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Abstract

Paediatric acute myeloid leukaemia (AML) 1s a cancer of the blood and bone marrow. It 1s
currently one of the leading causes of cancer-related mortality in children. While induction
therapy 1s largely successful in achieving patient remission, the relatively high mortality rate 1s
driven by the large genetic heterogeneity of AML and recurrence of disease. Disease relapse

rate 1s higher than other childhood leukaemias, 1s fast acting and often chemotherapy resistant.

While much of the genetic contribution to disecase has been described, there 1s still a
component of AML pathogenesis that has yet to be discovered. Many of the genetic lesions
found i adult AML directly affect epigenetic modifying genes, however this 1s not the case in
children. Despite this, previous research has shown vast epigenetic alteration in paediatric
AML. As such it 1s possible that some of the unexplained pathogenesis in childhood AML can
be elucidated by modulation of gene activity via aberrant changes in the most widely studied

epigenetic process, DNA methylation (DNAm).

Few studies have comprehensively interrogated the DNA methylome of paediatric AML, nor
has the prognostic utility or biomarker potential of DNAm been explored. In this study, we
explored the global methylation profile of paediatric AML in comparison to non-leukaemic
controls and subtype-dependant and independent biomarkers of disease that may have
functional relevance. Furthermore, we described DNAm signatures with potential prognostic

utility, to accurately identify predisposition to relapse at diagnosis.

Genome-wide DNAm was iterrogated via the HumanMethylation450 BeadChip Array
(HM450K) on a cohort comprising of 128 archival and fresh bone marrow tissue sourced from
multiple hospitals around Australia. This data was then combined with the TARGET AML
cohort comprising of a further 231 bone marrow samples. Targeted replication and validation
of findings was undertaken on a reduced cohort using SEQUENOM MassArray EpiTYPER.

Bioinformatic and machine learning analyses were undertaken in R.
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The findings revealed subtype-independent genome-wide average methylation (GWAM) to be
increased n diagnostic samples compared to non-leukaemic controls. This was further verified
by differences in the global methylation proxy genes known as LINEI and Alu. Deeper
mterrogation of these differences demonstrated wide-spread differential methylation mn
previously implicated genes in AML pathogenesis including W77 and DGKG, both of which
were validated i an independent cohort. Other genes 1dentified to be differentially methylated
icluded ZSCANI, RECS and IRXI. Subtype analysis validated previous studies showing
mv(16)-specific differential methylation in MN/ and MEILS]. Finally, DNAm was used as the
primary feature for a machine learning model designed to predict patient relapse at diagnosis.
The final model achieved an area under the curve (AUC) of 949 with correct identification of

91% of all cases involved (F-measure=0.914).

To date, this study represents the largest and most comprehensive insight into aberrant DNAm
i paediatric AML. Results have imcreased our understanding of genes that are differentially
methylated and highlight the potential utility of DNAm as a future prognostic biomarker. It 1s
anticipated that these findings will serve as a foundation for future functional studies aimed at

delivering truly personalised treatment regimens for children with AML.
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Chapter 1 Introduction



1.1 Cancer
1.1.1 Hallmarks of Cancer

The world’s most comprehensive cancer database, GLOBOCAN, reported that there were
14.1 million new incidences, and 8.2 million deaths caused by cancer in 2012 alone (Ferlay,

Soerjomataram et al. 201)5).

Cancer 1s thought to arise from a single cell. It 1s defined by cells that can proliferate indefinitely
and circumvent DNA repair mechanisms and apoptosis (Hanahan and Weinberg 2000).
Cancer 1s a disease that 1s heavily driven by genetic alteration, particularly in adults. However,
many other influences such as epigenetics and/or environmental factors play a role in disease
aetiology. The main genes affected during carcinogenesis include oncogenes, tumour

suppressors and DNA repair genes (Laura, Parsons et al. 2007)

The term ‘cancer’ 1s collective for multiple diseases that share the same fundamental
abnormalities, presenting as different forms depending on the genes affected, tumour location,
age of onset and even environmental exposures. As a result of disruption to the normal cell
cycle, tumours can manifest and metastasise which have potential to disturb organ function as
well as spread to other areas of the body (LLobo, Shimono et al. 2007) causing significant

damage.

There are several types of cancers that can be separated into broad categories (Hoadley, Yau

et al. 2014). These include:

»  (Carcinoma; a cancer of the skin and organ lining

= Sarcoma; a cancer of bone, fat, muscle or other connective tissues

*  Lymphoma and myeloma; a cancer that starts in the immune system
=  Leukaemia; a cancer of the blood and bone marrow

»  (Central nervous system (CNS) tumours; which are cancers of the brain and spinal cord.



Hanahan er al. have postulated that there are ten ‘hallmarks of cancer’. These hallmarks are
associated with sustaining proliferative signalling, resisting cell death, evading growth
suppressors, enabling replicative immortality, inducing anglogenesis, and activating invasion
and metastasis (Hanahan and Weinberg 2000). The list has recently been altered to imnclude
deregulating cellular energetics, tumour-promoting inflammation, genome instability and
mutation & avoiding immune destruction (Hanahan and Weinberg 2011). This 1s consistent
with the 1dea that cancers require several mutations to fulfil the roles of majority of these
hallmarks, rather than a single driver to cause disease (Loeb, Loeb et al. 2003). Despite
knowing the fundamental causes of carcinogenesis, there are still aspects of pathogenesis,

recurrence and the differences between adult and paediatric cancers that elude us.

1.1.2 Comparison of Paediatric and Adult Cancers

In addition to the fundamental molecular disruptions found across tumour types, there 1s an
added layer of complexity when comparing adult and paediatric cancers. While the phenotypes
may be similar according to location, the burden of disease and the resulting treatment on the
child has additional negative developmental effects along with standard chemotherapy-

associated side-effects compared to that of an adult (Hutter 2010).

It is thought that childhood cancers more commonly develop during an event in embryogenesis
or arise due to genetic predisposition (Plon and Nathanson 2005). Studies from The Cancer
Genome Atlas (TCGA) have suggested that as few as 2-6 driver mutations may lead to cause
cancer mn adults (Kandoth, McLellan et al. 2013), however, this analysis generally excludes
large-scale structural aberrations that are clearly important in cancer pathogenesis. Even fewer
events are implicated in the paediatric setting (Downing, Wilson et al. 2012). Granted, adult
cancers are often a result of accumulated genetic alteration due to environmental exposures
such as smoking (Hashim and Boffetta 2014) or sun exposure (Green, Whiteman et al. 1999).
This 1s 1 line with the current paradigm of adults having, on average, more than twice the
mutational genetic load compared to children (Tomlinson, Sasieni et al. 2002). It is thought
that, due to this 2.4 fold increase in mutational burden found in adult cancers (Chalmers,
Connelly et al. 2017), appropriate treatments become more difficult to administer for adults.

While treatment response 1s more variable in adults, children that undergo therapy often suffer
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from long term side effects to a much greater extent than adults (LeBaron, Zeltzer et al. 1988).
Furthermore, several examples of age-associated genetic variation can be found in many
cancers (Jones, Perryman et al. 2012), however this 1s highly prevalent in leukaemia where

cytogenetics plays a key role in pathogenesis and treatment.



1.2 Leukaemia
1.2.1 Aetiology and Types of Leukaemia

Leukaemia 1s a cancer of the blood and bone marrow, primarily characterised by abnormal
proliferation of naive haematopoietic cells (Hutter 2010). There are several different types of
leukaemia, largely defined by the cell lineage affected (myelogenous & lymphoblastic) but also

by the rate at which the leukaemia proliferates (chronic & acute).

Chronic leukaemias are characterised by their slow progression and occur more commonly in
adults (Pui, Carroll et al. 2011). Chronic myeloid/lymphoblastic leukaemia (CML/CLL) 1s
known to overcrowd areas of the body such as the bone marrow and blood stream, largely
through sustained proliferation. Conversely, acute myeloid/lymphoblastic leukaemia
(AMI/ALL), defined by a rapid expansion of naive cells and are primarily found in children
(Pui, Carroll et al. 2011). They are known to move large quantities of naive cells into the blood
stream causing oxygen and immune cell starvation. This creates symptoms such as an mability
to clot and higher susceptibility to infection (Faderl, Talpaz et al. 1999). Furthermore,
leukaemia can present with a combination of the above phenotypes and are known as mixed

lineage/phenotype leukaemia (Muntean and Hess 2012).

There are several stages of differentiation during haematopoiesis in both myeloid and
lymphoblastic lineages (Figure 1.1). Distinct leukaemia subtypes are characterised whereby a
block n differentiation occurs, i addition to underlying cytogenetic abnormalities (Faderl,

Talpaz et al. 1999).
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Figure 1.1  Hierarchical view of the haematopoietic cell lineage

Haematopoiesis is the process of multipotent stem cell differentiation into blood and immune cells. Several stages
of differentiation, as outlined above, occur in the bone marrow before being released into the blood. Myeloid cell
differentiation 1s to the left, and lymphoid differentiation to the right. The block in differentiation associated with
leukaemia is most commonly found at the common myeloid/lymphoid progenitor cell. Figure adapted from
(OpenStax 2016).

1.2.2 Acute Myeloid Leukaemia

1.2.2.1 Introduction & Epidemiology

Acute myeloid leukaemia (AML) 1s a cancer of the blood and bone marrow. It is defined by
rapid expansion of abnormal and naive myeloid stem cells known as leukaemic blasts. This
mterferes with the production of matured haematopoietic cells required for a functional
mmmune system (Estey 2014). With the loss of haematopoietic function, sufferers of AML can
experience fatal infections, excessive bleeding with the mability to clot, or even organ infiltration

by AML blasts, particularly in the spleen and liver (Estey and Dohner 2006). Diagnosis of



AML can be made upon immunohistochemical, molecular and cytogenetic testing of the
patient’s bone marrow. These tests help define AML subtype, but have Iimited prognostic

value, rarely impacting initial treatment approaches (Estey and Dohner 2006).

It has been estimated that paediatric AML makes up 25% of all cases of paediatric leukaemia
(Tarlock and Meshinchi 2015), however incidence of mortality remains the highest of all
leukaemias at about 409% (Dohner, Estey et al. 2010). Global registries have estimated an
mcidence rate between 5-8 per million with peak incidence in children aged under one year
(Puumala, Ross et al. 2013). Furthermore, GLOBOCAN reports that worldwide, the incidence
of AML in 2012 was 4.7 per 100,000 people (age standardised) with an estimated 351,965 new
cases (WHO 2014). Males are 1.4 times more likely to be diagnosed compared to females.
Unfortunately, these statistics do not take mnto account the difference m paediatric and adult
AML cases, although 1t should be noted that AML 1s far more prevalent in adults (WHO
2014). Worldwide mortality rates were estimated at 265,461 cases per year, however, this again
may not be reflected in the paediatric setting as there 1s a higher mortality rate in adults.
Puumala ez al. found that in paediatric AML, 5-year event free survival (EFS) was estimated at
64.3%, but varied greatly between subtypes of disease, ranging anywhere from 22% to 90%
EFS.

In the paediatric setting, AML has been identified as the sixth most prevalent cancer in
Australian children under 18 years with an incidence of 10 in 100,000 Victorian children in
2012 (Thursfield, Staines et al. 2013). However, more recent statistics from the Cancer
Australia Children’s Cancer division estimate that leukaemia in general will be the most
prevalent paediatric cancer i Australia with over 200 children being diagnosed yearly
(Queensland 2014). This suggests that close to 50 of these diagnoses will be AMIL, making it
the fourth most prevalent paediatric cancer in 2017. While numbers pertaining to children are
not specified n the report, 5-year EFS is stated to be 55%. It has also been found that rate of
relapse in paediatric AML patients varies by trial and ranges between 209 and 419, with overall
survival rates around 75% (Tsukimoto, Tawa et al. 2009; Abrahamsson, Forestier et al. 2010;
Rubnitz, Inaba et al. 2010; Cooper, Franklin et al. 2012; Hasle, Abrahamsson et al. 2012;
Creutzig, Zimmermann et al. 2013; Pession, Masetti et al. 2013). Studies have found that 5-

year EFS following relapse ranges from 16-349% (Stahnke, Boos et al. 1998; Abrahamsson,



Clausen et al. 2007; Rubnitz, Razzouk et al. 2007; Goemans, Tamminga et al. 2008; Gorman,
Jietal. 2010; Sander, Zimmermann et al. 2010; Kaspers 2014). While treatments and survival
rates are being continuously improved, the biology behind AML pathogenesis, along with the

differences between paediatric and adult AML, 1s still being discovered.

1.2.2.2 Pathogenesis

Genetic heterogeneity 1s the main driver of AML pathogenesis. This 1s primarily the result of
hundreds of fusion proteins arising from chromosomal translocations, in combination with
point mutations (Alcalay, Orleth et al. 2001). It 1s thought that most mutations that occur in
AML are actually pre-leukaemic (i.e. msufficient in isolation to cause disease), and therefore
cooperating mutations/rearrangements are necessary for full leukaemic transformation
(Welch, Ley et al. 2012). Most genes related to AML translocations/mutations are associated
with one or multiple pathways involved in the aforementioned hallmarks of cancer. The
proteins formed from leukaemic translocations are often still functional but act as aberrant
transcriptional regulators which interfere with myeloid differentiation and enhance cell survival.
However, the loss of function of many different genes also plays a substantial role i disease

progression.

The most common variants of AML, making up 409% of all cases combined, include t(8;21),
t(15;17), inv(16) and t(9;11) (Figure 1.2). These translocations encode for the AMLI-ETO,
PMIL-RARa, CBIp-MYH11 and KMT2A-AF9 proteins respectively (Alcalay, Orleth et al.
2001). While many other translocations occur, they often still affect one of the genes involved
in the above proteins, but with a range of fusion partners. Therefore, it 1s often believed that
the lack of a fully functioning protein is responsible for driving AML, rather than the aberrant

functionality of the fusion protein itself (Alcalay, Orleth et al. 2001).

KMT2A

The Lysine Methyltransferase 2A (KMTZ2A, formerly known as MILI) encodes a
transcriptional coactivator that is essential in the regulation of gene expression during

haematopoiesis and early development. This gene 1s often used as the main example for fusion



protein functionality as there are several different binding partners that can make up this
translocation, suggesting alternative binding partners contribute little to disease pathogenesis.
Detailed studies in mice have revealed that KM7T2A fusion proteins arrest differentiation of
myeloid precursor cells and may also play a role in immortalisation of haematopoietic
precursor cells (Orlovsky, Kalinkovich et al. 2011), however the mechanisms remain largely
unknown. Although KM7T2A translocations are found in all types of leukaemia, it 1s often
believed that the accompanying translocations or mutations define the variability in disease
manifestation and subsequent treatment (Marschalek 2015). Recent studies have begun to
show that particular breakpoints within the KM7T2A genes are associated with different types
of leukaemia at different ages. This suggests that different functional domains within the gene
can evoke different pathways toward carcinogenesis, and ultimately require different treatment
regimens (Meyer, Burmeister et al. 2018). Over 135 different breakpoint partners have been
identified with KM7T2A to date, highlighting the complexities associated with understanding

AML pathogenesis and informing treatment approach (Meyer, Burmeister et al. 2018).

AMLI1/CBIPB

Translocations mvolving Runt Related Transcription Factor 1 (AMLI/RUNXI) and Core-
Binding Factor Subunit Beta (CBFP) have also been linked with multiple binding partners
giving rise to different forms of leukaemia including AML and ALL (Friedman 1999). These
two genes are subunits of a core-binding transcription factor that 1s thought to be the master
regulator of genes specific to haematopoiesis (Ho, Alonzo et al. 2009). In contrast to many
other poorly understood translocations, the biology of AMLI and CBFS pathogenesis is
relatively well understood. Studies in mice show that knock-outs of AMLI and CBIp cause
embryonic death (Okuda, Cai et al. 1998), whereas TET-controlled expression of AMLI-ETO
i mice demonstrated some ability to block myeloid differentiation (Rhoades, Hetherington et
al. 2000). However, translocations involving AMLI and CBIP are msufficient to drive
leukaemia alone and must be coupled with other mutations or chromosomal rearrangements

to undergo malignant transformation (Rhoades, Hetherington et al. 2000; Schnittger, Bacher

et al. 2007).



PML-RARa

The PMI/RARa fusion gene is also one of the most commonly found fusions in AML.
Retinoic Acid Receptor Alpha (RARa) is a member of the steroid-thyroid receptor superfamily
of nuclear hormone receptors and 1s preferentially expressed in myeloid cells (Cole, Verdoni
et al. 2015). Promyelocytic Leukaemia (PML) is known for its regulation of senescence and
apoptosis, as well as functionality as a growth suppressor. In vitro studies have suggested that
this translocation 1s sufficient to induce leukaemic transformation; however, penetrance is low
and quite delayed (Grisolano, Wesselschmidt et al. 1997). It is known that these fusions are
often accompanied by other mutations to genes such as p21, DNMT3A or ps1 (Viale, De
Franco et al. 2009; Alessandra, Angelo et al. 2013; Cole, Verdoni et al. 2015), however the

fusion alone 1s rare and believed to be msuflicient to induce leukaemia in humans.

-7
2% +8 Rare recurrences
2% 6%

Figure 1.2  Estimated frequencies of mutations in paediatric acute myeloid leukaemia
Genetic abnormalities in childhood AML. The left diagram demonstrates the most common chromosomal
alterations. Mutational profile of children for those without chromosomal abnormalities is shown in the right
diagram. 809 of children have an AML associated abnormal karyotype and ~ 159 have at least one known
mutation. Figure adapted from (Pui, Carroll et al. 2011)
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Mutations in AML

There are many other abnormalities that are associated with AML. These mclude genomic
additions and deletions, neocentromeric chromosomes (de Figueiredo, Mkrtchyan et al. 2009),
polysomy, including trisomies and monosomies (particularly trisomy 8 and monosomy 7) as
well as an array of rarer and novel translocations. Children with Down syndrome (trisomy 21)
are also at high nisk of developing AML, with the mechanisms unclear (Crispino 2005).
However, some of the more perplexing cases are those that do not appear have any

chromosomal abnormalities at all.

Cases of AML are often accompanied by individual point mutations. As previously mentioned,
increase in mutational load is vastly different between children and adults, however this is not
the case when comparing infants to children and young adults (Figure 1.3). As a result,
cytogenetically normal AML is more common as age (and mutational load) increases (Bolourt,
Farrar et al. 2017). It i1s not uncommon for mutations to drive malignancy alone. Genes that
are often affected include; FLTSATD, WT'l, CEBPa, NPMI, RAS, KIT, GATAI, PI'PN11,
DNMT3A, IDH1/2 or TETZ (Pui, Carroll et al. 2011). Mutations in the first four genes of the
above list are most commonly found in children, accounting for 70% of all mutations found.
Loss of function of the CEBPa protein often helps block cell differentiation and has been
proven to be highly expressed in myeloid progenitor cells (Wouters, Jorda et al. 2007). W71,
originally described as a key oncogene, has been shown to be highly expressed in AML and 1s
also necessary for cell differentiation (Sinha 2014). FLTS/ATD mutations are primarily
associated with altered signal transduction and increased cell proliferation. Poor prognosis 1s
often related to this mutation (Garg, Nagata et al. 2015). Finally, VPM1 mutations are still
relatively unknown in terms of AML pathogenesis, but they are believed to be passenger

mutations that are often acquired in early life (Hefazi, Siddiqui et al. 201)5).

