removing ribosomal RNA in silico

As discussed earlier, total RNA sequencing does not select for the messenger RNA,
but instead starts with all RNA and removes ribosomal RNA, which typically takes
up 80-90% of all RNA in a cell. This is done with synthetic baits that have the
sequences of ribosomal RNA (rRNA). Ribosomal RNA has a very high percent of
G’s and C’s (GC content) in its sequences compared to the rest of the human transcriptome. This means that rRNA is more stable than other RNAs and degrades
less easily. In the FFPE tumor samples, we know that RNA is somewhat degraded.
rRNA may be degrading at a slower rate in these samples due to its higher stability.
During our troubleshooting of RNA sequencing protocols, we were able to trace
many of our data quality issues back to increased levels of ribosomal RNA in the
remaining libraries. Ribosomal RNA is very repetitive and does not align well to
the genome in a typical alignment pipeline. Therefore, the first sign of quality issues
is low overall alignment. Furthermore, we observed, as shown in Figure 6.12 that
these low quality samples have very large spikes in their GC content distribution,
indicating that there are many reads with high GC content. I then confirmed that
indeed a large portion of the unaligned reads can be identified as ribosomal RNA.
By adding an intermediate step in our alignment pipeline to align to a reference
database of ribosomal RNA, as shown in Figure 6.11, we can better identify the
source of all reads and remove the problematic ribosomal RNA in silico, so that it
does not interfere with downstream expression quantification.
6.6.3

Adding capture to the mix

One of the protocol changes we found to drastically increase the quality of the RNA
sequencing data was to add a capture step that positively selects for the known
transcribed regions using baits similar to those used in exome capture [129]. While
their are obvious downsides of losing many of the non-coding RNAs and some ability
to identify novel transcripts, we found that for the 1000 sample FFPE dataset, the
pros outweighed the cons. In adding this step, we saw improvements for a large
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Figure 6.13: Distribution of reads between exons, introns, UTRs, and intergenic
regions. Pre-capture runs (a-c) show large proportion of reads assigned to introns.
Post capture runs (d-e), show most reads assigned to exons. Results are similar for
the two kits, Kapa and Scriptseq, and from Miseq to Hiseq (a and c).

number of our samples from adjusted alignment rates of less than 50% to those over
90%, where the majority of the gain came in the lack of ribosomal RNA.
Also, we identified an additional metric that revealed another benefit of the capture process. Figure 6.13 shows the distribution of reads between exons, introns,
untranslated regions (UTRs), and intergenic regions. The top row (a-c) shows the
pre-capture "original" protocols, which show approximately 50% of their reads to
come from intronic regions. This is an observation noted by others in FFPE RNA
sequencing (personal communication). Reads outside the exonic regions contribute
very little to the power to calculate accurate gene expression estimates. The bottom
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Figure 6.14: Integrative Genomics Viewer snapshot of different library
preparations and read numbers. (a-b) ScriptSeq and Kapa captured libraries (low
coverage). (c-d) ScriptSeq and Kapa original protocol libraries. (e) High depth
Hiseq run of the Kapa original protocol.

row (d-e) show the post-capture libraries, where now half to two-thirds of the reads
come from exonic regions which can be utilized for calculating gene expression.
Figure 6.14 shows a side-by-side comparison of the sequencing read pileup in the
gene MYC across different libraries. The bottom row (e) shows a final 10 million read
sample, were we see good coverage of all the exons. (a-b) show the captured library
preparation, and (c-d) show the original library preparation. With approximately the
same number of reads (0.2-1 million), the capture libraries show significantly more
reads covering the MYC gene, compared to the originals. This can be explained by
the drastic shift in the number of reads wasted in the intronic regions in the original
protocol.
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6.7 Using the ABC/GCB ratio as a biologically relevant metric to compare across methods
Alignment metrics are extremely useful to identify data quality problems, but the
most essential information that we care about is good quality and biologically meaningful gene expression data. However, measuring the accuracy and reliability of gene
expression data is difficult, especially with low coverage testing data. To address
this need for our DLBCL samples, I developed the use of the ABC/GCB ratio as a
biologically relevant metric that we could compare across methods.
As described earlier, DLBCL samples can be classified into activated B cell like
(ABC) or germinal center B cell like (GCB), with a small proportion labeled as
unclassified. Wright et al. in 2003 [49] developed a gene expression classifier based on
27 genes that distinguished ABC and GCB DLBCL via microarray gene expression
measurements. This and similar lists have held up through the years as a robust
biological distinction with clinical significance.
For the metric used here, I selected the 20 of these 27 genes (from [49]) that were
identifiable in today’s gene naming system, half of which are high in GCB and half
of which are high in ABC. The criteria for this metric included that it not require
sample to sample normalization and that it was possible to calculate from very few
reads. I wanted to use this metric on very low coverage testing data from the Miseq,
and I wanted it to be stable and independent from the set of samples that were run
together. For these reasons, I chose to use a ratio of read counts. The metric is the
number of reads in the ABC genes over the number of reads in the GCB genes. This
can be calculated on 1 sample or 100 samples, without inter-sample normalization,
or without worrying about how the expression quantification software would handle
such low read numbers. The higher the value, the more ABC-like the sample is, and
the lower the value, the more GCB-like the sample. This property of ABC or GCBness is intrinsic to the tumor sample and unaffected by any of the various protocol
changes.
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a.