Despite being relatively common in adult AML, DNMT3A, IDH1/2and TETZmutations are
rarely found i children, appearing closely associated with advanced age, rather than disease
(Maegawa, Gough et al. 2014). Unfortunately, there are a small percentage of children (<5%)
that have none of the common fusion partners or mutations, suggesting that other mechanisms

contributing to disease remain to be uncovered (Pui, Carroll et al. 2011). Considering the
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heterogeneity within AML,, it 1s paramount that additional approaches for stratifying patients

are developed to help with prognostic approaches and personalised treatment.
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Figure 1.3 Age related differences in mutations and structural alterations in AML
Childhood AML has a low somatic mutational burden that increases with age as defined by the increasing
mutations per megabase demonstrated in the top diagram. Structural variation shows an overall shift from
KMT2A dominant rearrangements in infants towards fewer rearrangements overall and an even spread of
structural abnormalities in adult/young adolescents (AYA). This is substantially different compared to adult AML
that 1s dominated by the CN subtype and other genetic alterations. Figure adapted from (Bolouri, Farrar et al.
2017).

1.2.2.3 Classification of AML

Accurate classification of disease 1s critical to elucidate the most appropriate methods of care,
treatment and prognosis. From 1970-2001 AML was stratified based on the cell type from
which the leukaemia developed as well as the maturity of the cell. This 1s known as the French-
American-British (FAB) classification (Bennett, Catovsky et al. 1976). However, this
classification was of limited value in prognosis and selection of treatment. From 2001, and then
later revised m 2008 & 2016, the World Health Organisation (WHO) released their own
classification model (with the FAB system integrated into it) based on patient outcome, which
has since become the global standard of AML classification (Vardiman, Harris et al. 2002;
Vardiman, Thiele et al. 2009; Arber, Orazi et al. 2016). The classification 1s as follows:
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AMUL with recurrent genetic abnormalities:

AML with €(8;21)(q22;q22.1); RUNX I-RUNX1T1
AML with inv(16) (p13.1q22) or ((16;16)(p13,1:q22); CBEB-MYHI 1

AML with t(9;11)(p21.3;q23.3); MLLTS3-KM1T2A

APL (M3) PMI-RARa

AML with t(6;9) (p23;q34.1); DEK-NUPZ214

AML with inv(3)(q21.3q26.2) or t(3;3)(q21.3q26.2); GATAL, MECOM
AML (megakaryoblastic) with t(1;22)([13.3;q13.3); RBM15-MKL1
Provisional entry: AML with BCR-ABLI

AML with mutated NPM1

AML with biallelic mutations of CEBPao

Provisional entry: AML with mutated RUNX1

AML with myelodysplasia-related changes

Therapy-related myeloid neoplasms

Myeloid sarcoma

Myeloid proliferations related to Down syndrome

Transient abnormal myelopoiesis (TAM)

Myeloid leukaemia associated with Down syndrome

AML not otherwise specified (This includes cases of AML that don’t fall into one of the above
groups, and 1s similar to the FAB classification)

AML with minimal differentiation (M0)

AML without maturation (M1)

AML with maturation (M2)

Acute myelomonocytic leukaemia (M4)

Acute monoblastic/monocytic leukaemia (MJ)
Pure erythroid leukaemia (M6)

Acute megakaryoblastic leukaemia (M7)
Acute basophilic leukaemia

Acute panmyelosis with myelofibrosis

Acute leukaemias of ambiguous lineage



1.2.2.4 Prognosis

The WHO classification is defined according to prognosis. This allows for treatment to be
tailored mn regards to dosage and variable extent of patient monitoring post-chemotherapy.
However, there are many other strategies implemented to define prognosis for any given
patient. Overall, patients aged over 60 years do not fare as well as younger patients, but this
may be due to older patients having a higher mutational load, leading to a more complex
disease. Having a white blood cell count >100,000/L at diagnosis is linked to a poorer outcome,

as 1s having prior blood disorders or cancer (Amin, Yang et al. 2005).

As stated earlier, there are several different pathogenic pathways that can be affected during
malignant transformation. Each of these pathways are affected differently, and therefore have
varying effects on patients and require tailored treatments. Pui e al. has reviewed several studies
and created one of the most comprehensive subtype-specific demographics table (Table 1.1)
associated with paediatric AML (Pui, Carroll et al. 2011). In similar fashion, Metzeler et al.
identified subgroups defined by patient mutation that could distinguish three tiers of patient
outcome with increasing severity (Metzeler, Herold et al. 2016). Using statistics such as 5-year
EFS and overall survival (OS) in combination with the aforementioned prognostic makers,
clinicians can gain a clearer view of the current severity of disease, likelihood of recurrence and

potential treatment outcomes (Figure 1.4).

A study performed by Mrozek et al. and recently updated by Estey er al. show data which
further stratified patients into four outcome risk categories based purely on cytogenetic
subtyping and mutational status of NPM 1, CEBPA, and FLT3-ITD: Favourable, Intermediate
I, Intermediate II or Adverse (Table 1.2). This is designed to complement the classification
system and has since been integrated into the WHO guidelines (Mrozek, Marcucci et al. 2012;
Estey 2016). While this helps in classification of patients, it 1s noted that uncharacterised genetic
lesions may greatly impact outcome. For example, patients with W77 mutations, In
conjunction with FL7T3-I'T'D have a worse EFS than those with W77 in 1solation (Summers,
Stevens et al. 2007). As defined by the European LeukaemiaNet (ELLN) standardised system
(Table 1.2, (Estey 2016)) this would therefore suggest that a standard Intermediate I defined

patient should actually be considered under Intermediate II or Adverse outcome.
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Furthermore, Bolouri ef al. have found that while this classification 1s generally applicable in
the paediatric setting, FLT3-I'TD and NPMI co-mutations only present an unfavourable
outcome when also combined with a DNM7T3A mutation (Bolouri, Farrar et al. 2017).
Considering this mutation 1s rarely found in childhood AML and co-mutation alters patient
prognosis, this would suggest that the classification outlined by Estey er al 1s currently

msufficient and could be improved or altered to encompass paediatric AML.
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Table 1.1

childhood acute myeloid leukaemia

Summary and estimated frequency of translocations and genotypes in

Subtype Affected Genes Frequency  5-Year 5-Year
(%) EFS (%) OS (%)
Rearrangements
(8;21)(q22;q22) ETO-AMLI 12 55-71 75-85
mv(16)(p13;q22) CBFB-MYH11 8 72-88 75-85
t(8;16) MOZ-CBP 1 ID ID
t(15;17)(q22:q12) PMI-RAR 12 71 90
t(1517)(q23:q12) PLZF-RARA Rare ID ID
t(1;22) RBM15-MKIL1 2-3 ID ID
(6;9)(p23:q34) DEK-NUP214 Rare ID ID
KMT2A KMTZ2A (partnered genes) 18
t(1;11)(q21;q23) AFlq 3 92 100
t(4511)(q21;q23) AF1 2 29 27
t(6;11)(q27;q23) AFY9 5 11 22
t(9;11)(p22;q23) AFI10 43 50 63
t(10;11)(p11.2;q23) AFI10 2 17 27
t(10;11) (p12:;q23) AFI10 13 31 45
t(11;19)(q23;p13) ELL or ENL 4 49 49
t(11;19)(q23;p13.1) ELLor ENL 4 46 61
t(11;19)(q23;p13.3) ELLor ENL 3 11 47
t(11;17)(q23;q21 AFI17 2 39 22
Other rearrangements 19 39 54
Gene mutations (NK) 20
NPM Nucleophosmin 23 65-80 75-85
CEBPo. Transcription factor 14 70 83
FLTS/ALM Receptor for FL'T3 3 50-60 60-70
FLT3-I'TD Receptor for FL'T3 18 <35 <35
WTi Transcription factor 13 22-35 35-56
RAS Signal transduction 3 1D ID
PIPNI11 Tyrosine phosphatase 2 1D ID
No known mutation 24 40 50
Poor-risk cytogenetics <15 <40 <40
Del 5q 1
-7 2

Abbreviations: EFS - Event free survival; ID - Insufficient data;
Data extracted from (Creutzig, Zimmermann et al. 2005; Gibson, Wheatley et al. 2005; Ravindranath,
Chang et al. 2005; Smith, Alonzo et al. 2005; Meshinchi, Alonzo et al. 2006; Brown, McIntyre et al. 2007;
Rubnitz, Razzouk et al. 2007; Franklin, Alonzo et al. 2008; Lange, Smith et al. 2008; Ho, Alonzo et al.

2009; Hollink, van den Heuvel-Eibrink et al. 2009; Ho, Zeng et al. 2010).

Table adapted from (Pui, Carroll et al. 2011)
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Figure 1.4 Event free and overall survival of patients with mutually exclusive genetic

alterations

Kaplan-Meier analysis demonstrating prognostic implications of genetic alterations in patients with adult AML.
TP53 mutations show the most adverse outcome while CBF and CEBPA rearrangements continue to show
favourable outcomes. Figure adapted from (Metzeler, Herold et al. 2016).

Table 1.2 European LeukaemiaNet (ELN) standardised system for correlation of
cytogenetic and molecular genetic data in AML with clinical data

Outcome Subsets

Favorable t(8;21)(q22;22); RUNXI-RUNXI1T1
mv(16)(p13.1q22) or t(16;16)(p13.1;q22); CBK3-MYH11
Mutated NPM 1 without FLT3-I'TD (normal karyotype)
Double mutated CEBPo. (normal karyotype)

Intermediate 1 Wild-type NPM1 and FLT3-ITD or double mutated CEBPo
(normal karyotype)

Intermediate II Cytogenetic abnormalities not classified as favorable or adverse
Mutated FLT3-ITD
Adverse t(6;9)(p23;q34); DEK-NUP214
-5 or del(5Hq)
-7
abnl(17p), abnl(13q) or abnl(3q)
Complex karyotype ™
Mutations in 7P53, ASXLI, or RUNX1

*Complex karyotype is defined as three or more chromosome abnormalities in the absence of one of the
WHO designated recurring translocations or inversions stated above. Table adapted from (Estey 2016)

Many additional molecular markers have been suggested in order to refine prognostication for

specific subtypes or individual genes/karyotypes. The array of biomarkers proposed relate to
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different aspects of AML and differ greatly based on the time points at which they show
potential utility. Some are more helpful in detecting the presence of minimal residual disease

(MRD), while others for predicting relapse or overall survival.

At the forefront of alternative prognostic markers is gene expression. Niavarani ef al. suggests
that using an expression panel of 4 genes (CD109, KIAA0125, NGFRAPI & ZC3HI120)
associated with high W7'[ expression can predict EFS (Niavarani, Herold et al. 2015). Most
importantly this held true i two other adult cohorts and over multiple expression platforms.
Individual genes have also shown utility in predicting patient outcome for particular subtypes
of AML, usually in association with downstream cellular effects of chromosomal
rearrangements. For example, elevated expression of microRNA-261b (Zhang, Wu et al.
2017), microRNA-210 (Tang, Chen et al. 2015), microRNA-19b (Zhang, Lin et al. 2017),
WT'I (Candoni, De Marchi et al. 2017), DOCK! (Lee, Chiu et al. 2017), CD4 (Guo, Atenafu
etal. 2017), CXCR4 (Matsuo, Nakamura et al. 2016), DUSP/PI (Zhou, Yin et al. 2015), and
reduced expression of MRPI (Paprocka, Bielawska-Pohl et al. 2017) and microRNA-215
(Wang, Zhang et al. 2016) all predict an adverse outcome in specific AML subtypes.
Conversely, a favourable outcome 1s conferred through overexpression of BMPI1PI (Zhou,
Zhai et al. 2016), microRNA-181 (Guo, Luan et al. 2017), microRNA-370 (Lin, Wang et al.
2015), NEDDJY (Pallares, Hoyos et al. 2017) and ABR (Namasu, Katzerke et al. 2017).

Genetic polymorphisms can also be utilised to help predict a patient’s outcome. For example,
Niavarani et al. showed that the W77 varant rs2234593 1s a prognostic marker i normal
karyotype leukaemia for EFS and OS (Niavarani, Horswell et al. 2015). Similarly, Zheng et al.
and Hou er al. showed that AML patients harbouring an SF3B1, U2AFI or SRSF2 mutation
have a much shortened EFS and OS (Hou, Liu et al. 2016). Furthermore, myelodysplastic
syndrome (MDS) patients have an increased risk of AML transformation (Zheng, Zhan et al.
2017). Stengel et al. presented research that suggests loss of wt-RUNX1 showed a significantly
shorter OS compared to multiple RUNX/ mutations and even more so for only a single
RUNXI mutation. Furthermore they suggested that wt-RUNX/ loss was also associated with
mcreases n other mutations such as ASXL/ (Stengel, Kern et al. 2017). Recent studies by
Papaemmanuil ef al. have shown that there are several other subgroups of patients that can be

defined by driver mutation analysis. Specifically, chromatin-spliceosome and 7P55 mutations
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conferred a poor outcome, especially when coupled with previously aforementioned, class-

defining, driver mutations (Papaemmanuil, Gerstung et al. 2016).

Other measurable factors can also be used to mfer prognosis. Large cohort studies including
that of Rubnitz et al. showed that combinations of guidelines set by the FAB and WHO
systems, like karyotype stratification, subtype, white blood cell count as well as other factors
such as length of remission and sex are all associated with EFS and complete remission
(Rubnitz, Razzouk et al. 2007). Recent advances in sequencing technologies have allowed us
to mterrogate the genome n ways that were once unimaginable. Nibourel ef al. recently used
a SNP array to find copy-number variations (CNVs) that can predict patient outcome and drug
resistance while delineating novel adult AML risk groups (Nibourel, Guihard et al. 2016). Body
mass index (Li, Chen et al. 2017), rate of blast cell clearance during early mduction
chemotherapy (Nakano, Fujiwara et al. 2015), and bone marrow T-cell percentage (Ismail and
Abdulateef 2016) have all been shown to have prognostic implications in AML. However,
research shows that returning an MRD-negative result during and after consolidation therapy

1s still the most predictive method for predicting EFS and OS (Ravandi, Jorgensen et al. 2016).

Given the heterogeneity of the condition, 1t 1s unlikely that a single prognostic test will show
utility across every permutation of every subtype in AML. As it currently stands, our best forms
of prognostication come from knowing the core driver alterations that cause the leukaemia
along with accompanying mutations and chinical variables. However, with the introduction of
cost-effective high throughput sequencing technologies, coupled with machine-based learning
(MBL) approaches, we may soon be able to more accurately predict outcome. Most
mmportantly, these approaches will help us better understand the pathogenesis of each
mdividual patient and allow us to treat them accordingly; often referred to as a personalised or

precision approach to treatment.

1.2.2.5 Treatment
While the prognosis for children with AML has mmproved significantly i recent decades,

treatment options have remained fairly static. The majority of patients under 60 years undergo

two main cycles (Rasche, Zimmermann et al. 2018); the first being induction therapy and the
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second, consolidation (intensification) therapy. Induction consists of cytarabine for 7 days and
either daunorubicin or 1darubicin for 8 days, but this can change based on disease severity.
Induction 1s often repeated 2-3 more times to ensure that all blast cells have been removed
from the bone marrow. At this point, most children will have reached clinical remission, that
1s <50% blast count within the bone marrow. Consolidation therapy consists of between 2-4
cycles of high dosage cytarabine, but this may also vary based on clinical advice (Rasche,

Zimmermann et al. 2018).

Several other treatments are available as alternatives if patients are unresponsive or have
become immune to standard therapy. These are the first wave of personalised treatments in
AML as they are very specific to particular subtypes or mutations associated with the disease.
In 2017, several drugs were newly approved to treat AML. Examples include midostaurin, a
tyrosine kinase inhibitor used primarily in FL735-I'TD mutated patients. This has been very
effective in younger patients and has been shown to extend EFS and OS dramatically (Stone,
Mandrekar et al. 2015). Similarly, crenolanib also targets FL7T3-ITD (used to treat refractory
or relapsed leukaemia) and also helps alleviate myelosuppressive side effects (Randhawa,
Kantarjian et al. 2014). CPX-351 is a formulation of cytarabine and daunorubicin designed to
circumvent chemotherapy-resistant cases, recently approved for high risk patients (Lancet,
Cortes et al. 2014; Stein and Tallman 2015). Immunotherapeutic options such as gemtuzumab
has shown to be effective at improving OS across ages, although it does seem to be ineffective
against high risk leukaemia (Lowenberg, Beck et al. 2010). Hypomethylating agents such as
azacytidine have already been approved with alternative options for take home use and
potential as a maintenance therapy are being explored (Garcia-Manero, Gore et al. 2011). The
recently developed venetoclax 1s a BCL-2 inhibitor which, when combined with
hypomethylating agents, achieves a 759% complete remission rate i patients that are deemed

unfit for conventional induction therapy (Konopleva, Pollyea et al. 2016).

Stem cell or bone marrow transplants (BM'T) are often used post-treatment of AML. There
are two main types; allogeneic and autologous. Studies have suggested that allogeneic
transplantation 1s far superior in terms of overall survival than autologous transplantation or
mtensified chemotherapy, but autologous transplants work occasionally and should be

considered 1f allogeneic transplants are not an option (Woods, Neudorf et al. 2001). The
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decision to transplant is usually at the discretion of the clinical team and varies between
mstitutions. Some hospitals choose to transplant patients after completion of therapy as an
added measure to prevent relapse as well as an immediate boost to immune function (Locatelli,
Masetti et al. 2015). However, this decision 1s weighted heavily on factors such as karyotype
and white blood cell count, as the karyotype may give a favourable prognosis to the patient,
and thus the transplant may be unnecessary (Yanada 2015). Whether to transplant 1s still a
fairly heavily debated topic primarily due to the risk of graft versus host disease (GvHD). This
may occur after transplantation due to the donated cells recognising the host’s cells as foreign
and subsequently attacking them. GvHD effects range from mild acute cases of skin rash to life
threatening liver disease (Ferrara, Levine et al. 2009). Bone marrow transplants are often used

as a last resort should conventional therapy prove meffective.

While treatment is similar for children and adults, long-lasting effects are usually more severe
for children. Toxicity of chemotherapy is often exacerbated when exposure occurs during
development, often in association with later life complications and relapse. Chemotherapy
from others cancers has been known to cause secondary, or treatment-related AML
(Hulegardh, Nilsson et al. 2015). Designing treatments that avoid these problems is paramount

for better personalised medicine given that prognosis post-relapse remains poor.

1.2.2.6 Relapse

Relapse 1s the major cause of death in AML. While those in the paediatric setting generally
respond better to treatment than adults, the rate of relapse differs little, suggesting treatment
regimens may play a role in recurrence. The most prevalent and well-studied concept for
relapse 1s that of clonal evolution (Ding, Ley et al. 2012). Over time, subpopulations of cells
with addittonal mutations arise, often In association with enhanced stemness or even
chemotherapy resistance (Figure 1.5). While these fractions may be a minority of the primary
tumour, they are selected for during induction therapy and become the primary clone upon

relapse.

It 1s believed that the leukaemic stem cells (LSCs) reside at the apex of the cellular hierarchy,

can self-renew and stop division in association with chemotherapy resistance. Such cells are



more likely to be maintained through chemotherapy and are the likely source of relapse in
AML (Thomas and Majeti 2017). Additionally, recent studies have shown that in particular
subtypes of AML pre-leukaemic events often stay dormant many years after complete
remission, maintaining the ability to re-mitiate the process of malignancy through genomic
mstability and/or additional mutations (Hirsch, Zhang et al. 2016). This 1s evidenced in the
clinical presentation of relapsed AML where patients show accumulated mutational load and

often show a lack of response to chemotherapy that was originally used to achieve remission.

This 1s consistent with studies in FL73/11D patients where the predominant subclone found
at relapse was originally present at diagnosis in much smaller numbers (Bachas, Schuurhuis et
al. 2015). However, it 1s important to note no evidence of a relapse clone was found n the
original diagnostic sample m 30% of cases, suggesting that secondary malignancies can arise
spontaneously. Furthermore, exome sequencing of the Children’s Oncology Group (COG)
TARGET-AML cohort showed that while there was still variety in mutations between diagnosis
and relapse, variants with high variant allele fraction (VAF) were likely shared across a clonal

structure, making them key cells for therapeutic targeting (Farrar, Schuback et al. 2016).

Unlike diagnostic samples, the additional mutational load present at relapse often limits the
utility of prognostic biomarkers (Kim, Seol et al. 2016). Considering the devastating effects of
relapse, especially in children, the need for better methods to monitor MRD, predict relapse

and treat stemness in AML are urgently required (Shlush, Mitchell et al. 2017).
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Figure 1.5 Timeline of clonal evolution from primary to relapsed AML during therapy
Primary tumour containing driver mutations, followed by several subpopulations with additional mutations which
later become the dominant clone by relapse, acquiring further mutations post relapse. Figure adapted from (Ding,

Ley et al. 2012)
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1.3 Epigenetics & DNA Methylation
1.3.1 Introduction

The term ‘epigenetics’ was itially coined in 1942 by Conrad Waddington (Goldberg, Allis et
al. 2007) to explain the complex relationship between genes, their products, and how they
mteract to bring about the human phenotype. This could be extended to how an entire cell
functions and grows throughout the process of differentiation (Figure 1.6). However, the
definition of ‘epigenetics’ has now evolved and varies across areas of research (Bird 2007).
Generally speaking, epigenetics (literally meaning ‘above DNA’) can be thought of as changes
m gene function that cannot be explained by changes in the underlying DNA sequence in

1solation (Greer and McCombe 2012).
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Figure 1.6 Waddington’s classic epigenetic landscape (Updated)

This model was proposed around the same time as the coining of the term ‘epigenetics’. The concept being that
pluripotent stem cells can be differentiated into any mature cell as deemed necessary by epigenetic modification
during a cells lifetime (Goldberg, Allis et al. 2007). Figure adapted from (Barth and Imhof 2010)

A complex interplay of epigenetics, genetic variation and the environment 1s believed to be the
main determinant of phenotype (Tammen, Friso et al. 2013). It is well-established that there
are links between environmental exposures, (e.g. place of birth, diet and lifestyle) and overall

health (Flores, Wolschin et al. 2013). As a result, it 1s believed that epigenetic modification 1s
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the intermediary of environmental exposure and regulation of gene expression (Tammen,
Friso et al. 2013). Changes in gene function might be accredited to an array of different
epigenetic mechanisms such as histone modification, small non-coding RNAs, and the most
widely studied mechanism of epigenetics, DNA methylation (Eccleston, DeWitt et al. 2007).

All have been shown to play a role i disease pathogenesis via altered gene expression.

The diploid human genome consists of over six billion nucleotides and needs to be packaged
in such a manner that can be contained within a single cell. Epigenetic mechanisms are an
mtegral part of the packaging process, not only to be able to access the DNA, but to store it

efficiently.

1.3.1.1 Histone Modification

Nucleosomes are made up of two copies of the core histones H2A, H2B, H3 and H4 to create
an octamer. The DNA double helix is then wrapped around these octamers twice. A collective
of nucleosomes 1s known as chromatin and can be found in two forms; open and closed (Figure
1.7). The closed form of nucleosomes are packaged together tightly (known as
heterochromatin) to block transcription of DNA. However, the open form (known as
euchromatin) can be readily transcribed, repaired or replicated in its accessible state

(Kouzarides 2007).

There are many different post-translational modifications of histones, primarily on the amino
terminal taill, and many of their functions are still being defined. Most widely studied
modifications include acetylation, phosphorylation and methylation. These modifications are
variously designed to weaken the bonds between the DNA and the histone, or weaken the
bond between linked nucleosomes resulting in changes to the conformation of chromatin
(Bannister and Kouzarides 2011). Many studies have shown specific cell types have unique
histone modification patterns defining particular chromatin states at promoters to give rise to

cell specific gene expression patterns (Heintzman, Hon et al. 2009).
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Figure 1.7  Chromatin structure and location of epigenetic modifications
Histone modification is used to control conformation of chromatin complexes, while DNA methylation can be
used to modulate gene expression. Figure adapted from (Marx 2012)

1.3.1.2 DNA Methylation

DNA methylation (DNAm) the most-widely studied epigenetic mechanism. This covalent
modification occurs primarily at CpG dinucleotides or CpG sites, consisting of a cytosine (C)
and guanine (G) base joined by a phosphodiester bond (Bjornsson, Fallin et al. 2004). Methyl
groups are covalently added to the fifth carbon of the cytosine base to produce 5-
methylcytosine (hmC). CpG sites are underrepresented across the genome as a whole, with
around 209% less than the expected occurrence by chance (Consorttum 2001). In contrast, they
are found in high abundance within the promoter region (approximately 759%) of many genes
(Ehrlich, Gama-Sosa et al. 1982). These clusters are known as CpG islands and are often
hypomethylated, a state that is generally associated with open chromatin and increased
transcription. Conversely, hypermethylated CpG sites found within the regulatory regions of a
gene are often associated with tightly packed chromatin and decreased transcription. This is

often referred to as methylation-induced gene silencing and is a feature of many cancers,
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including AML (Mill and Hejymans 2013). However, in some cases DNAm is a consequence

of silenced gene expression, rather than the cause (Daura-Oller, Cabre et al. 2009).

Methylation of CpG sites may prevent transcription factors from binding to the underlying
DNA both in a physical sense, and by promoting histone modification through proteins
binding to the methyl groups (Jaenisch and Bird 2003). In order to do this, these alterations
need to be dynamic. De novo DNAm 1s performed by DNA methyltransferase 3a and 3b
(DNMT32/ DNMT3b) (Okano, Bell et al. 1999) and is maintained through cell division by
DNA methyltransferase 1 (DNMT]) (Law and Jacobsen 2010). Demethylation occurs through
the recruitment of the ten-eleven translocation (7E7) family of enzymes that convert 5mC into
5-hydroxymethylcytosine (5hmC) which can subsequently be lost during cell division, thymine
DNA glycosylase (TDG)-mediated base excision repair or iterative oxidation (Figure 1.8).
Through the cyclical use of these enzymes, DNAm 1s able to dynamically respond to signals

which mediate optimal levels of gene transcription (Kohli and Zhang 2013).

While DNAm plays an important role in regulation of transcription, aberrant methylation 1s
mplicated in disease development and maintenance. Examples of aberrant DNAm
maintenance Include embryonic development, chromatin structure, X chromosome
mactivation, genomic imprinting and chromosomal stability (Robertson 2005). Should the
genes involved in these processes be disturbed (1.e. mutation or suppression), disease such as
Beckwith-Wiedemann, Prader-Willi and Angelman syndromes can arise (Jin and Liu 2018).

Furthermore, aberrant DNAm is intrinsic to the development of many cancers (Ehrlich 2002).

27



\"AO o¥G  Succinate
Al:v —,—\—b @ Oxidation

NH ;
R . NH, _)T:)G / N
RN 106 ‘Wa ———p (AbsIC)

ScaC {,«}_ NH, ’ '\C\ v Q HO Base N
l | S .nlv Repair

Figure 1.8 A complete pathway for dynamic modifications of cytosine

5mC bases are introduced through the DNA methyltransferase (IDNM7) enzymes and can be iteratively oxidised
through the ten-eleven translocation (7E7) enzyme family. Furthermore, utilising Thymine DNA Glycosylase
(TDG), 5-hydroxymethylcytosine (5hmC) can be excised and the cytosine can return to an unmethylated state.
Figure adapted from (Kohli and Zhang 2013). Abbreviations; AM - Active modification; AR - Active restoration;
PD - Passive dilution; 5fC - 5-formylceytosine; 5¢caC - 5-carboxyleytosine

1.3.2 DNA Methylation in Cancer: Implications for Prognosis

The DNAm profile in cancer is substantially altered relative to disease-free cells. This includes
genome-wide hypomethylation (reduced global 5mC) in addition to promoter-specific
hypermethylation (Portela and Esteller 2010). The areas of induced hypomethylation, usually
within the body of a gene, intronic and/or within repeat sequences, have been shown to cause
chromosomal instability leading to translocations and gene disruption. In contrast, promoter
hypermethylation, often in conjunction with other aforementioned epigenetic modifiers, can
contribute to carcinogenesis through gene silencing (Feinberg, Ohlsson et al. 2006) (Figure
1.9). These promoter regions subject to hypermethylation are highly variable between different
forms of cancers and are enriched for tumour suppressor genes with a role in DNA repair,
apoptosis, anglogenesis and more (Esteller 2005; Esteller 2008; Sandoval and Esteller 2012).
It 1s therefore hypothesised that the resulting aberrant pathway signalling cascade can contribute

to the pathogenesis of cancer by providing an unregulated environment for their development
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and proliferation (Feinberg, Ohlsson et al. 2006). While this disruption to the methylome 1s
found 1n established cancers, it can also be found prior to carcinogenesis (Sandanger, Ngst et
al. 2018). This suggests that DNAm plays a potential causal role in cancer development, with
potential utility as a biomarker for prognostic approaches (Belinsky, Nikula et al. 1998).
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Figure 1.9 The aberrant DNA methylation profile found in cancer cells

Hypermethylation is found 1n high abundance at CpG sites near promoter regions of tumour suppressor genes
while global hypomethylation i1s found at repeat sequences. White lollipop is non-methylated; red lollipop 1s
methylated.

Interrogation of DNAm has been used in a variety of cancer studies, revealing that aberrant
DNAm is a key contributor to all forms of carcinogenesis. Studies have recently shown
functional effects in terms of gene silencing, such as i increased activation of the WN'T/[-
catenin signalling pathway by silencing of SFRPI in colon cancer (Jones and Baylin 2007) as
well as activation of the Jak/STAT pathway by silencing SOCS! and SOCS3 in liver and lung
cancer (Esteller 2005). More recent, large scale studies have suggested that KPHA7Z, MGM1T’
and MLH] are all hypermethylated in colorectal patients, RARB in prostate tumours and
CASPS 1n glioblastoma (Vidal, Sayols et al. 2017). Furthermore, Vidal er al. suggest that stem
cell clones harbouring larger scale hypermethylation are positively selected for in clonal
evolution of tumours (Vidal, Sayols et al. 2017). The fact that aberrant DNAm is found in all

cancers raises the possibility of developing chinically relevant methylation biomarkers.

Using DNAm for prognostication 1s a relatively new field. Acute lymphoblastic leukaemia
patients with undefined chromosomal abnormalities can be appropnately subtyped using
DNAm as a biomarker (Nordlund, Bicklin et al. 2013). Using a separate sample set the same
authors also found thousands of CpG sites to be hypermethylated when comparing diagnostic

to relapsed samples, and even more sites when comparing diagnostic to healthy, control patient
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blood. There were also several sites associated with enhancer regions which were directly

correlated with gene expression, giving further utility to this test (Nordlund, Backlin et al. 2013)

The same principles have been applied in other cancers. In what 1s perhaps the most 1conic
use of DNAm being translated in a clinical setting, Capper et al. published DNAm array data
to predict types of braimn tumours based on specific methylation profiles. By releasing this
classifier to the public, they obtain further clinical data which retrains the model, making it
more robust over time (Capper, Jones et al. 2018). This model has been used to mmform
clinicians of patient brain tumour subtype in instances where pathology techniques have failed.
Similar studies have been undertaken by Schwalbe et al. and Danielsson et al. who have used
a cancer panel methylation array to predict patient outcome as well as further sub-classify
medulloblastoma and paediatric brain tumours respectively (Schwalbe, Williamson et al. 2013;
Danielsson, Nemes et al. 2015). Furthermore, Sturm et a/. found that subtypes of the primitive
neuroectodermal tumours of the central nervous system (CNS-PNETS) could be further
stratified into four different groups all with their own unique recurrent genetic alterations and
distinct histopathological and clinical features (Sturm, Orr et al. 2016). There 1s still much to
learn 1 terms of its true prognostic and pathogenic mimpact of DNAm in many cancers,

especially paediatric AML where few DNAm studies have been published.

1.3.3 DNA Methylation in Acute Myeloid Leukaemia and its
Implication in Patient Prognosis

In a notable research conducted by 11 ef al. in AML, they postulate that epigenetic and genetic
heterogeneity occur with distinct kinetics, suggesting that both methods can co-create their own
mdependent means of disease progression and clonal evolution (Li, Garrett-Bakelman et al.
2016). Several groups of patients were defined; some having a more epigenetically-driven
disease, while others had a more genetic or mixed progression. With each component
contributing individually to disease, this creates an added layer of complexity in regards to how

to treat a patient that develops disease through different processes (Li, Garrett-Bakelman et al.
2016).

30



1.3.3.1 Methylation in Adult AML

Most large scale epigenetic studies have been undertaken in adults (See review; (Schoofs,
Berdel et al. 2014)). Many of these studies found differential methylation in genes that are
associated with both methylation pathways and AML pathogenesis, suggesting widespread
methylation dysregulation. Several other studies have associated different patterns of
methylation, primarily global hypomethylation, with specific cytogenetic subtypes (Schoofs,
Berdel et al. 2014). Furthermore, Kelly et al have shown that a CpG island methylator
phenotype (CIMP, which suggests heightened levels of promoter methylation), confers a longer
OS to those that test positive (Kelly, Kroeger et al. 2017). They discovered two demethylator
phenotypes which were associated with both good (inv(16), t(8;21), t(15;17)) and poor (NPM],
FLT3 and DNMT3A mutations) OS respectively, suggesting that epigenetic modification 1s
distinct between, but similar within, cytogenetic subgroups (Kelly, Madzo et al. 2018).
Overexpression of BCAT1 has recently been implicated in AML as downstream effects cause
global hypermethylation events through altered 7E7 function, akin to harbouring the common
AML mutation of IDH. Furthermore, high levels of BCAT1 was associated with stem cell

signatures and ultimately a higher risk of relapse (Raffel, Falcone et al. 2017).

Smaller studies have also associated aberrant DNAm in genes such as MGMT (Sobieszkoda,
Czech et al. 2017), GPXS (Zhou, Lin et al. 2016), CIR (Bozic, Lin et al. 2015), ID4 (Zhou,
Zhang et al. 2017), NKDZ2 (Li, Zhou et al. 2017), PD-L1 (Goltz, Gevensleben et al. 2016)
CTNNAI (Li, Gao et al. 2016), DLX4 (Zhou, Zhang et al. 2016), SCIN (Zhang, Zhang et al.
2018), and SFRPs (Guo, Zhang et al. 2017),with various effects upon prognosis, disease
pathogenesis and subtype classification. These genes are just a few of the many that are
regulated by DNAm and serve as an example of the complexity of a disease as heterogeneous

as AML.

As methylation patterns for individual genes and complex methylation signatures are associated
with AML subtypes, there 1s the potential for large scale classifier tools to improved accuracy
of diagnosis across cytogenetically ambiguous cases. Su-In Lee ef al has shown using
expression data and i vitro drug sensitivity screening that MBL models can be created to

determine treatment response to particular levels of expression (Lee, Celik et al. 2018). A novel
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method designed for fast clinical turnaround, utilising multiplex evaluation of DNAm
combined with a MBL random forest algorithm has shown improved capacity to determine
patient subgrouping and ultimately mortality risk (Wertheim, Smith et al. 2015). Furthermore,
Luskin et al. used the same multiplex methodology and used a ‘methylation statistic’ to predict
failure to achieve complete remission (Luskin, Gimotty et al. 2016). These strategies may be
applied to DNAm array data for novel approaches to prognostication in both adults and

children.

1.3.3.2 Methylation in Paediatric AML

DNAm has also been iterrogated in paediatric AML, albeit not to the extent of other cancers.
This most likely reflects the rarity of paediatric AML. However, several studies have shown
similar utility for DNAm in this field as in adult AML. The flagship study recently completed
by Bolour ef al. shows that DNAm can be used to define patient subtypes even when both
children and adults are combined (Bolouri, Farrar et al. 2017). A hypersilenced group, found
to primarily consist of children with W77/ mutations, along with CBF, KM2TA and IDH
mutated groups could be accurately defined. Furthermore, Bolouri et al. discovered that many
genes in the Wnt-B-catenin signalling pathway, which is necessary for development of
leukaemic stem cells, were deleted or aberrantly methylated. Activating ligands for natural killer

(NK) cells seemed to be actively repressed in children as well (Bolouri, Farrar et al. 2017).

Smaller studies, such as 70 et al: have shown that EBF3 (Tao, Xu et al. 2015) and ZFP382
(Tao, Hu et al. 2014) promoter hypermethylation 1s associated with a decrease in gene
expression and that overexpression inhibited cell proliferation and increased apoptosis.
Similarly, GATA4 promoter hypermethylation has been observed in paediatric AML samples,
and has been directly correlated to patient white blood cell count and MRD. Those patients
showing GAT'A4 hypermethylation were also noted to have markedly shorter survival time
than those without (Tao, Fang et al. 2015). MN/ has been mmplicated in inv(16) paediatric
AML through overexpression when DNM1T3B is unable to methylate the promoter region of
the gene (Larmonie, Arentsen-Peters et al. 2017). MN1 is a known oncogene but its utility in
AML pathogenesis 1s yet to be discovered. Morenos ef al. was the first example of genome-

wide epigenetic analysis i paediatric AML, revealing an increase in methylation at the
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DLUEZ/Alt] transcriptional start site leading to repressed gene expression (Morenos 2014).
Stratification of cytogenetics also showed that patients with chromosome 11 abnormalities or
trisomy 8 were not affected by this aberrant methylation, suggesting that this finding may be

karyotype specific.

As established earlier, the more severe effects of AML generally occur at relapse. DNAm 1s
being considered for biomarkers of relapse at multiple time points throughout disease
progression. Tan et al. has shown that mutations in DNAm regulators, namely DNM1T3A,
cause carcinogenic transformation from haematopoietic stem cells to the pre-leukaemic phase
(Tan, Liu et al. 2015). This information can be used both as a therapeutic target as well as a
marker for potential relapse. Agrawal et al. suggest the use of ERa/pl) methylation as a
biomarker of MRD as many patients that achieved remission but retained methylation in those
loct were associated with a poorer 5-year EFS and OS post-relapse (Agrawal, Unterberg et al.
2007). Looking at RUNXI-RUN1T1 patients only, Zampini et al. postulates that a 337 base
pair differentially methylated region (DMR) signature can accurately distinguish patients that
relapsed. This signature suggests cell-to-cell adhesion and cell-motility are the core pathways

mvolved in the relapse process for this subtype (Zampini, Tregnago et al. 2018)

Many of the epigenetic studies in paediatric AML consist of subtype and loci specific analyses,
and therefore lack the scale many adult AML genome-wide studies achieve. Paediatric-specific
studies are 1mportant as there are few epigenetic comparisons of adult and paediatric
leukaemias, despite polymorphisms in epigenetic-modifying genes being virtually absent in the
paediatric setting. Furthermore, we need to elucidate the how the differences in chromosomal
and genetic heterogeneity affect methylation and ultimately disease in the paediatric setting.
Finally, the prognostic use of large scale, DNAm arrays have been relatively unexplored, thus,
further studies designed around the paediatric setting will need to be implemented to further

elucidate 1ts utility within paediatric AML.
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1.4 The Present Study

In recent years, DNAm and other epigenetic modifiers have been gaining attention in cancer
pathogenesis, particularly in AML. With newly approved treatments, both using epigenetic and
genetic targeted approaches, research into the pathogenesis of AML 1s slowly bearing fruit.
However, it 1s becoming increasingly clear that both the genetic and epigenetic landscape of
paediatric AML varies substantially from its adult counterparts. Subsequently, paediatric AML
should be treated as a separate disease. Furthermore, with current risk stratification based only
off adult AML genomic data (Mrozek, Marcucci et al. 2012), and recent studies suggesting that
co-operative mutation can influence disease risk, an updated risk stratification protocol 1s
necessary to appropriately define paediatric AML prognosis. While these advances in disease
pathogenesis continue to inform future treatment, the sheer heterogeneity of paediatric AML

leaves much to be discovered, especially in the field of DNAm-defined regulation.