b.

c.

d.

Figure 6.15: ABC/GCB ratio consistency across different protocol changes. (a)
Comparison of ABC/GCB ratio for the same samples processed by the Kapa and
Scriptseq kits. (b) Comparison of ABC/GCB ratio for the same libraries sequenced
on the Miseq and the Hiseq. (c) Comparison of ABC/GCB ratio for the same
samples processed with and without the capture step. (d) Comparison of
ABC/GCB ratio for the same sequencing data calculated with two different
normalization approaches.

In Figure 6.15, I show the stability of this metric across kits (Kapa vs. ScriptSeq),
across sequencing depths (Miseq vs. Hiseq), and before and after the capture step.
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Figure 6.16: Comparison of the ABC/GCB ratio for samples with mutations in 4
genes. Each sample is plotted with its ABC/GCB ratio on the x-axis and its QC
score (adjusted alignment percent) on the y-axis. Samples are red if they contain a
MYD88 or CD79B mutation, and green if they contain a GNA13 or EZH2
mutation.

This metric shows whatever merits each of the protocol changes brought, it did not
affect the gene expression enough to disrupt the sample’s intrinsic ABC/GCB score.
Interesting to note is that the Miseq runs typically generated 500 reads on average
spread across 20 genes, and we were still able to achieve a stable score with as low
as 50 reads total in those 20 genes.
To confirm that the ABC/GCB score represents the biological effect that we
intend to model, we compared the ABC/GCB ratio to the mutation status of these
samples. Several genes have been implicated many times [14, 55, 56] to be associated
with ABC (MYD88, CD79B) or GCB (GNA13, EZH2). Figure 6.16 shows the
ABC/GCB ratio on the x-axis, with samples colored by their mutation status. The
agreement is quite striking, with the majority of ABC-mutated samples having high
ABC/GCB ratio, and the majority of GCB-mutated samples having low ABC/GCB
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Surviving

Overall Survival in DLBCL by Subtype

Years
Figure 6.17: Kaplan-Meier curves showing survival differences between ABC and
GCB DLBCL. Orange: ABC (N=295). Blue: GCB (N=317). Log-rank test,
p=0.00043.

ratios. The y-axis shows that the ratio or discordant calls are not associated with
overall sample quality.

6.8 ABC/GCB sample classification reveals associated mutations and
prognostic differences
The application of the RNA sequencing based ABC/GCB metric allowed us to classify the majority of the samples in the 1000 sample transcriptome cohort. When
linked with available clinical data, we find a significant difference in the outcome of
the ABC and GCB patients, as first demonstrated by [35, 48]. The Kaplan-Meier
curve for this is shown in Figure 6.17.
Furthermore, by integrating the exome sequencing data and somatic mutation
calls in [221] for the same patient samples, we were able to discover new differentially
mutated genes between ABC and GCB as shown in Figure 6.18, including SPEN and
ZEB2 in ABC DLBCL and SGK1 and DDX3X in GCB DLBCL.
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Genes Differentially Mutated in ABC/GCB DLBCL

Log
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ABC/GCB

Figure 6.18: Genes differentially mutated between ABC and GCB DLBCL.
Orange: genes mutated more frequently in ABC DLBCL. Blue: genes mutated
more frequently in GCB DLBCL. Y-axis shows log odds ratio of being mutated in
ABC vs. GCB DLBCL.