In the present study we interrogated the DNA methylome of paediatric AML to improve our
understanding of the biology of disease, to uncover potentially novel pathogenic mechanisms
defined by regulation of DNAm, and to identify prognostic approaches to risk stratification.
Through this effort we hope to assist in defining patient risk for better long-term outcomes,

while defining novel pathogenic mechanisms that may help in future personalised treatments.
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1.4.1 Hypotheses and Aims

Aim 1: To interrogate global DNAm levels of paediatric AML diagnostic bone marrow

samples relative to matched remission and healthy control samples.

Hypothesis 1a: AML 1s associated with disruption of global 5mC levels
Hypothesis 1b: Global 5mC levels are associated with individual subtypes of AML.

Aim 2: To identify genes with aberrant DNAm patterns associated with AML pathogenests,

and to distinguish AML diagnostic bone marrow samples from matched, remission samples.

Hypothesis Za: Genes mmplicated in AML pathogenesis will be associated with aberrant
DNAm.
Hypothesis 2b: Specific patterns of DNAm will distinguish AML bone marrow from healthy,

remission bone marrow samples.

Aim 3: To distinguish individual AML subtypes using DNAm signatures, and to identify and
replicate gene-specific aberrant DNAm associated with the CBFB-MYH 1 subtype of AML.
Hypothesis Sa: AML subtypes will be defined by DNAm signatures, separating them into
distinct groups.

Hypothesis 3b: Genes previously implicated in CBFB-MYH 1 1 pathogenesis will be associated
with aberrant DNAm.

Aim 4: To use DNAm profiling as a tool to predict patient outcome at diagnosis through

machine-based learning techniques.

Hypothesis 4: 5-year EFS can be predicted at diagnosis through machine-based learning

techniques utilising DNAm array data.
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Chapter 2 Materials and Methods
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2.1 Materials

2.1.1 Equipment

Table 2.1 Study equipment
Equipment Supplier City
1.5mL Microcentrifuge tubes Eppendorf AG Hamburg, Germany
Safelock 2mL Microcentifuge Tubes Eppendorf AG Hamburg, Germany
384-well Microplates Axygen Union City, USA
96-well Microplates Axygen Union City, USA
Centrifuge 5424 R Eppendort AG Hamburg, Germany
Centrifuge 5804 Eppendorf AG Hamburg, Germany
Centrifuge 5810 R Eppendort AG Hamburg, Germany
ChemiDoc™ XRS+ System Bio-Rad Hercules, USA
Dry Block Heater Ratek Instruments Melbourne, Australia
Falcon Conical Tubes BD Biosciences New Jersey, USA

Gene Amp PCR System 9700
Kimwipes

Manual Multichannel Pipette Pipet-Lite
XLS+
MassARRAY Compact Analyzer

MassARRAY Nanodispenser
MicroAmp® Clear Adhesive Film
Micro Centrifuge

Midi Gel Tank Kit

NanoDrop™ 1000 Spectrophotometer
Nunc Cell Scrapers

Pipette Aid

Pipette Tips
Multichannel Pipette Tips

Pipettes

Qubit® 2.0 Fluorometer
SpectroCHIP® I1-G384
Suspension Mixer

Thin Wall Strip Cap Tubes
Veriti 96-well Thermal Cycler
Vortex

Applied Biosystems
Kimtech Science
Mettler Toledo

SEQUENOM
SEQUENOM

Applied Biosystems
Tomy Kogyo

Plaztek Scientific
Thermo Fisher Scientific
Thermo Fisher Scientific

Drummond Scientific
Company

Axygen

Mettler Toledo

Gilson

Life Technologies
Agena Bioscience
Ratek Instruments

Pacific Laboratory Products

Applied Biosystems
Ratek Instruments

Melbourne, Australia
Milsons Point, Australia
Port Melbourne,
Australia

San Diego, USA

San Diego, USA
Melbourne, Australia
Tokyo, Japan
Melbourne, Australia
Washington, USA
‘Washington, USA
Broomall, USA

Union City, USA
Port Melbourne,
Australia

Middleton, USA
Singapore, Singapore
San Diego, USA
Melbourne, Australia
Blackburn, Australia
Melbourne, Australia

Melbourne, Australia
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2.1.2 Reagents

Table 2.2 Study reagents
Reagent Supplier City
1 kb Plus DNA Ladder Invitrogen Mulgrave, Australia
10 mM dNTP Mix Life Technologies Oregon, USA
10x PCR Buffer Qiagen Dusseldorf, Germany

2x FastStart™ PCR Master Mix

5x T7 Polymerase Buffer

Absolute Ethanol

Agarose Powder

AllPrep DNA/RNA Mini Kit
Chloroform

CpGenome Universal Methylated DNA
CpGenome Universal Unmethylated DNA
Dithiothreitol (DTT)
Ethylenediaminetetraacetic Acid (EDTA)
EZ-96 DNA Methylation-Lightning
MagPrep Kit

FlexiGene DNA Kit

GelRed™

Heat Inactivated Foetal Bovine Serum
Magnesium Chloride (MgCl,)

Methyl Fasy™ Xceed Kit

Milli-Q Purified Water
Nuclease-Free Water

Phenol

Proteinase K

Qubit® dsDNA BR Assay Kit
Resin

RNase A

RNase-Free ddH20

Shrimp Alkaline Phosphatase (SAP)
Sodium Dodecyl Sulphate (SDS)
Sodium Hydroxide Pellets

T7 RNA and DNA Polymerase
T-Cleavage Mix
Trs-Hydrochloride

Xylene

Sigma-Aldrich
Agena Bioscience
Merck Millipore
Bioline

Qiagen
Sigma-Aldrich
Merck Millipore
Merck Millipore
Agena Bioscience
Merck Millipore

Zymo Research

Qiagen

Biotium
Scientifix
Sigma-Aldrich
Human Genetic

Signatures
Merk Millipore

Ambion
Sigma-Aldrich
Qiagen

Life Technologies
Agena Bioscience
Agena Bioscience
Agena Bioscience
Agena Bioscience
Roche
Sigma-Aldrich
Agena Bioscience
Agena Bioscience
Roche
Sigma-Aldrich

Castle Hill, Australia
San Diego, USA
Kilsyth, Australia
London, UK
Dusseldorf, Germany
Castle Hill, Australia
Kilsyth, Australia
Kilsyth, Australia
San Diego, USA
Kilsyth, Australia
Irvine, USA

Dusseldorf, Germany
Hayward, USA

South Yarra, Australia
Castle Hill, Australia
Randwick, Australia

Kilsyth, Australia
Austin, USA

Castle Hill, Australia
Dusseldorf, Germany
Oregon, USA

Sand Diego, USA
San Diego, USA
San Diego, USA
San Diego, USA
Castle Hill, Australia
Castle Hill, Australia
San Diego, USA
San Diego, USA
Castle Hill, Australia
Castle Hill, Australia
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2.1.3 Buffers and Solutions
Table 2.3 Study buffers and solutions

Buffer/Solution Contents

1x TE Buffer 10mM tris-hydrochloride pH 8.0, ImM EDTA, stored at room
temperature

1x TBE Buffer 90mM tris-hydrochloride pH 8.0, 90mM boric acid, 2mM
EDTA, stored at room temperature

6x Loading Dye 40% (v/v) glycerol, 0.05% (v/v) bromophenol blue, 0.05% (v/v)

Extraction Buffer

Phenol Chloroform Solution

xylene cyanol, stored at room temperature

100mM sodium chloride, 10mM tris-hydrochloride, 25mM
EDTA pH 8.0, 0.59 SDS, milli-Q purified water, stored at
room temperature

Chloroform, phenol, and isoamyl-alcohol prepared in a 25:24:1
ratio, stored at 4°C in aluminium foil covered 50mL Falcon
tubes as solution 1s light sensitive
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2.2 Study Cohorts & Sample Collection
2.2.1 Australian Paediatric Acute Myeloid Leukaemia Cohort

The Australian paediatric AML sample was generated by combining archival (slide smears)
and fresh/frozen bone marrow aspirates from the Royal Children’s Hospitals (RCH) in
Melbourne and Brisbane, The Children’s Hospital of Westmead, Sydney and The Princess
Margaret Hospital for Children in Perth.

All samples were obtained following appropriate ethics approvals. Samples from the RCH
Melbourne were obtained through several means. Stored archival (room temperature) and
frozen bone marrow were obtained from the Children’s Cancer Centre. Fresh bone marrow
was obtained from the Children’s Cancer Centre Tissue Bank (CCCTB). Samples from the
Children’s Hospital at Westmead Tumour Bank primarily consisted of archival bone marrow
aspirates. Fresh/frozen bone marrow samples obtained from RCH Brisbane tissue bank were
provided by Dr Andrew Moore. Fresh bone marrow from the Princess Margaret Hospital for
Children were provided by Dr Catherine Cole and were exclusively used for replication

purposes.

Tissue used i this study were sourced to form a retrospective cohort of samples consisting of
diagnostic, remission, and relapse bone marrow aspirates. At the time of collection, sample age
ranged from <1 to >15 years of age. A summary of patient demographic data 1s detailed in

Section 2.3

Collectively, this cohort included 202 bone marrow samples across multiple time points

derived from 114 patients. Samples were selected according to the following criteria:

» A diagnostic sample where sufficient patient cytogenetic, follow-up, outcome, and
standard epidemiological data was available;

= Follow-up samples for each patient were available depending on their outcome status.
Patients that did not relapse were to have an available remission sample, while patients

that did were to have a relapse sample.
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* Diagnostic samples from as many different cytogenetic abnormalities as possible to

ensure that findings were not driven solely by a dominant AML subtype.

2.2.2 Therapeutically Applicable Research to Generate
Effective Treatments (TARGET) Study

The Therapeutically Applicable Research to Generate Effective Treatments (FTARGET)
mitiative used high resolution genomic approaches to comprehensively characterise and
determine the changes that drive progression and mitiation in high-risk childhood cancers.
Patients admitted to drug trials being overseen by the Children’s Oncology Group (COG) were
recruited for the TARGET study. Characterisation of patient samples was undertaken by whole
genome sequencing, whole exome sequencing, RNA-seq, mRNA-seq, miRNA-seq, bisulphite

sequencing, HM450k array and ChIP sequencing across an array of different cancer types.

We obtained publicly available genome-wide DNAm array files (IDA'T files) and clinical data
from acute myeloid leukaemia samples used in the TARGET study. These samples will be
referred to as the TARGET study/cohort and were used exclusively for pooled-analyses with
the Australian discovery cohort. All sample collection, handling and information collection was
carried out by the respective research institutes and hospitals throughout North America. AML

data was origially published by Bolouri et a/ (Bolouri, Farrar et al. 2017).

2.2.3 Healthy Bone Marrow Data

We obtained additional publicly available genome-wide DNAm array files (IDAT files) from
adult, healthy bone marrow donors (GSE63409). This dataset comprised of a total of 24 cell
sorted bone marrow samples derived from five patients. Samples included five normal
haematopoietic stem cell samples (HSC), four multipotent progenitor cell samples (MPP), five
common myeloid progenitor cell samples (CMP), five megakaryocyte-erythroid progenitor
samples (MEP) and five granulocyte-macrophage progenitor cell samples (GMP). This data
was publicly available from NCBI Gene Expression Omnibus (GEO) and was origmally
generated by Jung et a/ Jung, Dai et al. 2015).
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2.2.4 Combined Analyses & Data Harmonisation

Data from the three aforementioned cohorts were pooled and re-analysed in order to
strengthen statistical power and validate discovery cohort findings. Data between the Australian
discovery cohort and the North American TARGET cohort were harmonised where possible.
Harmonisation of meta-data was achieved including technical aspects such as what chip and
position each sample were run on, as well as biological aspects such as sex, age, sample time
points, d-year patient outcome, overall survival and cytogenetic data. This harmonised meta-
data allowed for all analyses mn this study to be conducted with all cohorts included while also
allowing for technical variation to be discovered and removed accordingly as further discussed

in Section 2.6.
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2.3 Cohort Demographics

Table 2.4 Clinical characteristics and demographic data of all samples used in this study
Australian Cohort (n=112) TARGET Cohort
Clinical RCH RCH Children’s Princess Margaret | North American Total
Characteristics Melbourne Brisbane Hospital of Children’s TARGET AML (n=201
(n=44 mn=21 Westmead Hospital Cohort patients)
patients) Ppatients) (n = 38 patients)  (n =9 patients) (n = 89 patients)

Sample time point

Diagnostic 41 (65.1%) 21 (48.8%) 38 (53.2%) 9 (50.0%) 89 (38.5%) 198 (47.5%)
Remission 12 (19.0%) 13 (30.3%) 15 (24.2%) 0 103 (44.69) 143 (34.3%)
Relapse [Secondary] 10 (15.9%) 9 (20.9%) 9/3/ (14.69%) 9 (50.0%) 39 (16.9%) 76 (18.3%)
Sample type

Archival 41 (65.1%) 0 54 (87.1%) 0 N/A 95 (b1.1%)
Frozen 14 (22.29%) 0 0 0 N/A 14 (7.5%)
Fresh 8 (12.7%) 43 (100%) 8 (12.9%) 18 (1009%) N/A 77 (41.4%)
Sample use

450K 62 (98.4%) 7 (16.3%) 59 (95.2%) 0 232 (100%) 360 (84.9%)
Replication 1 (1.6%) 36 (83.7%) 3 (4.8%) 18 (1009%) 0 64 (15.1%)
Age at diagnosis

Infants (<3 y/o) 14 (31.8%) 8 (38.1%) 13 (34.2%) 4 (44.5%) 25 (28.1%) 64 (31.9%)
Children (3-15 y/o) 22 (50.09%) 11 (02.4%) 20 (52.6%) 5 (55.5%) 46 (b1.7%) 104 (51.7%)
AYA (>15 y/o) 8 (18.2%) 2 (9.5%) 5 (13.29%) 0 18 (20.2%) 33 (16.49%)
Sex

Male 23 (562.3%) 12 (07.1%) 23 (60.5%) 2 (22.2%) 45 (50.6%) 105 (52.2%)
Female 21 (47.8%) 9 (42.9%) 15 (39.5%) 7 (87.8%) 44 (49.49%) 96 (47.8%)
Status

Alive 26 (59.1%) 14 (66.7%) 24 (63.1%) 6 (66.7%) 40 (44.9%) 109 (54.2%)
Deceased 18 (40.9%) 7 (33.3%) 12 (31.6%) 3 (33.3%) 49 (55.1%) 90 (44.8%)
Unknown' 0 0 2 (5.3%) 0 0 2 (1.09%)

Table continued on next page
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Australian Cohort TARGET Cohort
Clinical RCH RCH Children’s Princess Margaret | North American Total
Characteristics Melbourne Brisbane Hospital of Children’s TARGET AML (n=201
(n =44 n=21 Westmead Hospital Cohort patients)
patients) patients) (n = 38 patients)  (n =9 patients) (n = 89 patients)
Outcome’
Good 13 (29.5%) 4 (19.09) 21 (55.3%) 0 10 (11.29) 48 (23.99)
Poor 23 (52.3%) 16 (76.29%) 17 (44.79%) 9 (100%) 79 (88.8%) 144 (71.6%)
Unknown 8 (18.2%) 1 (4.8%) 0 0 0 9 (4.5%)
Cytogenetics
inv(16)/t(16;16) 6 (13.69%) 0 4 (10.5%) 0 6 (6.7%) 16 (8.0%)
t(8;21) 1 (2.3%) 1 (4.8%) 1 (2.69%) 1 (11.1%) 7 (7.9%) 11 (5.5%)
KMT2A rearranged 11 (259%) 6 (28.6%) 7 (18.4%) 3 (33.3%) 14 (15.7%) 41 (20.49%)
Trisomy 8 1 (2.3%) 2 (9.4%) 5 (13.2%) 1 (11.1%) 0 9 (4.5%)
Trisomy 21 0 0 1 (2.6%) 0 0 1 (<19%)
CN 11 (25%) 3 (14.3%) 8 (21.1%) 0 25 (28.19%) A7 (23.49%)
Complex karyotype™ 7 (15.9%) 3 (14.3%) 4 (10.5%) 0 0 14 (7.09%)
Other’ 7 (15.99%) 6 (28.6%) 8 (21.1%) 1 (11.19) 26 (29.29%) 48 (23.99%)

Unknown

0

0

0

3 (33.3%)

11 (12.49%)

14 (7.0%)

Abbreviations: RCH - Royal Children’s Hospital; TARGET AML - Therapeutically Applicable Research To Generate Effective Treatments in Acute Myeloid
Leukaemia; y/o - Years old; AYA - Adolescent/Young adult; inv - Inversion; t - Translocation; CN - Cytogenetically normal.

*Complex karyotypes are defined by patients having two or more cytogenetic abnormalities or abnormalities that are otherwise unrelated to AML pathogenesis. ‘Other
cytogenetic abnormalities are defined as del5/7/9/13/20q, inv(5q), -7, t(5;6), t(6;9), t(7;12), t(7;14), 1(9;22), t(15;17), t(16;21). Unknown genetic abnormalities are
undefined in patient records.

Patients achieved a 5-year EFS however recent data is unavailable to ensure that they are currently still alive.

Patient outcome is defined as good if the patient achieved a 5-year EFS. Poor outcome is defined as a patient that relapsed or died prior to achieving 5-year EFS



2.4 1solation of Nucleic Acids
2.4.1 Patient Sample Pre-Processing

Fresh bone marrow aspirates taken from the CCCTB were processed within two hours of being
taken from the patient. The bone marrow aspirate was first diluted in an equal volume of RPMI
in a 15mL falcon tube. The diluted bone marrow was layered onto 5mL of Ficoll-Paque and
centrifuged for 30 minutes at 400 x g. The bone marrow mononuclear cell (BMMC) layer was
then removed, placed mto a new 15mL falcon tube and was topped up to 14mL with RPMI
before being centrifuged at 500 x g for three minutes. Residual RPMI was removed and the
pellet was resuspended i 1mL of RPMI before cell counting on a haemocytometer. Three
aliquots of 1.0 x 10" cells were stored in 1mL of HI FBS with 109 DMSO cryopreserved by
being stored in a -80°C freezer in a controlled freezing container. Remaining cells were
aliquoted at a 5-10 x 10°/mL density and stored in RNA later or as a dry pellet before being
moved to a -80°C freezer. Frozen bone marrow donated from the VCGS was mitially frozen at

-30°C in a sodium heparin tube before DNA extraction.

Archived patient slhides were available to the MCRI from the RCH Melbourne Haematology
department. Samples were archived following routine diagnostic testing and stored in two
different manners. Unstained bone marrow aspirates comprised whole bone marrow, smeared
and air dried on a glass shde. Stained bone marrow aspirates were whole bone marrow shdes
dyed with Giemsa, mounted with DPX media under a cover slip. Prior to extracting DNA
from stained patient sample slides, they were soaked in 1009% Xylene for a minimum of 2 days
to safely remove the mounting media and coverslip without damaging the sample. The bone
marrow aspirate was directly dissolved on the glass slide with tissue lysis buffer, and scraped
using a cell scraper (Nunc International, NY) mto a 1.5ml. microcentrifuge tube for further

downstream application.

2.4.2 Extraction of DNA from Archival Bone Marrow

DNA extraction was performed using a standard phenol/chloroform method. This method
was adapted to be used with archival bone marrow samples as previously described (Morenos,

Saffery et al. 2012). The phenol/chloroform method mvolved adding 2 x 250uL. of lysis buffer
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to the bone marrow aspirate slide and scraping it off into a 1.5ul. microcentrifuge tube. We
added 20uL of proteinase K (10mg/ml) to the sample and heated to 55°C for a minimum of
two hours, but most were completed overnight. Once removed from the heat block 500uL of
phenol chloroform 1s added and shaken wvigorously. Microcentrifuge tubes were then
centrifuged at 12,000 x g for 10 minutes. The aqueous, upper layer of the solution is then
removed and placed mto a new tube, with the remainder being discarded. We then add 350uL.
of 1sopropanol and mixed by vortex to precipitate the DNA. The microcentrifuge tube was
again centrifuged at 12,000 x g for 5 minutes. The supernatant was removed with care not to
disturb the DNA pellet. The DNA pellet was then left to air dry for 5 minutes before being
resuspended in 50ul. of 1 x TE buffer. All DNA was tested for quality and quantity before any

further downstream applications and is discussed in section 2.2.3.

2.4.3 Extraction of DNA and RNA from Fresh/Frozen Bone
Marrow

Extraction of DNA and RNA from fresh bone marrow was achieved through the use of the
AllPrep DNA/RNA Mini Kit. Thawed, viably stored samples were centrifuged at 300 x g for 5
minutes to pellet the cells. Supernatant was removed from the tube and 350ul. of RL'T buffer
was added to resuspend and lyse the cells. Once resuspended, the lysate was homogenised by
passing it through a 20-gauge needle multiple times and then the remaining lysate was
transferred to an AllPrep DNA spin column, placed in a 2mL collection tube and centrifuged
for 30 seconds at 8000 x g. This step was repeated to ensure all DNA was captured in the
matrix. The DNA column was then transferred to a new collection tube and stored at 4”C while
the RNA was extracted. 350uL. of 70% ethanol was added to the collection tube with the RNA
lysate and mixed by pipetting. The entire contents of the collection tube were then transferred
to an RNeasy spin column placed nside a 2mL collection tube and centrifuged for 15 seconds
at 8000 x g. Flowthrough was rerun through the column to ensure optimal RNA binding before
being discarded. Following this, 700ul. of RW1 buffer was added to the column and
centrifuged for 15 seconds at 8000 x g. This was repeated once for 2 minutes instead of 15
seconds before being discarded. Placing the column in a new collection tube, the column was
then spun for an additional minute at full speed to dry the membrane and ensure no carry over

of the buffer. The column was once again moved to a new collection tube, had 50ul. of RNase

47



free water added to 1t and centrifuged for 1 minute at 8000 x g. The DNA spin column was
taken out of 4°C and 500uLL of AW 1 buffer was added to it. This column was then centrifuged
for 15 seconds at 8000 x g and repeated once to ensure a thorough washing. 500ul. of AW?2
buffer was added to the column and centrifuged at full speed for 2 minutes. Finally, the DNA
column was transferred to a 1.5mL collection tube and had 100uL of RNase free water added
to elute the DNA. This column was spun at 8000 x g for 1 minute to elute DNA. Flowthrough
was rerun through the column again to ensure all DNA was eluted. DNA and RNA were
measured using the NanoDrop ND-1000 Spectrophotometer which 1s described in detail in

section 2.4.4.

The FlexiGene DNA Kit was used to extract DNA from frozen bone marrow aspirates. Frozen
bone marrow was thawed at 37°C 1n a water bath. To process 300uL. of bone marrow, 750uL.
of FG1 buffer was added and mixed by mversion in a 1.>mL microcentrifuge tube. This sample
was then spun for 20 seconds at 10000 x g. Supernatant was discarded and the tube and pellet
were left to air dry for 2 minutes. 150uL. of FG2 buffer mixed with 1.5uL. of QIAGEN protease
was added to the tube and vortexed to homogenise the pellet. The sample was briefly
centrifuged and placed m a heating block for 5 minutes at 65°C. Afterwards, 150ul. of
1sopropanol was mixed by inversion into the solution to precipitate the DNA. The sample was
then centrifuged for 3 minutes at 10000 x g, and the supernatant was discarded and left to dry
on an absorbent paper towel. The sample was then washed with 150ul. of 70% ethanol and
vortexed for 5 seconds. Following this, the sample was centrifuged for 3 minutes at 10000 x g,
had the supernatant removed and left to dry again on a paper towel for 5 minutes. Finally, the
remaining DNA was dissolved in 200uL. of RNase free water and incubated in a heating block
for 1 hour at 65°C before concentration being measured on the NanoDrop ND-1000

Spectrophotometer.

2.4.4 Measurement of Yield and Quality

Successful extraction of DNA from both fresh/frozen and archival bone marrow was assessed
by two different methods; spectrophotometry and fluorometry. The NanoDrop ND-1000
Spectrophotometer uses the full spectrum (220-750nm) to quantify and evaluate the purity of

samples, including DNA, RNA and proteins. The quality of a sample 1s determined by the
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both the 260nm/280nm and 260nm/230nm ratios. Knowing that peak absorbance wavelength
of DNA 1s at 260nm, phenol at 230nm and protein at 280nm allows us to determine if other
contaminants are found in the sample. An optimal ratio of 1.8 and 2.0 respectively suggests a
contaminant free sample for DNA. Values lower than 1.8 (260nm/280nm ratio) suggest there
1s protein contamination while values lower than 2.0 (230nm/260nm ratio) indicates phenol
contamination. Following calibration, using 1ul. of elution buffer (1 x TE buffer), 1ul. of
sample was placed on the device and measured. Concentration, 230nm/260nm ratio and

260nm/280nm ratios were recorded.

The DNA yield was re-measured using the Qubit 2.0 Fluorometer as a more accurate measure
of DNA yield, however qualitative data 1s unavailable through this method. This device allows
for a much more accurate determination of yield as it calculates concentrations based off a
relative scale. Using the Qubit dsDNA BR Assay Kit, we created a 1:200 working solution of
Qubit reagent to buffer. Two standards were created to ensure relative yield was possible to
calculate. We used 190uL. of working solution with 10uL. of DNA standard. For actual samples,
we used 199ul. and 1uL of sample. Tubes were briefly vortexed and left to incubate for 2
minutes at room temperature. A standardised linear range of fluorescent intensity was
generated by the two standards (measuring in at 0 ng/uL for low range and 1000ng/uL. at high
range) in the Qubit 2.0 Fluorometer. Tubes containing samples to be measured were then
placed mto the fluorometer and measured relative to the standards. Measurement of DNA was

multiplied by 10 to account for the dilution factor between standards and sample and recorded.
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2.5 Measurement of DNA Methylation

Many methods are available to analyse DNAm, each with their own advantages and
disadvantages, primarily focused upon coverage of the genome and price pont. In this study,
we have used Illumina Infinlum HumanMethylation450 BeadChip Array (HM450K) as our
platform of choice for genome wide methylation data generation. We have also verified
findings and assayed sites of methylation not covered by the HM450K using the SEQUENOM
MassArray EpiTYPER (Ehrich, Nelson et al. 2005). Each of these platforms are described i

more detail below.

2.5.1 Bisulphite Conversion

Bisulphite conversion is pivotal to distinguish methylated from unmethylated CpG sites. The
process of bisulphite conversion 1s centred around the concept that unmethylated cytosine
bases can be converted to uracil, a process known as deamination, whereas 5-methylcytosines
(bmC) are protected from this conversion (Figure 2.1). After this conversion occurs, the sample
1s PCR amplified and converted uracil 1s replaced with thymine. Essentially, this process
mduces a C>T single nucleotide polymorphism (SNP) that 1s dependent upon methylation
status. This SNP can then be detected via mass spectrometry (as used with SEQUENOM) or
by sequencing. Genomic DNA used in this study was bisulphite treated at ServiceXS

(Netherlands) as part of the service provided with their Illumina platform.
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Figure 2.1  Effect of bisulphite conversion upon methylated and unmethylated DNA
Unmethylated cytosine bases (blue) undergo transformation to uracil and subsequently to thymine upon PCR
amplification. 5-methylcytosine (5-mC, green) is protected from this reaction and is therefore unchanged.



In-house validation of DNAm was necessary to ensure true-positive findings and therefore
samples were also bisulphite converted using the Methyl Easy Xceed Bisulphite Conversion
Kit as per manufacturer’s mstructions. 20ng of genomic DNA was placed in a 1.5mL
microcentrifuge tube, diluted with RNase free water to a total of 20ul.. Denaturation of DNA
was undertaken through the addition of 2.2ul. of SM NaOH solution which was later incubated
for 15 minutes at 37°C. Afterwards, 220uL. of combined Reagent 1 & 2 were added and mixed
by pipetting. The solution 1s light sensitive, therefore upon addition the tube was covered with
foil and mcubated at 80°C for 45 minutes in a heating block. Tubes were centrifuged to ensure
condensation was removed and subsequently had 240uL. of Reagent 3 added to it. The contents
were then transferred to 1.5mL purification columns within a collection tube. Columns were
centrifuged at maximum speed for 1 minute and flowthrough was re-run through the column
to ensure optimal binding. Flowthrough was then discarded and 300uL. of Reagent 4 was added
and again centrifuged at maximum speed for 1 minute. This step was repeated once to
thoroughly wash the sample. Flowthrough was again discarded, and the remaining spin column
was centrifuged for 4 minutes at maximum speed to dry the sample. Columns were placed in
1.5mL microcentrifuge tube and were eluted using 20ul. of pre-warmed Reagent 5. Columns
were incubated briefly at room temperature before being centrifuged at maximum speed for 1
minute. Microcentrifuge tubes were then incubated for 20 minutes at 95°C to ensure converted

DNA was appropriately dissolved.

2.5.2 lllumina Infinium HumanMethylation450 BeadChip Array
(HM450k)

The Iumina Infintum HumanMethylation450 BeadChip Array (HM450Kk) 1s a microarray-
based platform designed to interrogate genome-wide DNAm. This platform analyses the
methylation status of 485,764 CpG dinucleotides (probes), covering 99% of all RefSeq genes
with an average of 17 probes per gene. These probes are distributed primarily throughout
promoter regions of genes but can be found anywhere throughout the genome. A breakdown
of probes across functional genomic regions, chromosomes and neighbourhood context can

be found mn Figure 2.2.



After sample processing was completed, an optimal amount of 1ug of DNA (but as low as
300ng) was sent to ServiceXS (Netherlands) for quality control, bisulphite conversion and array
processing. Quality control consisted of a picogreen assay to ensure minimum requirements
were met, while fragmentation analysis was undertaken to ensure quality standards. DNA was
then bisulphite converted, amplified, and hybridised to the HM450K bead chip according to
the manufacturer’s instructions. This array has two methods in which it measures DNAm.
Infintum probe type I has two silica beads representing methylated and unmethylated. Each of
these beads has a corresponding sequence attached which allows it to bind to its respective
DNA strands. Single base extension allows for the addition of a labelled nucleotide that defines
methylation status based on bisulphite conversion status. The second method uses the
Infintum probe type II. This probe uses only one type of bead that binds its sequence to the
DNA and single base extension (dependent upon bisulphite conversion) attached either a G
to methylated DNA (green) or an A to unmethylated DNA (red). The array is then stained and
the mtensity of these signals 1s captured and stored as .IDAT files. Files are then returned and
the methylation value of each sample and probe are determined through bioinformatic

approaches which are detailed further in section 2.5.6.
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Figure 2.2  Description of the probes on the HM450K DNA methylation array

The probes used in HM450K DNAm array are distributed to ensure that the most useful probes are interrogated.
(A) Functional genomic distribution (FGD) is classified in different groups depending on location relative to
closest gene. (B) CpG content and neighbourhood is classified based on location relative to closest CpG island.
(O) Association of RNA transcription in coding, non-coding and intergenic regions. (D) Chromosome location.
Figure adapted from (Sandoval, Heyn et al. 2011)

2.5.3 Primer Design for Locus Specific Methylation Analysis

Prior to validation of findings using SEQUENOM, appropriate assay designs were required.
Genomic regions of interest are detailed in their appropriate sections and full primer sequences
and optimisations for each can be found in Appendix I. Primers were designed using multiple
tools. Using the University of California Santa Cruz (UCSC) genome browser (GRCh37/hg19)
in combination with the HM450K gene annotation details, sequence data of the area of interest
was ascertained. Up to 500 base pairs either side of the desired CpG site were entered into the

EpiDesigner  tool  (https://www.epidesigner.com/index.html).  EpiDesigner  provides

automated, bisulphite-converted sequence primers that capture the desired area and gives basic


https://www.epidesigner.com/index.html

primer imformation such as melting temperature. NetPrimer

(http://www.premierbiosoft.com/netprimer/) was then used to gather more detaled

information about these primers, such as dimerization, hairpins and self-dimerization. Forward
and reverse primers were to be designed to be within 1°C of one another with minimal CpG
sites within them. Converted cytosine to thymine bases were highly sought after to ensure that
only bisulphite-converted DNA would amplify during PCR. Finally, the ‘MassArray’ package
was utilised in R for in silico validation of sites within the amplicon could be measured for their
methylation level by SEQUENOM. Some sites may be unmeasurable due to the T-cleave
chemustry (detailed in section 2.5.4). The resulting fragmentation of DNA may cause multiple
CpG sites methylation to be obscured due to them having the same fragment weight or weights

that are outside the detectable range.

Tags were added to each forward and reverse primer to enable n-vitro transcription. The T7
tag sequence (5" CAGTAATACGACTCACTATAGGGAGAAGGCT 3’) was added to the
reverse primer while a balance tag (5> AGGAAGAGAG 3’) was added to the forward primer
to match melting temperatures. Primers were ordered from Bioneer (South Korea) in dried
form (25nmol, Bio-RP purified) and made up to a stock concentration of 100uM with RNase
free water. Working solutions were created at a 1:10 dilution and stored at -20°C until further

use.

Primers were tested for optimal annealing conditions using a ‘touch-down’ gradient PCR
(detailed n section 2.5.4) at 2°C increments. PCR products were observed by electrophoresis
on 2% agarose gel (I'BE buffer, 1x gel red, 1kb ladder at 120V for 60 minutes). Negative
controls (water) and positive controls (pre-converted bisulphite DNA from the MethylEasy
Xceed Kit) were included to ensure both primer and DNA were amplified correctly without

contamination.

2.5.4 MassArray EpiTYPER (SEQUENOM) Analysis

The SEQUENOM MassArray EpiTYPER platform was used to validate findings from the
genome-wide DNAm results of the HM450K. SEQUENOM is used to measure small scale,
region-specific DNAm. Similar to that of the HM450K, SEQUENOM requires DNA to be


http://www.premierbiosoft.com/netprimer/

bisulphite converted prior to measurement i order to distinguish between methylated and
unmethylated nucleotides. By exploiting the 16 Dalton change i mass, induced by the
aforementioned bisulphite induced SNP, SEQUENOM is able to distinguish the methylation
status of any given CpG site within the targeted region through the use of base-specific cleavage
and matrix assisted laser desorption/ionisation time-of-flight mass spectrometry (MALDI-TOF
MS). The workflow for this protocol begins with the bisulphite conversion of DNA detailed in
section 2.5.1. The target region 1s then amplified using primers designed to specifically bind
bisulphite converted DNA. DNA products are then cleaned using a Shrimp Alkaline
Phosphatase (SAP) treatment before being cleaved while also being treated with a T7
polymerase to facilitate 2 vitro transcription of RNA. Resulting products should be fragmented
at all uracil nucleotides because of the T-cleavage cocktail before being fired in the MALDI-
TOF MS. Methylation status 1s then calculated based on the unique fragment mass signal and

1s measured by the EpiTYPER software (Figure 2.3).



— GG CGCG CcG CG cG np—
— GC——GCGC GC - b GC— genemic

Bisulfite Treatment

— UGUG— UG—UG— — CGCG—CG—CG—

— 1 . 1 N\ PCR
— TGTG—TG—TG — CGCG—CG— Pg:®

— ACAC—— AC—AC — GCGC—— GC—GC

In-vitro transcription

— ACAC— AC—AC— — GCGC——GC GC—
U—ACAC— #1 GCG J_ U-specific cleavage
U AC #2 U GC
UAC— - #3 UGC—
Int
|
+16 +32 +16
#3 #1 #2 m/z

Figure 2.3 Analysis of methylation by base-specific cleavage and MALDI-TOF MS

Genomic DNA is extracted from the source and bisulphite treated. PCR amplification is undertaken with the T7
reverse primer tag to ensure n vitro transcription occurs. U-specific cleavage creates fragments of DNA for further
analysis in the MALDI-TOF MS platform. DNAm status 1s defined by a 16 Dalton shift in molecular weight
between unmethylated and methylated fragments. Multiple CpG sites can be within a single fragment, therefore
this 16 Dalton change in weight 1s multiplied by each site (as found in fragment #1 of this example). Figure adapted
from (Ehrich, Nelson et al. 2005).

Sample processing prior to being run on SEQUENOM firstly required a PCR step utilising
the master mix (Table 2.5) and PCR conditions (Table 2.6). Samples were run in triplicate to
minimise sample variability of the resulting measurements (Coolen, Statham et al. 2007). PCR
products were visualised using the same gel conditions outline in section 2.5.1. Upon successful
amplification of DNA, 5ul. of the PCR reaction was transferred to a 384-well plate and
mcorporated with 2uL. of the SAP master mix consisting of 159uL. of SAP and 901uL of water.



The plate was then sealed and centrifuged for 1 minute at 3000 x g. The samples were then
mcubated in a thermal cycler under the following conditions: 37°C for 20 minutes, 85°C for 5

minutes and then held at 4°C until ready for the next steps (Ehrich, Nelson et al. 2005).