6.9 Future applications of the 1000 DLBCL transcriptome data
The methods described here allowed us to generate RNA sequencing data on 1000
transcriptomes of diffuse large B cell lymphoma, which is by far the largest single
gene expression study in DLBCL. Beyond the ABC/GCB results described here,
there are many additional applications of this data. Additional gene expression signatures can be defined and explored, such as the gene expression signature for NFκB
activation, JAK-STAT activation, T cell infiltration, or proliferation. With those
signatures, we can do further integration with the exome data to reveal more links
between transcriptional signatures and somatic mutations. There is also potential
for expression-based survival analysis in the largest DLBCL genomics and transcriptomics study to date. We can also continue learning about the somatic mutations
presented in [221] by examining allele-specific expression of the exome-derived mutations in the RNA sequencing data. Overall, this is a foundational dataset that will
lay the groundwork for DLBCL studies for years to come.
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7
Future Directions

From new sequencing and experimental technologies in the laboratory, to new algorithms and approaches to bioinformatics, to new designs of clinical studies, there are
many promising future directions to pursue. Here I discuss several of these exciting
current and future developments.
The next generation of cancer genomics - whole genome and single cell sequencing
The research presented in this dissertation is driven primarily by exome sequencing
of bulk tumor samples. Future directions that will build on this research may expand
deeper into lymphoma biology through sequencing in two ways.
First, we can dive deeper into the genome by utilizing whole genome sequencing.
Exome sequencing captures the protein coding regions of the genome, approximately
1% of the whole genome. From the exome, we can glean alterations in some of
the most interpretable and actionable parts of the genome. Somatic mutations in
annotated genes can often be placed within well-studied biological pathways and
targeted with well-developed experimental assays for further investigation. However,
once we have a good understanding of the exome level alterations, there is still
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a wealth of knowledge lurking in the non-coding regions of the genome [43]. For
example, we can expand our analysis of single gene-associated somatic mutations
to include promoter regions and un-translated regions that are associated with each
gene [222]. To interpret these mutations, more sophisticated methods will be needed
to assess the effect of each non-coding mutation, since current methods relying on
effect on the protein will not be relevant here [103, 104]. Additionally we can look for
somatic mutations in non-coding RNA regions as well as in enhancer regions, such
as those annotated by the ENCODE project [223], or in transcription factor binding
sites with known motifs, especially for transcription factors that play a large role in
lymphoma, such as MYC and STAT3.
Beyond the single and several nucleotide somatic changes, whole genome sequencing is very powerful for detecting large structural rearrangements, such as translocations[224, 225]. As our work has shown, copy number alterations in tumors can
be gleaned from exome sequencing data, but whole genome sequencing will provide
an even cleaner and less noisy signal for detection of additional focal copy number
gains and losses [43]. As costs of sequencing continue to drop, it will become more
tractable to apply whole genome sequencing to many tumor samples and begin to
amass the number of samples required to have enough power for these analyses.
In the earlier days of next-generation sequencing, every sequencing library required a large quantity of high quality DNA or RNA as input. With advances in
sequencing technology, we can now overcome both of these hurdles. Sequencing directly from formaldehyde-fixed paraffin-embedded (FFPE) samples [127, 226], which
typically have lower quality DNA and RNA, allows us to dive deep into the biobanks
of archival tissue and retrieve enough samples to study even the rarest of cancers
(i.e. HSTL and EATL), for which a prospective collection of frozen tumor samples
would not be feasible in an efficient time frame.
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The other large hurdle in generating quality sequencing data from tumor samples
is the quantity of input material. Advances in the amplification protocols allow
for lower starting materials. If we take that approach to the extreme, we can now
somewhat successfully sequence from single cells [227]. Genomic libraries from DNA
still struggle with allelic dropout rates [228], which presents a problem in trying
to detect each and every somatic mutation in a cell, but copy number variation is
preserved [229].
Single cell sequencing will be a much improved approach for genomics in cancers
such as Hodgkin lymphoma where the malignant cells are in the minority in a bulk
tumor biopsy compared to benign stromal cells [230]. This makes identifying somatic
alterations difficult in bulk tumor sequencing since they are diluted by the nonmalignant normal cells. Laser micro-dissection or fluorescence-activated cell sorting
(FACS) can be utilized to isolate individual cells for sequencing. RNA sequencing