Table 2.5  Composition of full master mix for bisulphite converted DNA amplification PCR

Reagent Volume for 1 Sample (uL)
2 x FastStart PCR Master Mix 7.5
Forward Primer (10uM) 0.6
Reverse Primer (10uM) 0.6
Nuclease-free Water 4.3
Bisulphite Converted DNA (Ing/ul) 2.0
Total Reaction Volume 15.0

Table 2.6 Cycling conditions for bisulphite converted DNA amplification PCR

Step Cycle Temperature Time

1 1 95°C 10 minutes
95°C 10 seconds

2 5 56 - 58°C* 30 seconds
72°C 2 minutes

95°C 10 seconds

3 40 56 - 62°C 30 seconds
72°C 1.5 minutes

1 72°C 7 minutes
5 1 4°C Indefinitely

Sample fragmentation was undertaken in a new 384-well plate utilising 5ul. T-cleavage RNase
cocktail (Table 2.7) with 2uL. of sample carried over from the previous SAP reaction. This was
mixed by gentle pipetting, sealed and centrifuged at 540 x g for 1 minute. This was incubated
at 37°C for 3 hours and then centrifuged for the same time again. Finally, 20uL. of RNase free
water was added to each well while 6mg of clean resin was added to a dimple plate and left to
dry for 20 minutes. The sample plate was turned upside down, placed over the dimple plate
and both were flipped so the resin would fall into the sample wells and mix. The sample plate
was rotated for a minimum of 10 minutes before being centrifuged for 5 minutes at 3200 x g.
The contents of the sample plate were transferred to a SpectroCHIP using a MassArray
nanodispenser. This chip was then was then placed in the MALDI-TOF MS and run with the
assistance of Dr Benjamin Ong. The EpiTYPER program was employed to ensure correct

samples, primers, target sequence and positions on the SpectroCHIP were used.



Table 2.7  Composition of T-cleavage RNase cocktail

Reagent Volume for 1 Sample Volume for 384 Sample
L) (uL)
RNase-free dH:O 3.21 1602
5 x 'T'7 Polymerase Buffer 0.89 444
T-cleavage mix 0.22 110
DTT (100 mM) 0.22 110
T7 RNA & DNA Polymerase 0.40 200
RNase A 0.06 30
Total Volume 5.0 2496




2.6 Data Cleaning and Analysis
2.5.5 Overview

High-dimensionality data analysis, including array normalisation, machine-based learning and
differential analyses, were all completed using the R Project for Statistical Computing. R 1s a
freely available software environment designed around a statistical programming language.
Initial machine-based learning algorithms were tested using Waikato Environment for
Knowledge Analysis (Weka). Weka 1s a collection of machine learning algorithms for data
mining, pre-processing, classification, regression, clustering, and visualisation. Finally, the

geplot2 package in R was used for basic data visualisation and statistical calculation.

2.5.6 lllumina Infinium HumanMethylation450 BeadChip Array
(HM450k) Analysis

HM450K analysis was undertaken on 135 samples in the Australian AML cohort (including
previously run, pooled samples), 232 samples from the TARGET AMIL cohort (Bolouri,
Farrar et al. 2017) and a further 24 cell sorted, healthy bone marrow samples from the Jung et
al. study (Jung, Dai et al. 2015). Pre-processing of data was undertaken by reading in the IDAT
files, containing probe signal itensities for each sample, into R. Quality control was assessed
using the rmunfi package, and any sample that did not meet the mean detection p-value of >0.01
were removed from further analysis. One sample from each the Australian and TARGET
AML cohorts were removed as a result. Signal intensities for remaining samples were

converted to methylated (M) and unmethylated (0) signals.

2.5.6.1 Data Normalisation

The final steps in pre-processing are targeted at potential sources of technical variation found
within the data. As previously described, there are two types of Infintum probes, both with
different manners in which they work. As a result, technical variation of methylation values can
vary between probe types and subsequent regional variation as Type I probes are found more
commonly in gene promoter regions (Maksimovic, Gordon et al. 2012). To minimise technical

variation, several normalisation methods (including subset-quantile within array, functional,



quantile and variation of the Illumina normalisations) were tested to ensure only technical, and
not biological, variation were eliminated from the dataset. After all normalisation methods were
compared, the background corrected Illumina normalisation was selected as the optimal
method for this dataset using the minfi package (Aryee, Jaffe et al. 2014). Probes that were
removed from the dataset include those on the X and Y chromosomes to avoid a sex bias,
probes that were associated with SNPs (minor allele frequency >1%), and probes that failed
across >1 samples to ensure high quality data. Finally, the methylated (M) and unmethylated

(0) signals were used to calculate MValand B values through the following equations:

MVal=log(M/U)

B - M/(M+U*100)

2.5.6.2 Differential Methylation Analysis

Linear regression modelling was implemented to define the average methylation differences
between groups of interest. Models were generated using the Remove Unwanted Variance
(RUV) package in R (Maksimovic, Gagnon-Bartsch et al. 2015). Prior to modelling, principal
components analysis (PCA) was used to 1identify potential confounding sources of variation
icluding HM450K chip used, position on chip, patient age, subgroup, cytogenetics, sample
source, time of extraction, sample type, sex, and patient outcome. While RUV can take
covarlates into account, all analyses were undertaken without the use of covariates as suggested
by Maksimovic et al. (Maksimovic, Gagnon-Bartsch et al. 2015). RUV utilises the negative
probes on the HM450K array to correlate sources of variation with them, believed to be
technical in nature, therefore allowing for the true variation of the group of interest to be left.
This process of linear modelling using empirical negative probes is reiterated twice, but imstead
uses the bottom ranked 90% of all associated probes from the previous analysis as the new
empirical negative probes. Probes that remain differentially methylated between groups are
therefore believed to be due to variance of the factor of interest. The RUV output provides a
AP (delta beta, average difference of methylation between two groups), standard error, t-
statistic, associated p-value, and adjusted p-value (Benjamini-Hochberg method) for each
individual probe. Probes with an adjusted p-value of <0.05 were considered to be statistically

significantly differentially methylated. AP values for each probe were always calculated as:
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AP = mean B-value of factor of interest (e.g. diagnostic) - mean B-value of alternative (e.g. remission)

2.5.7 SEQUENOM MassArray EpiTYPER (SEQUENOM) Data
Cleaning and Analysis

Validation and replication data generated through the MALDI-TOF MS SEQUENOM
platform was exported as a .csv file from the EpiTYPER program. As all samples were run in
triplicate, quality control measures were implemented to ensure samples were as true to their
methylation value as possible. To obtain the methylation percentage of any given CpG site, the
median value of the triplicate was taken. If all three samples were within +0.10 of the median,
then the mean was taken and used as the methylation value of that sample. If one of the
triplicates did not fall within this range, it was removed and the remaining two values were
averaged. If two or more triplicates failed, the entire sample for that CpG site was removed
from further analysis. After quality control, each sample was appropriately grouped (e.g.
diagnostic vs. remission) and the average methylation for each CpG site available was
calculated. Statistical analyses (Student’s T-test) between groups were performed for replication
purposes while analyses for CpG sites that are shared with HM450K probes were performed

for validation purposes.

2.5.8 Pathway Analysis

Pathway analysis was undertaken using the missmethyl R package gene ontology (gometh)
function, which was carried out on each of the top probe lists used throughout this study. Top
probes lists were built by the most significant probes in any of the differential methylation
analyses in combination with the HM450K array annotation. However, considering the
number of probes per gene vary, there 1s an inbuilt bias towards genes that have more probes
within them. Missmethyl gene ontology takes into account probe density per gene when
calculating pathway/gene over-representation, thus making it the only true pathway analysis

currently available compatible with array-based DNAm data.

Gene ontology terms (GO terms) have known genes associated with particular pathways. Over-
representation of genes within pathways allow for insight into pathways that may be affected by

differential methylation. Reduce + Visualise Gene Ontology (REVIGO) was utilised to remove
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redundancy i GO terms to ensure that appropriate ‘umbrella’ pathways associated with

aberrant DNAm were being highlighted.

2.5.9 Additional Statistical Methods

All statistical tests were conducted in R using packages and codes described in Table 2.8.
Comparisons of overall and event-free survival (OS/EFS) between groups used the Log-Rank
Test. Comparisons of methylation between groups for each individual CpG site used the
Student’s T-test mn GraphPad Prism or R. Comparisons of categorical variables and
epidemiological data (e.g. clinical features) between groups used Fisher’s Exact Test.
Correlation matrices were created through the use of Pearson’s correlation coefficient.
Receiver operating characteristic (ROC) analysis was utilised to calculate the area under the
curve (AUC) and measure the predictive performance of models generated. Through the use
of Weka and R, machine-based learning algorithms were tested for their predictive ability and
returned Precision, Recall, False Positive Rate (FPR), F-Measure and AUC. Imputation of

repeat sequences for the A/u gene were created through the REMP package for R.

Table 2.8 R packages used for statistical tests in this study

Statistical Test Used R Package
Log Rank Test survminer/survival
Fisher’s Exact Test stats
Pearson’s Correlation Coefficient corrplot
Receiver Operating Characteristic pROC/ROCR
Precision/Recall/FPR/F-Measure & AUC caret/randomForest/e1071
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2.5.10  Graphical Methods

All graphs were produced using R or GraphPad Prism 7 and relevant packages are detailed in
Table 2.9.

Table 2.9 R packages used for graphs presented in this study

R Package
goplot2/ggsci/geom_flat_violin

Graph Type
Density/Scatter Violin Plot

Density Plot ggplot2
Heatmap heatmap2
Correlation matrix/Correlogram corrplot
Boxplot ggplot2
Line graph ggplot2
Kaplan-Meier Plot survminer/survival
Receiver Operating Characteristic Curve pROC/ROCR
Unsupervised Principal Component Analysis Plot WCGNA
Venn Diagram VennDiagram
Confusion Matrix/Four-Fold Plot caret
Hyperparameter Model Tuning caret
t-Distributed Stochastic Neighbor Embedding Plot Rtsne
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Chapter 3 Interrogation of Global
Methylation in Paediatric Acute

Myeloid Leukaemia
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3.1 Rationale

Global methylation describes the average methylation across the entire genome. Aberrant
global DNAm has historically been associated with cancers of all types. For example, a globally
hypomethylated profile 1s often associated with cancer, with widespread loss of methylation in
oncogenes, retrotransposons, endogenous retroviral repeat elements and other satellite repeats
(Feinberg and Vogelstein 1983). Conversely, targeted hypermethylation is also a feature of most
cancers, particularly at transcription start sites and enhancer regions of tumour suppressor
genes. While hypermethylation events are not as common as hypomethylation, they both
contribute to an aberrant methylation profile; allowing cancer cells to proliferate and avoid
apoptosis or immune detection (Costello, Frithwald et al. 2000). Global methylation can be
measured using many assays, such as high-performance liquid chromatography (HPLC), array-
based platforms such as the HM450K, or through proxy gene measures including methylation

of LINEI and Alurepeat elements.

‘While global DNA hypomethylation 1s a common feature of most cancers, there are exceptions
for certain cancers (Estecio, Gharibyan et al. 2007). For mstance, globally hypermethylated
profiles have been identified in pancreatic and breast cancer (Neale, Clark et al. 2014
Reyngold, Turcan et al. 2014). However, the significance of these total 5mC changes in cancer
are yet to be fully elucidated (Kaneda, Tsukamoto et al. 2004; Stumpel, Schneider et al. 2013;
Karsy, Guan et al. 2018). Changes in total 5mC have been shown to be associated with
microsatellite instability (MSI) and loss of heterozygosity (LOH) in some cancers (Rodriguez,
Frigola et al. 2006; Richards, Zhang et al. 2009). Matsuzaki et al. suggests that microsatellite
stable (MSS) colorectal cancers have a hypomethylated total 5mC profile, and therefore
mcreases in global methylation could contribute to microsatellite mstability (Matsuzaki, Deng
et al. 2005). Furthermore, global hypomethylation has also been associated with a LOH, and
cancer patients with neither of these abnormalities have significantly higher total 5mC levels
(Matsuzaki, Deng et al. 2005). One study mvestigating LOH in paediatric AML identified very
few mstances where there was complete LOH (deletion and SNP), although cases with a LOH
had several recurring regions identified (Radtke, Mullighan et al. 2009). Studies of LOH

mduced by DNAm have yet to be explored in paediatric AML. Therefore, it 1s reasonable to
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suggest that interrogating the global methylation profile of primary AML samples may allow us

to better understand LOH 1n paediatric acute myeloid leukaemia patients.

Additionally, changes in global methylation have been associated with many diseases such as
Anaplasma phagocytophilum pathogenic infection (Sinclair, Yegnasubramanian et al. 2015),
high-grade cervical itraepithelial neoplasia caused by human papilloma virus infection
(Barchitta, Quattrocchi et al. 2017) and gestational diabetes (Wu, Farrell et al. 2018). The true
dynamic nature of global DNAm can also be shown in the methylation response to
environmental ifluences, such as discordance in IVF-conceived twins compared to naturally
conceived newborns (Loke, Galati et al. 2015), the effects of maternal alcohol intake on
placental methylation (Loke, Muggli et al. 2018) and in the response to certain therapeutics,
such as IFNB (Pinto-Medel, Oliver-Martos et al. 2017). While global DNAm analysis rarely
reveals details about specific genes that are dysregulated, its use as a biomarker through proxy
measures can identify disease state and implicates aberrant DNAm as a contributor to disease

(Neale, Clark et al. 2014 Barchitta, Quattrocchi et al. 2017)

In the current study we attempt to define the global methylation status of diagnostic and
matched remission samples i paediatric AML using two widely accepted proxy measures. We
also nvestigate the association of global methylation levels with different AML subtypes and
LOH status. This was done by deriving a Genome-Wide Average Methylation (GWAM) value
across all Infinium Bead Chip probes or the proxy measure of global methylation based on
repetiive LINEI and Alu elements. By defining differences in global methylation, the
association was tested for utility to define patient subtype and risk of poor outcome at diagnosis,

as well as exploring whether global methylation could be used as a marker of disease.

We hypothesised that:
(1) Childhood acute myeloid leukaemia will have disrupted total 5mC levels;
(11) Unique global methylation signatures can be attributed to different subtypes of
AML, and;

(111) The total 5mC profile of patients with LOH will be lower than that of patients

without LOH.
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3.2 Study Cohort

This study used 198 diagnostic and 143 matched remission bone marrow samples from two
separate cohorts of childhood AML,, along with publicly available DNAm data from 24 healthy,
cell sorted bone marrow samples derived from 5 participants for a total cohort size of 365
samples from 231 participants (Table 3.1). Of all remission samples used, 26 did not have a
matched sample at another time point. Diagnostic bone marrow samples were assayed for
standard cytogenetic abnormalities after collection. The most common fusion genes associated
with AML are well represented in this cohort, but the cohort also mcludes rare and novel
translocations (Table 3.1). The majority of patients were between 3-15 years of age. Males were
slightly over-represented, as expected by epidemiological studies into paediatric AML (WHO
2014).

Clinical patient characteristics were obtained from the CLARA database for RCH (VIC) cases
while other cohort information was received upon receipt of samples from their respective

biobanking repositories. All data 1s correct as of April 2018.
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Table 3.1

Clinical characteristics of diagnostic, matched remission and cell sorted, healthy

bone marrow samples from the Australian and TARGET AML cohorts.

Clinical Characteristics =~ Diagnostic Remission  Relapse Healthy Bone
Samples Samples Samples Marrow Samples
(n =198) (n = 143) (n = 60) (%) (= 24)
Sex
Male 105 (53.0%) 69 (48.3%) 29 (48.3%)  Unknown
Female 93 (47.0%) 74 b1.7%) 31 (b1.7%)  Unknown
Age at diagnosis
Infants (<3 y/o) 56 (28.3%) 37 (25.9%) 19 (31.79%)  Unknown
Children (3-15 y/o) 109 (55.19%) 80 (55.9%) 30 (50.09%) Unknown
AYA (15+ y/o) 33 (16.6%) 26 (18.29%) 11 (18.3%) Unknown
Outcome
Good 46 (23.29%) 41 (28.7%) 0 Unknown
Poor 143 (72.29%) 102 (71.39%) 60 (1009%) Unknown
Unknown 9 (4.6%) 0 0 Unknown
Cytogenetics
inv(16)/t(16;16) 16 (8.1%) 7 (4.99%) 6 (10.0%) 0
t(8;21) 11 (5.69%) 7 (4.9%) 3 (5.09) 0
KMT2A rearranged 41 (20.7%) 33 (23.1%) 7 (11.7%) 0
Trisomy 8 9 (4.6%) 4 (2.7%) 1 (1.7%) 0
Trisomy 21 2 (<1%) 0 1 (1.79%) 0
CN A7 (23.7%) 43 (30.1%) 8 (13.2%) 24 (1009%)
Complex karyotype™ 14 (7.19%) 5 (8.5%) 1 (1.7%) 0
Other’ 44 (22.29%) 39 (27.3%) 33 (55.0%) 0O
Unknown 14 (7.1%) 5 (3.5%) 0 0
Sample source
RCH(VIC) 41 (20.7%) 12 (8.49%) 10 (%) 0
WM 38 (19.1%) 15 (10.59%) 9 (%) 0
RCH(QLD) 21 (10.6%) 13 (9.19%) 2 (%) 0
PMCH 9 (4.6%) 0 0 0
TARGET AML 89 (45.0%) 103 (72.09%) 39 (%) 0
Other 0 0 0 24, (100%)

Abbreviations: EFS - Event free survival; y/o - Years old; AYA - Adolescent/Young adult; inv - Inversion; t -
Translocation; CN - Cytogenetically normal; RCH - Royal Children’s Hospital; VIC - Victoria; WM -
Westmead; QLD - Queensland; PMCH - Princess Margaret Children’s Hospital; TARGET AML -
Therapeutically Applicable Research To Generate Effective Treatments in Acute Myeloid Leukaemia.
*Complex karyotypes are defined by patients having two or more cytogenetic abnormalities or abnormalities that
are otherwise unrelated to AML pathogenesis. *Other cytogenetic abnormalities are defined as del5/7/9/13/20q,
mv(bq), -7, t(5;6), t(6;9), t(7;14), t(15;17), t(16;21). Genetic abnormalities are mostly undefined.
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3.3 Genome-wide Average Methylation in Paediatric
Acute Myeloid Leukaemia

3.3.1 Comparison between Diagnostic, Remission and Healthy
Bone Marrow Samples - Discovery & Pooled-Analyses

Genome-wide average methylation was mitially used to determine if there were significant
differences mn total 5mC between diagnostic, remission and healthy bone marrow samples.
Analysis of the average methylation B-value of 373,253 450K methylation probes in the
Australian cohort (n=91) showed that the overall distribution of methylation was similar
between sample types. However, diagnostic samples trended towards a slightly more
hypermethylated profile compared to remission samples, with a 3.729% ncrease in GWAM-
derived 5mC (Figure 3.1A, p<1.0x10”, Student’s t-test). This difference is encapsulated by the
5330 probes that went from hypomethylated (<5096 methylation) to hypermethylated (>50%

methylation).

Although the overall bimodal distribution of methylation was similar for all sample types
(diagnostic, remission and control), the density of methylation at the ends of the distribution
varied. Many more probes were hypomethylated in remission and healthy samples compared
to diagnostic bone marrow. This 1s primarily seen as an increase in intermediate methylation
density (B-values=0.25+0.05), rather than an increase in the number of highly methylated
probes (B-value=0.80) i diagnostic samples compared to control/remission samples (Figure

3.1B).

The hypermethylated probes also varied across the sample types. While density of probes 1s
similar between diagnostic and remission samples, the shift of methylation peaks suggest that
many probes have become less methylated during disease progression and treatment (Figure
3.1). Furthermore, considering the similarity of bimodal distribution of methylation between
all sample types, this suggests that specific genes and pathways have been targeted rather than

a global dysfunction of DNAm machinery, which would change the distribution entirely.
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Figure 3.1 Inspection of global methylation differences between diagnostic, remission and
healthy bone marrow samples through density and scatter analysis

Caption on next page.
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Beta values from all 373,253 probes were averaged for each sample type (n=131, 82 diagnostic, 25 remission and
24 control samples) and used to produce A) Vertical density /scatter plot show each sample types typical bimodal
distribution of methylation, with the majority of probes being hypo or hyper methylated (<0.2, corresponding to
20% or >0.8, 809% respectively). B) When overlayed, there is a clear shift in the relative density of probes between
diagnostic and remission samples, with a loss of hypomethylated probes and a clear gain of hypermethylated
probes. Density plots show little difference in the bimodal distribution of beta values between sample types but
do suggest that the extent to which they are methylated is defined by the time point at which they are taken
(p<1.0x10%). Scatterplot does not reveal any underlying patterning concealed by density analysis.

72



Pooled-analysis of global methylation in a combined cohort (n=298) yielded similar results to
the Australian discovery cohort, with a clear bimodal distribution of methylation consisting of
peaks around 1096 and 90% for all samples time points. However, the density of methylation
at these peaks differed between groups (Figure 3.2A). The average total 5mC difference
between diagnostic and remission samples remained consistent between analyses at 2.42%
(Figure3.2B, p<1.0x107). The ends of the bimodal distribution showed similar patterns to that
of the original discovery cohort findings (Figure 3.2B). Overall, we find a shift of 4587 probes
going from hypomethylated (<50% methylation) to hypermethylated (>509% methylation)

between diagnostic and remission samples.

The addition of 109 samples from the TARGET cohort had very little impact upon the average
diagnostic beta value (0.43% increase), although there was a 1.73% average increase n total
S>mC for remission samples and a higher density of probes at higher degree of methylation
compared to remission samples solely used i the discovery analysis. Considering that
remission samples were taken at different time pomts in each cohort (FARGET - Day 14,
AUS - Day 30), this data suggests that total 5mC 1s progressively decreased throughout
treatment before returning to a ‘normal’ global profile, as defined by healthy samples. As
probes at the hypermethylated end of the spectrum are slightly less methylated in diagnostic
samples, and even less in remission samples compared to healthy controls, further justifies the
need to 1dentify what individual probes are being hypomethylated before potentially returning

to a normal level of methylation.
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Figure 3.2 Inspection of global methylation differences between diagnostic, remission and
healthy bone marrow samples in a pooled cohort through density and scatter

analysis
Caption on next page.
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Beta values from all 373,253 probes were averaged for each sample type (n =298, 171 diagnostic, 103, remission
and 24 control samples) and used to produce A) Vertical density/scatter plot show each sample types typical
bimodal distribution of methylation, with the majority of probes being hypo or hyper methylated (<0.2,
corresponding to 20% or >0.8, 80% respectively). B) When overlayed, there is a clear shift in the relative density
of probes between diagnostic and remission samples with a loss of hypomethylated probes and a clear gain of
hypermethylated probes. Density plots show little difference in the bimodal distribution of beta values between
sample types but do suggest that the extent to which they are methylated 1s defined by the time point at which they
are taken (p<1.0x10%). Scatterplot does not reveal any underlying methylation patterning concealed by density
analysis.

As expected, when comparing diagnostic to matched relapse samples in the pooled cohort, we
find that there is only a small difference in GWAM (AB=0.046%, p<1.0x10"). Although the
difference was statistically significant, it 1s hard to image that such a small overall change in
GWAM would prove any large-scale functional consequence. More interestingly, this finding
shows that, while diagnostic GWAM 1s higher than remission, this level of GWAM returns
upon relapse showing the plasticity of DNAm over a small period of time (average time to
relapse being 8 months), and that GWAM is consistent between multiple AML sample types.
This suggests that, while aberrant on a genome-wide scale, precise methylation changes are

occurring to provide an optimal leukaemic cell environment. Individual gene methylation

contribution 1s further explored in Chapter 4.
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Figure 3.3  Inspection of global methylation through density analysis between diagnostic

and relapsed paediatric AML samples
Beta values from all 373,253 probes were averaged for each sample type (n = 231, 171 diagnostic and 60 relapse
samples) and used to produce an overlayed density plot where each sample time points shows a typical bimodal
distribution of methylation, with the majority of probes being hypo or hyper methylated (<0.2, corresponding to
20% or >0.8, 80% respectively). There 1s little shift in overall GWAM between diagnostic and relapsed samples
(AB=0.046%, p<1.0x10") suggesting that the GWAM profile does not differ upon recurrence.

Global methylation was broken down into genomic regions in accordance with the
INluminaHumanMethylation450k manifest (build hgl9) to determine whether the location of
probes relative to specific genomic features impacted their likelihood of altering methylation
i transition to AML (Figure 3.4). Generally, probes within 1500bp or 200bp of the
transcription start, a 5" untranslated region, or the first exon of a gene were hypomethylated in
all samples, rrespective of disease state. In contrast, probes in the gene body, 3'UTR or
mtergenic regions were hypermethylated according to the median. Following transition from
diagnosis to remission, all probes, irrespective of their genomic location relative to genes,
showed a decrease mm median methylation, consistent with a global hypomethylation in
remission of AML. In other words, the total 5mC hypermethylation event previously described
between diagnostic and remission samples was evident within all regions of the genome. All
regions were 1dentified as significantly differentially hypermethylated in diagnostic samples and
were most pronounced within intergenic regions (Table 3.2, average Ap=2.9%, p<1.95x10")
and the 1" exon of genes (Table 3.2, average Ap=2.57%, p<8.69x10™"). Global density analysis

of genomic features mirrors findings of total 5mC density analysis previously discussed.
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Figure 3.4 Boxplot of global methylation differences between diagnostic and remission

sample restricted to genomic region in a pooled AML cohort
All 873,253 probes were sorted according to genomic location 1  accordance with the
IluminaHumanMethylation450kmanifest (build hgl9). Boxplots show the median, 0.25/0.75 IQR, minimum
and maximum methylation between sample time points (n=324 total samples). All genomic regions show a slightly

more hypermethylated profile in diagnostic AML samples when compared to remission and control samples
(p<1.0x10").

Table 3.2  Comparison of GWAM between diagnostic and remission AML bone marrow
samples restricted by genomic feature

Region Diagnostic  Remission Ap* p-value'
Average B Average 8

TSS1500 37.26 34.96 2.3 6.49*10"
TSS200 19.66 17.72 1.94 4.71*10"
5UTR 36.79 34.45 2.34 5.49*10"
1" Exon 24.76 22.19 2.57 8.69*10™"
Body 64.78 62.41 2.37 5.37*10"
3'UTR 73.83 71.75 2.08 3.377* 107
Intergenic 59.97 57.07 2.9 1.95*10"

Abbreviations: TSS - Transcription start site; UTR - Untranslated region; B - Beta; AP - Delta beta (Difference
of methylation)

*Delta beta of diagnostic average minus remission average.

'Student’s t-test between diagnostic and remission samples.

77



3.3.2 Global Methylation Levels Assessed Using LINEI and Alu
between Diagnostic and Remission Bone Marrow
Samples in Paediatric AML

In addition to assessing global methylation by deriving an average methylation score, global
methylation levels were also assessed through locus-specific methylation analysis using both
mmputed HM450K data and repeat-specific amplification assays, MassARRAY chemistry and
SEQUENOM. Specifically, we used previously validated assays of LINEI and Alu, which are
repetitive elements that represent over 30% of the human genome. These elements are known
for their generally stable methylation levels and, because of their highly repetitive nature, can
serve as a proxy for total 5mC. Utilising the REMP package in R, we were able to impute
methylation levels of both A/u and LINEI in thousands of CpG sites across all diagnostic,

remission and control samples.

REMP was able to impute 2462 Alu CpG sites across 320 bins (Alu repeats within a 1000bp
flanking region) after quality control measures were considered. In A/u we observed a 1.5%
mcrease i diagnostic methylation compared to remission samples (Figure 3.5), i which
findings further corroborate that at diagnosis, paediatric AML 1s globally hypermethylated.
Control samples were consistently methylated with a similar average, yet vastly different
distribution when compared to diagnostic samples in both genes. This 1s largely due to the
control samples being derived from five patients; thus the global methylation profile would be

more uniform.
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Figure 3.5 Density plot of average imputed methylation of 2462 Alu CpG sites across the

whole genome in diagnostic, remission and healthy bone marrow samples
Beta values of 2462 imputed Alu CpG sites across the genome were mterrogated for their methylation and
averaged between diagnostic (red), remission (blue) and control (yellow) samples. Both diagnostic and remission
samples varied in A/umethylation, however there was an average hypermethylation of 1.5% in diagnostic samples.
Control samples were slightly more hypermethylated than diagnostic samples, but the difference 1s negligible and
similar to findings of total HM450k global methylation.

The LINEI assay generated data for 3 individual CpG sites, which was then combined to
generate an average methylation level. We compared the methylation of each individual CpG
site between sample types (n=100; 73 diagnostic, 27 remission). Median methylation levels for
all sites and the average were between 0.6 and 0.7 (60%-70% respectively), in both diagnostic

and remission samples.

LINE] was significantly differentially methylated between diagnostic and remission samples at

all CpG sites, with an average beta difference of 1.8% (Figure 3.6, p=0.005, Student’s t-test).
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Figure 3.6 Boxplot of differential methylation between patient time points at the global
methylation proxy LINE1

Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation within patient outcome groups
(n=100, 73 diagnostic, 27 remission). Outliers lie beyond the whiskers. All 3 sites assayed in LINEI and the
average were significantly differentially methylated between diagnosis and remission (p<0.05, Student’s t-test).

The Alu assay generated data for a total of 19 CpG sites, of which 10 passed quality control.
Of these, CpG2, CpG6, CpGl2, CpGl3, CpGl4d and CpG17.18 were significantly
differentially methylated between diagnostic and remission samples (p<0.05, Student’s t-test).
The average of all 10 CpG sites was significantly different between time points, showing a 1.19%
difference in DNAm (Figure 3.7, p=0.009, Student’s t-test). With both this independent
validation and the imputed A/u data previously discussed, we find a 0.4% difference between
the two analyses, both suggesting that diagnostic samples are hypermethylated in paediatric
AML.. Discrepancies between actual beta values can be explained by data acquisiion of

different CpG sites for both analyses.
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Figure 3.7 Boxplot of differential methylation between patient time points at the global
methylation proxy Alu

Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation within patient outcome groups
(n=100). Outliers lie beyond the whiskers. Of the 10 sites that passed quality control, 6 sites in A/t and the average
were significantly differentially methylated between diagnosis and remission (p<0.05, Student’s t-test).
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Correlation analysis was employed to determine whether these genes would validate genome-
wide findings. Average LINEI methylation was significantly positively correlated with total
5mC derived from the HM450k array (Figure 3.8A, R=0.40, p=0.004). While not significant,
Alu methylation showed an overall weak positive correlation with total 5mC (Figure 3.8B,
R=0.26, p=0.07). Division of samples showed that there was little difference, and no driving

force in the correlative effects of either LINE1/Aluwith total 5mC between time points.
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Figure 3.8  Correlation of average LINE1/Alu locus-specific methylation with global
methylation from the HM450k array

Average locus specific methylation of LINEI/Alu of 3 and 10 CpG sites respectively, positively correlate with
global methylation derived from the HM450k array. Line of best fit and error bars (standard error) were used to
demonstrate correlation. Pearson’s correlation coefficient was determined for both A) LINET (R=0.40, p=0.004)
and B) A/u (r=0.26, p=0.07) average methylation, suggesting that a respective positive and weak positive association
exists between both genes with total 5mC determined by HM450.

We also compared average methylation of LINEI and Aluin diagnostic and matched relapse
samples (Figure 3.9). Interestingly, we found that there was no significant difference n average
DNAm of both LINEI (p=0.32, Student’s t-test) and Alu (p=0.35, Student’s t-test).
Furthermore, each individual CpG site of both LINE1/Aluwere also not significantly different
between diagnostic and relapse samples. This finding further solidifies the hypothesis that
DNAm changes between diagnostic and remission time points, and that the DNAm profile

returns to a similar level found n diagnostic samples after relapse.
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Figure 3.9 Boxplot of average differential methylation between diagnostic and matched
relapsed AML samples at the global methylation proxies LINE1 and Alu

Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation within patient outcome groups

(n=78). Outliers lie beyond the whiskers. Average methylation of all sites that passed quality control in A) LINE!

and B) A/u were compared between diagnostic (n=73) and relapsed samples (n=27, 22 matched). Both LINE/

(p=0.32, Student’s t-test) and Alu (p=0.35, Student’s t-test) showed no significant methylation difference between

patient time points.
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3.4 Global Methylation Levels in Association with
Specific Genetic Lesions

3.4.1 Comparison of Global Methylation between AML
Subtypes

Traditionally, acute myeloid leukaemia 1s classified mto several subtypes according to specific
chromosomal aberrations and genetic mutations. The resulting individual phenotype of these
subtypes often involves disruption of distinct cellular pathways (Pui, Carroll et al. 2011). To
date, the relative impact of specific chromosomal aberrations on global methylation has not

been nvestigated m paediatric AML.

We interrogated 6 different subtypes of AML for their global methylation profiles (Figure 3.10)
and found that there were significant differences in total 5>mC as assessed by GWAM (n=121,
p<1.0x10", ANOVA). All subtypes average total 5mC fell within a +2% range of one another.
Both the mv(16) (n=15, avg. f=50.49%) and the cytogenetically normal (n=43, avg. =50.1%)
subtypes showed a significant differential methylation when taking the average methylation of
each individual patient subgroup and comparing them to control bone marrow (Table 3.3,
p<0.05, Student’s t-test). Trisomy 8 (n=5, avg. f=50.6%) showed a similarly large AP as the
aforementioned subtypes, however significance was not achieved primarily due to low patient
numbers. The KMT2A (n=37, avg. f=48.9%), complex karyotype (n=12, avg. f=50.09%), and
t(8;21) (n=9, avg. p=49.4%) subtypes of AML all showed similar profiles to one another, in
which these probes were rregularly distributed with more probes deviating from the two major
hyper/hypomethylated peaks towards the mean, potentially suggesting a more disturbed or
erratic biological pathway to (de)methylate DNA. The average methylation of these subtypes

were more similar to control bone marrow averages than the other subtypes (Table 3.3).

This data suggests that each subtype of AML has their own methylation profile with individual
differences that could potentially define disease pathways and help identify patient subtype n

unknown or more complex cases (explored further in Chapter 5).
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Figure 3.10 Interrogation of global methylation between AML subtypes through density analysis

Beta values from all 373,253 probes were averaged between AML subtypes (n=121). Overlayed density plots were used to define the global methylation landscape
for each analysis. Significant differences in average global methylation were discovered between subtypes (p<1.0x10*, ANOVA). The inv(16) subtype (n=15) had the
most normally distributed probes amongst all subtypes, however it also had the highest hypermethylated peak too. The KMT2A (n=37), Complex (n=12) and

t(8;21) (n=9) subtypes had the most irregular methylation distribution.
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Table 3.3 Comparison of GWAM of patient subtypes against control bone marrow

samples

Subtype () Average p  Ap* p-value’
Cytogenetically normal (45) 50.08 0.96 0.048
mv(16) (15) 50.35 1.23 0.001
t(8;21) (9) 49.37 0.25 0.823
KMTZ2A (37) 48.86 -0.26 0.67
Trisomy 8 (5) 50.57 1.45 0.428
Complex karyotype (12) 50.00 0.88 0.533

Abbreviations: inv - Inversion; t - Translocation; B - Beta; AB - Delta beta (Difference of methylation)
*Delta beta compared to control bone marrows (n=24, Average =49.12).
'Student’s t-test between subtype and control samples.
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3.4.2 Effects of Loss of Heterozygosity upon Global
Methylation in Paediatric Acute Myeloid Leukaemia

Global methylation, as assessed by an array-based platform (GWAM), allows for detection of
copy number variation. Given that AML 1s a cancer commonly shown to have chromosomal
aberrations, variation in chromosomal copy number, including deletions and amplifications,
are likely contributors to disease (Tarlock, He et al. 2017). Furthermore, as one of the known
features contributing to tumorigenesis in a number of cancers 1s hypermethylation of tumour
suppressor genes (Herman 1999), it 1s feasible that a combination of DNA hypermethylation
of one allele, coupled with deletion of the remaining allele could potentially lead to a complete
suppression of expression. This has previously been demonstrated in several cancers, and
represents an alternative version of the classical Knudson two-hit hypothesis, ultimately leading
to a LOH. Despite this, it remains unclear if such a combined genetic/epigenetic silencing of

genes 1s assoclated with global 5mC levels in AML.

Copy number variation data, including binning and segmentation data, was generated for each
diagnostic sample from 450K methylation data and compiled for Genomic Identification of
Significant Targets i Cancer (GISTIC) analysis. GISTIC analysis (and individual CNV
validation) revealed 11 heterozygous genomic regions that were frequently deleted in the
combined AML cohort (Figure 3.11, q-value<10™). These regions contained a total of 135
genes, of which 40 genes were hypermethylated (Figure 3.12, average >75% in promoter or
enhancer regions). These 40 genes were run through an enrichment analysis where ‘regulation
of multicellular organismal processes’ was the sole upregulated biological process identified
(Gene Ontology Consortium, AmiGO 2). The results of the enrichment analysis suggest that
71 patients contain both a deletion of a gene and hypermethylation in the promoter/enhancer

of the same gene, resulting in a potential loss of heterozygosity.

87



11

13

15

17

19

21

10

12

14

16

18

20
22

HIE Il B B

0.021

1p36.13

19212
——— 1312

2q24.3
20322
———2q34
__—-3p111
4p12
" 4q28.3
—;f,.-- 5p14.2
_-5q31.3
- 5034
__-6p123
© . 7p211
- 7q21.11
—_-7q31.33
| 8p231
8213
| 8q233
T 9q21.33
11p14.3
7 11q12.1
- 11q21
——11g24.1
- 12p12.3
- 12q21.2
W 12q21.31
WO 13g21.32
|\ 13g311
M 14q11.2
“15q11.2
17q11.2

| —19q13.12
| —19q13.31

Figure 3.11 GISTIC deletion plot of all diagnostic pooled AML samples

Caption on next page.
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Deletion plot showing which sections of chromosomes (right annotation) are most commonly deleted on each
chromosome (left annotation) in the pooled AML cohort (n=171). G-scores (a unique GISTIC derivative
considering the amplitude of the aberration as well as the frequency) shown across the top, measuring the degree
of amplitude and frequency within the entire cohort. False discovery rate g-values are calculated for aberrant
regions and are presented as -logl0(q). Default FDR g-value significance is set to 0.25 (green line), however for
this analysis, manual significance threshold was set to 10™ (blue line). All genes found within the regions below the
set manual significance threshold were taken for downstream LLOH analysis. Genomic peak coverage 1s defined
by automated binning algorithms found within the conumee R package.

Genes Identified by GISTIC

HM450k Gene Data Available

95 40 40

L—— Hypermethylated Genes

Figure 3.12 Venn diagram of genes that were both identified in the GISTIC analysis and had

hypermethylated HM450k data available
Of the 11 regions identified in GISTIC analysis as serially deleted in the pooled AML cohort, 135 genes were
identified to be 1n these regions with a deletion in at least one sample. Of these 135 genes, 80 had HM450k data
available, 40 of which were hypermethylated in promoter or enhancer regions of the gene. Patients with both a
deletion and hypermethylation in these 40 genes are noted to be at risk of DNAm associated LOH.