at the single cell level allows for separating out gene expression signatures that are
truly derived from malignant cells from those contributed by the surrounding normal
cells. This could be particularly helpful in the EATL subtype gene expression study.
Single cell RNA sequencing analysis that separated malignant from non-malignant
cells would allow us to understand which cell type is driving subtype gene expression
differences.
From snapshots to time-lapse genomics
In the studies presented here, we only observe a snapshot of each patient’s tumor,
at time of diagnostic biopsy. However, the process of cancer development is a long
evolutionary process. Given the current approaches of cancer genomics, we have
little understanding of what early events led to the current snapshot of the tumor,
and what later events may lead to worse prognosis or relapse after treatment.
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One experimental design to investigate this question would be to collect time
series biopsies, which is much easier in leukemia, where a blood draw may be enough
to follow a patient’s cancer progression [231]. In cancers with a more difficult biopsy
procedure, we can set up studies to collect biopsies at the time of relapse in addition to
diagnostic biopsies and identify which genomic features were eliminated by treatment
and which withstood treatment to form the relapsed tumor. Another approach is to
set up large prospective trials in patients with a high risk for certain cancers, such
as those with celiac disease who are at risk for EATL, and those with other immune
deficiencies at risk for other lymphomas [232].
Early oncogenic events: evolution, mutation rate, and selective pressures
Understanding the evolutionary process of cancer will require data from some of the
techniques described above, such as single cell sequencing and time-series biopsies.
With the current bulk exome sequencing approach, we rely primarily on variant allele
frequencies [138, 139]. We can cluster mutations by their variant allele frequency,
with assumptions that mutations present in the same proportion of tumor cells are
probably present in the same actual cells. But many questions remain about this
strategy. How much similarity at the genomic level do you need to observe between
cells to designate them as a clone, and does this vary across tumor types? Are
there some cancers that have such a high mutation rate that the evolution needs to
be defined at the single cell level rather than as groups of cells called clones? An
integrative computational approach will be needed in the future to tease this apart
in all of our samples and not just in limited case studies.
Beyond mapping tumor cells onto an evolutionary tree structure, we also want to
better understand the gene dependent and cell-type dependent processes that lead to
this evolution. As presented in the story comparing Burkitt lymphoma and mantle
cell lymphoma, we are interested in what is driving differential mutation frequencies
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across cell types and tumors derived from certain cell types. We presented initial
evidence that even in very closely related cell types, there may be a link between
minor differences in chromatin structure and the availability of that genomic region to
acquire mutations. Further clues definitely lie in the epigenomic data, and additional
studies addressesing this question in larger sample sizes and in different cancer types
will be necessary to reveal more about the effect of epigenomics on mutation rate
[233]. Furthermore, selection pressures also contribute to this differential frequency.
We may be able to use gene expression to understand more about which biological
pathways each cell types prefers in its path to oncogenesis and therefore what types
of mutations lead to a selective advantage or disadvantage.
Additional applications in integrated genomics
In the last chapter, I presented our initial work utilizing RNA sequencing data to
get a complete picture of the transcriptome of DLBCL. More work is needed to take
advantage of the potential power of RNA sequencing in integrative genomic studies.
Two particular applications are particularly interesting to me.
The first is utilizing the single nucleotide resolution of RNA sequencing to learn
more about each somatic mutations. Reads covering a somatic mutation can essentially be phased, which allows us to calculate allele-specific expression [234]. This
information could be potentially utilized to identify which mutations are impacting
the cell at the level of RNA expression. For example, which mutations are observed
with decreased allele frequencies in the RNA sequencing data? These mutations
could be annotated as subject to nonsense-mediated decay or affecting some other
mechanism of reduced RNA transcription, splicing, or stability. In the opposite case,
mutations with increased allele frequencies may be driving some positive feedback to
increase transcription of the mutated allele compared to the wildtype allele.
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Another integrative application is associating mutations in a particular gene to a
gene expression signature that is significantly higher or lower in the mutated cases.
This can drive the interpretability of mutations in many genes for which we can not
immediately place them in a clear biological pathway.
Another axis of integration is combining epigenomic profiling with RNA sequencing. In the HSTL and EATL study, as well as in other lymphomas, we find chromatin
modifier genes to be some of the most significantly mutated genes. For example
SETD2, which is the sole gene responsible for trimethylation of lysine 36 on histone
3, is mutated in about a third of cases in this disease. We observe downstream that
SETD2 loss has an impact on genes involved in cell cycle regulation, but the direct
link is unclear. Epigenomic profiling of H3K36me3, as well as other compensatory
marks, could provide us with a targetable mechanism for how SETD2 loss is driving
gene expression dysregulation.
Future of cancer bioinformatics platforms and pipelines
Currently, most cancer genomics studies are approached as a single disease entity at
a time. Consequently, each and every study has slight variations on the methods,
which leads to results that are very difficult to compare. As shown in the HSTL
chapter, our comparison across lymphomas showed many similarities and highlighted
some differences in significant genes and mutation frequencies. But with variations
in everything from the sequencing design (whole exome vs. targeted capture of only
a handful of genes), to the bioinformatic analyses, comparing is quite difficult. It is
sometimes unclear if a gene is missing in a study due to a filtering step in the pipeline,
or it was actually not found to be mutated. As we become increasingly interested
in utilizing the vast amounts of data on other cancer types to better understand the
cancer of interest, it will be important to have platforms where consistent wet lab
and bioinformatics pipelines are run across many different types of cancer samples.
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Moreover, as we move past histological diagnoses and classify tumors based on their
genomic features for targeted treatments, it will be even more important to be able
to share across studies. In addition to the biological and clinical questions that
remain to be answered by better comparisons across tumor types, we also face the
questions of how to more effectively make genomic data more accessible to qualified
researchers. We need to protect patient privacy and allow for publication credit, but
also empower the research that is possible.
In addition to standardizing methods and sharing code as a part of our publication process, the bioinformatics community is also discussing how to deal with
the explosion of genomic data and the associated hard drive and bandwidth that it
requires. Rather than the current model of downloading data and running analyses
locally, a more tractable and sustainable solution will soon become to host the data
on the cloud. This avoids redundancy of multiple local copies of terabytes of data.
As we become more adept at bioinformatics computing in the cloud and building
interoperable pipelines, we can then upload our scripts and run analyses in the cloud
rather than downloading data.
Experimental models of lymphoma
Sequencing the cancer genome and transcriptome tries to capture the complete picture of somatic alterations. Then the challenge becomes dissecting out the role of
each gene. Traditionally, the experimental follow-up in the laboratory involves picking the most interesting gene and investigating its role in isolation, in either a cancer
cell line or in a mouse model (as we did for SETD2 in the HSTL cell lines and mouse
model). However, we know that in reality in patients, no mutation acts alone. Modeling more than one mutation at a time would be a more accurate model. Cells may
respond differently to experimental treatments depending on the context of other
mutations. Furthermore, sometimes the gene of interest is not enough to provide
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the first hit towards oncogenesis, so additional alterations such as a MYC or TP53
mutation may be necessary to develop tumors in a mouse model.
With the advent of CRISPR-Cas9 as an experimental technique [235], introducing specific mutations, including multiple mutations at once, becomes a much more
tractable system. Future work on the SETD2 models could involve modeling both
the SETD2 loss alongside an activating mutation in the JAK-STAT or PIK3CD
pathways, rather than studying each system separately.
Translating cancer genomics into the clinic
As we move into the era of every cancer patient getting their tumor sequenced with
whole exome or targeted sequencing, we can contemplate whether diagnoses should
be based only on the cell-of-origin. Should we also group patients together based
on the mutational profile of their cancer regardless of the organ or cell type of their
disease?
As next generation sequencing enters the cancer clinic, the uncertainty we welcome in the basic research lab becomes a problem when definitive decisions have to
be made for patients. For the majority of somatic mutations, beyond a small list
of well studied hotspots, the effect that particular mutation has never been experimentally investigated. These mutations are labeled variants of unknown significance.
We need both better experimental systems, such as large CRISPR-Cas9 screens[236],
as well as better computational tools to test and predict the effect of each of these
mutations. We also need to pair increased amounts of sequencing data with better
genomic databases [237] to identify in which cancer patients around the world any
particular mutation has been observed.
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