Patients in the combined AML cohort previously identified by GISTIC and CNV variation
analyses as having one of the former 11 regional genomic deletions (as defined by conumee
binning) had decreased GWAM levels compared to cases that did not show such genetic
variation (Figure 3.13 A, average Ap=0.5%, p<1.0x10"). However, samples from the TARGET
AML cohort, which were often 1dentified to have allelic deletions and constitutes patients
diagnosed with rare or difficult to treat AML, have an increased global methylation profile. We
found a significant difference between cohorts (Figure 3.13B, average AB=0.8%, p<1.0x10")
suggesting that there 1s an association of increased average global methylation with patients of

poor outcome (further explored in Chapter 6). These two findings are seemingly at odds with

89



the suggestion that the minimal changes in total 5mC (<19) found are fairly inconsequential to

overall disease pathogenesis.
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Figure 3.13 Inspection of global methylation differences between patients with and without
allelic deletion and differences in patient cohort

Beta values from all 373,253 probes were averaged between A) cases with (n=71) and without allelic deletion
(n=100), and B) between patient cohorts (n = 171). Overlayed density plots were used to define the global
methylation landscape for each analysis. Distribution and density of beta values remain similar between both
analyses, however a hypermethylated profile was found in samples A) without allelic deletion and B) TARGET
cohorts when compared to their respective counterparts (p<1.0x10%). This was primarily driven by changes at the
hypermethylated end of the spectrum.
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3.5 Discussion

In this study we interrogated the global methylation status of over 200 individual paediatric
AML patient bone marrow samples using two widely accepted ‘proxy’ measures. Two
collections of patient samples were used; one from Australia and the other from the USA. The
primary hypothesis tested was that there would be significantly aberrant total 5>mC DNAm
levels in diagnostic compared to remission and healthy samples. Our secondary hypotheses
were that different subtypes of AML would display unique total 5mC levels and finally, that
patients with a potential DNAm associated loss of heterozygosity would also have aberrantly
methylated total 5mC levels compared to those that did not. To test this, we employed two
widely used proxies of total 5 mC. An initial GWAM value was derived using HM450K and
density analyses. These total 5mC levels were then validated using MALDI-TOF MS of the
repeat regions LINEI and Alu. Using the HM450k platform we were also able to ascertain
copy number variation data that, in combination with regression analyses, were able to 1dentify
patients with both a deleted allele and hypermethylated promoter/enhancer region. Being able
to detect these differences allowed us to identify the major trends in the total 5mC levels, and

1s the first of its kind m paediatric AML.

3.5.1 Interrogation of Global DNA Methylation Reveals
Differences between Diagnostic and Remission AML
Bone Marrow Samples

Multiple studies that have identified aberrant global DNAm levels in cancerous tissue
compared to normal tissues (Gama-Sosa, Slagel et al. 1983; Jones and Baylin 2007; Portela
and Esteller 2010; Sharma, Kelly et al. 2010). These studies found that global DNAm is
generally decreased in cancer, however the opposite effect has been reported in adult AML
and MDS (Toyota, Kopecky et al. 2001; Boultwood and Wainscoat 2007; Zhang, Yuan et al.
2016). In this study we found that this trend of global hypermethylation in AML 1s consistent
within an Australian paediatric cohort, when comparing diagnostic to matched remission bone
marrow samples. A 3.7% increase in average global methylation was observed between the two
groups, primarily driven by hypermethylation of diagnostic samples and widespread

hypomethylation in remission samples. Pooled-analysis by addition of 109 samples from the
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TARGET cohort resulted in similar findings, albeit with a smaller total AB (2.42% difference).
This change 1s primarily attributed to the slightly more hypermethylated remission samples in
the TARGET cohort compared to the Australian cohort. The difference may be due to
Australian remission samples being derived from day 30 bone marrow post-induction therapy
while the TARGET cohort was taken at day 14 during induction therapy. Therefore, it 1s
possible that the reduction of average total methylation occurs from diagnosis and throughout
induction therapy. This suggests that not only do we find a hypermethylated GWAM upon
diagnosis of paediatric AML, but treatment 1s altering GWAM levels over time. All remission
samples were verified to have <5% blast count, so residual disease from refractory samples 1s
unlikely. This 1s further supported by ‘normal’, control bone marrow having a more similar
profile to diagnostic samples than to remission samples, suggesting induction therapy may be

generally hypomethylating the genome, requiring time before returning to a more normal state.

As evidenced by the regional breakdown of probes on the HM450k according to genomic
location relative to genes, average global methylation 1s hypermethylated in diagnostic samples
across all regions. This suggests that the effects witnessed are not solely found in promoter
regions. Interestingly, we found that the largest regional gain of global methylation was in
mtergenic regions, which may be due to the higher density of enhancer or regulatory elements
within these regions (Pennacchio, Bickmore et al. 2013). While these total diagnostic and
regional hypermethylation findings are in line with previous studies in adult AML (Deneberg,
Grovdal et al. 2010; Hopp, Liubbert et al. 2017), this is the first ime 1t has been shown in not
only one, but two paediatric AML cohorts. Further studies, preferably with additional time
points post-diagnosis, will need to be completed to elucidate the longitudinal trend of aberrant

global methylation as the patient returns to a truly healthy state.

While global methylation can be identified through genome-wide analyses, using proxies of
DNAm is far more convenient for reasons regarding scale and ease of access (Vryer and Saffery
2017). LINEI and Alu are repetitive elements that together cover approximately 28% of the
entire human genome (Cordaux and Batzer 2009) and have previously been shown to be
accurate 1dentifiers of global methylation in patient samples. In this study we found that ZINE/
and A/uboth had positive linear relationships with HM450k derived global methylation as well

as with imputed A/uz methylation derived from HM450k data in combination with the REMP
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package. We were also able to further validate our findings that diagnostic samples are
hypermethylated compared to remission samples; the first ime this has been shown in the
paediatric AML setting. While not every individual site was statistically significantly different,
the average methylation of both genes across all sites was significant. This validation of global
methylation difference in both replicated and new samples suggests that the hypermethylated
global signature found in diagnostic samples 1s valid finding. Previous studies have identified
the global re-methylation of the genome from myeloma to leukaemia effects pathways mvolved

in cell-cell signalling and cell adhesion (Walker, Wardell et al. 2011).

Patients that had matched relapse samples available showed that there was httle difference i
LINE] and Alumethylation levels, suggesting that the global methylation signature returns to
its prior state after recurrence of AML. Considering the dynamic nature of DNAm in LINE]
and A/un response to disease progression, this opens the interesting possibility of using these
repeat elements longitudinally to reflect the global DNAm landscape, and correlate their
methylation with subsequent disease progression. Using DNAm proxies to observe disease
progression and recurrence would allow effective monitoring and better decision making
regarding patient treatment in a personalised manner. However, this 1s complicated by the
potential of the ‘normal’ global epigenome being more similar to the diagnostic signature than
the remission and would require further studies to truly elucidate the methylation signature in

normal paediatric bone marrow.

The cumulative findings of GWAM from the HM450K and LINET and Alu further solidify
the gain of methylation found across all diagnostic samples. It shows that regional
hypermethylation is not restricted to regions that are directly influencing gene expression but
also repeat elements that comprise a much larger proportion of the genome. Considering the
low mutation burden of paediatric AML and that progression of adult AML is intertwined with
aberrant epigenetic mechanisms, one could speculate that there may be influences other than
mutation acting upon epigenetic machinery that is causing these results in paediatric AML. The
likely scenario of a total global hypermethylation event by disruption (via mutation that 1s not
commonly found i AML or by targeted epigenetic repression) of the 7ETZ protein or
recruiters/cooperative factors of TET such as Lin28A (Zeng, Yao et al. 2016) or IDH (Yang,

Ye et al. 2012), would disturb demethylation maintenance while simultaneously effecting self-
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renewal capacity of haematopoietic stem cells (Hu, Chen et al. 2015). Furthermore, studies in
adult AML have shown that 7E72 and IDH mutations occur frequently, are major
contributors to the phenotype and are integral to adult AML progression (Im, Sehgal et al.

2014).

To summarise, this study has identified that there is global hypermethylation in diagnostic
paediatric AML bone marrow samples when compared to matched, remission samples, and 1s
further validated using the DNAm proxies LINEI and A/u. This confirms our hypothesis that
paediatric AML 1s in line with previous adult leukaemic literature regarding global methylation
status. This aberrant signature 1s indistinguishable from matched relapse samples but varies
depending on how far into treatment the remission sample was taken. This indicates that the
change 1n total 5mC begins with the original leukaecmogenesis and decreases mn response to
induction therapy. This dynamic nature of total 5mC suggests potential for LINEI and Aluto

be used as a biomarker of disease progression and recurrence.

3.5.2 Varying Chromosomal Aberrations Reveal Unique Global
Methylation Profiles

Acute myeloid leukaemia has several subtypes, primarily driven by differing mutations and
chromosomal aberrations (Figueroa, Lugthart et al. 2010; Taskesen, Babaei et al. 2015). This
heterogeneity has been linked to subtype specific epigenetic alterations that have been shown
to influence disease progression and severity in adult leukaemia (Larmonie, van den Heuvel-
Eibrink et al. 2014). Whilst few studies have been conducted in the paediatric setting, one has
shown that subtype-specific DNAm alterations are also apparent in some paediatric AML
subtypes (Morenos 2014). With this in mind, we interrogated the global methylation level of
various subtypes to test whether any are associated with altered 5mC levels. We found that
global methylation did vary between the most common subtypes, with average B values ranging
from 48.9-50.4% (maximum AP=1.5%). While global methylation averages do not tell the
whole story, seeing that each subtype has their own distribution of methylation across all probes
suggests that the aberrant methylation found 1s certainly subtype specific and each subtype may

potentially have distinct mechanisms driving DNAm changes.
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Interestingly, the KMTZ2A rearranged group of patients, which have a poorer prognosis
(Balgobind, Raimondi et al. 2009), had the lowest total 5mC of all subtypes despite previous
studies suggesting that patients with lower levels of global methylation tend to have a higher
complete remission rate (Deneberg, Grovdal et al. 2010). Considering the KMTZA subtype
has one of the worst rates of overall survival, while inv(16) and trisomy 8 have some of the best
(Dohner, Estey et al. 2010), our data suggests that global methylation alone may not be a useful
predictor of clinical outcome mn paediatric AML. However, with an increase in sample size,
there 1s potential for global methylation to be used to identify subtypes of AML that could
otherwise remain undiagnosed by conventional methods. This 1s similar to studies conducted
by Nordlund et al. or Bolourt et al., where subtype-specific methylation signatures identified
common subtypes and classified, as well as informed treatment for, previously cytogenetically

unknown cases (Nordlund, Bicklin et al. 2013; Bolouri, Farrar et al. 2018).

In this study we aimed to investigate if there was a difference i total 5mC of patients that could
potentially have DNAm associated LOH compared to those that did not. Our study 1dentified
71 patients with a chromosomal deletion and at least one gene n the corresponding region that
was hypermethylated (>75%). Many of the deleted gene regions identified by GISTIC
analysis, including CD36, CDC73, D1TX4, MEDI19 and STATI, are involved in cancer or
differentiation pathways (Perea, Domingo et al. 2005; Shao, Liu et al. 2016). All genes
identified pose interesting questions about how they may function in disease progression and
need to be further investigated in paediatric AML specific functional models. Subsequently,
this also leads to future hypotheses investigating demethylating agents and their potential to

rescue patients from their potential LOH.

In summary, this study has identified unique global methylation signatures associated with
patient subtype. Furthermore, this study identified a hypomethylated global signature
associated with patients with potential loss of heterozygosity, and a hypermethylated signature
associated with poor patient outcome. However, considering the minimal changes 1dentified
and that previously associated findings have opposite associations with global methylation this
does bring into question if there 1s truly any prognostic and functional significance associated
with total 5>mC and patient LOH. Despite this, global methylation does serve as a useful tool

for 1dentifying patients that have a region specific deletion that may otherwise go undetected by
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traditional diagnostic methods. Further studies need to be conducted to define what the exact
changes i methylation are that may be able to delineate these groups. Finally, our data, while
limited, supports our hypothesis of global hypomethylation being associated with LOH

paediatric AML, however the functional effects of this finding are yet to be elucidated.

3.5.3 Limitations & Future Directions

The primary hmitation of this study centres on the relatively limited sample size, particularly
n analyses stratifying samples into subgroups. Global methylation analysis using the HM450K
1s useful in that it can discern trends in the data and can often predict direction of effect in
validation analyses, however each individual sample and subgroups are different as evidenced
by the various signatures associated with patient subtype. As a result, global methylation
analyses can lead to different results depending on how one stratifies groups, platform used,
potential technical confounding factors, and what samples make up the mitial cohort. Global
methylation still serves as valid ‘first-look’ approach to genome-wide methylation data analysis.
However, it should only be used, at best, as an associative marker of disease outcome. Further
mvestigation into causes of genome-wide change in methylation should be examined upon
discovery of differential total 5\ mC between groups. In future 1t would be productive to utilise
a larger cohort and the gold standard of total 5mC interrogation in whole genome bisulphite
sequencing (WGBS), which allows both total 5mC and distribution to be obtained. When
combined with proxy measures of DNA, this approach provides a more holistic view of total

and regional 5mC that are subject to gain or loss of methylation over multiple time points.

Lacking a true ‘normal’ control to compare global methylation data 1s also a lmitation
mterpretation of total 5mC change. While using the cell-sorted publicly available bone marrow
methylation data from GSE63409 serves as a comparison, it 1s not a perfect control as it was
derived from adults, cell-sorted and minimal in numbers. Therefore, we also used whole bone
marrow at remission as a non-cancerous control. With methylation being dynamic in response
to environment, age becomes a major focal poit as it 1s unknown whether the difference
methylation profile of the adult controls to paediatric diagnostic and remission 1s due to age
rather than disease status. Furthermore, without a more refined control cohort, delineation of

subtype specific total 5mC stops at mtra-cohort differences and disallows comparison of
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subtype to normal methylation signatures to find what subtypes have a generally more aberrant
total 5mC profile. While it 1s highly unlikely that the perfect control sample of bone marrow
prior to diagnosis of AML will ever be available for research, it may be possible to use healthy

donor bone marrow from children 1n future studies.

Proxies of global DNAm were utilised as an alternative to using genome-wide data to infer
disease state and potentially by-pass the hmitation of scale that genome-wide approaches
mmpose. However, using LINEI and Alu as proxies of global DNAm have their own set of
limitations. As shown in Figure 3.8, there was a positive correlation between global and average
LINE] and Alu methylation, however A/u was 1dentified as non-significant. Utilising a larger
cohort, preferably with cell-sorted samples, will help elucidate whether sample time point or
cell constitution has any effect upon global DNAm proxy results. With respect to the cohorts
used 1 this study, we did not have any samples that had data available across all diagnostic,
remission and relapse sample types. A sample set of this nature would be required to determine
the practicality of using IINEI! and Alu as a marker of disease over time, requiring
demonstration of global methylation being dynamic in response to a patient going into
remission and having their disease recur. As it stands, we can only suggest that LINEI and Alu
methylation lowers upon remission and, considering the minimal differences between
diagnostic and relapse samples, returns to the original diagnostic state upon recurrence. This,
unfortunately, does not rule out the chances that the identified effect is driven by the different
samples used in both analyses. Using a greater number of remission time points (day 14, day
30, 3 months, etc.) and a continuum of time points for multiple patients across all diagnostic,
remission and relapse samples would determine the true potential of using ZINEI and Alu as

a dynamic biomarker of both disease progression and potential recurrence.

The final limitation to this study refers to GISTIC analysis. While this analysis 1s an acceptable
approach for identifying frequently deleted genomic regions in a cohort, the binning
mechanism used to create the nitial input groups had large sections of the genome together,
encompassing multiple genes. While parts of these areas may be deleted, the genes identified
by the analysis can only be truly proven to be deleted using more conventional comparative
genome hybridisation approaches. Subsequently, genes identified to be hypermethylated and

deleted may not be deleted at all, and a true patient LOH can’t be determined without further
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testing. Therefore, the resulting future direction for this type of analysis would be to accurately
determine the break points, and by extension, the specific genes deleted, of each patient
identified to have a deletion and subsequently identifying those genes to have an aberrant
methylation profile. This will allow us to determine patients with a truly DNAm induced LOH

and further refine analyses pertaining to LOH and global methylation associations.

98



This page 1s intentionally left blank.

99



Chapter 4 DNA Methylation Profiling of
Paediatric Acute Myeloid

Leukaemia
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4.1 Rationale

Acute myeloid leukaemia, like all cancers, 1s universally associated with aberrant DNAm. For
some time, studies in adult AML have shown that targeted changes of DNAm occur in key
tumour-suppressor genes such as P15/16/73, MGMT, RB, HIC1, CDHI and SOCS1 (Melki,
Vincent et al. 1999; Galm, Wilop et al. 2005). Furthermore, mutations in epigenetic modifiers
such as TETY, IDH1/2, ASXLI and DNMT3A are common 1n adult AML (Abdel-Wahab
and Levine 2013). This implicates DNAm as a functional factor behind disease progression
rather than a consequence of genomic aberrations. However, while this 1s true for adult AML,
the DNAm landscape of paediatric AML has not been widely explored. A few studies have
looked at this, but data on the frequency of epigenetic modifier gene mutations are almost non-
existent (Ho, Kutny et al. 2011; Liang, Liu et al. 2013). In contrast, the frequency of other
common mutations in childhood relative to adult AML i1s becoming clear (Creutzig,
Zimmermann et al. 2016). Despite the lack of knowledge on epigenetic modifier mutations,
there 1s emerging evidence of differential methylation in the paediatric seting (Morenos 2014
Larmonie, Arentsen-Peters et al. 2017; Stieglitz, Mazor et al. 2017). However, these studies are
largely limited to subtype specific analyses and do not explore changes that may be ubiquitous
across all diagnoses. Therefore, knowing that aberrant DNAm is a contributing factor in
paediatric AML it 1s necessary to investigate and understand the specifically targeted DNAm

changes that occur during mitiation and progression of all forms of AML.

A major study dissecting DNAm 1n the paediatric setting was conducted by Bolouri et al.
(2017). This focused broadly on paediatric AML, further verifying that mutations in epigenetic
modifying genes are rare and that distinct methylation signatures exist between diagnostic and
remission bone marrow samples (Bolouri, Farrar et al. 2018). Signatures of DNAm were
observed through non-negative matrix factorisation that associated variable methylation levels
with patient subtype and age. Boloun et al. identified 119 pan-leukaemic genes recurrently
silenced by hypermethylation including ULBP1/2/3, HES1/4/6/7, MGMT, SMADI/5,
SOCS2/6, and TET1/2 These genes are commonly involved in Wnt-B-catenin signalling and
are active ligands in NK cells, suggesting that they might be worth targeting therapeutically.

Furthermore, subtype specific genes were also identified, particularly a group of relatively
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unknown zinc finger-encoding genes, associated with the KMZTA rearranged subtype.
Larmonie et al. have shown evidence that M/N7 and TRIM71 are both hypermethylated in the
mv(16) subtype of paediatric AML compared to other subtypes and are subsequently repressed
(Larmonie, Arentsen-Peters et al. 2017). They also suggest that MNI 1s co-regulated by
expression levels of DNMT3B, further solidifying the role of aberrant DNAm i disease
progression. Morenos et al. found that in the M5 French-American-British (FAB) defined
subtype that DLEUZ and the encompassed tumour suppressor miR-15a/16-1 were
hypermethylated (Morenos 2014). Methylation and expression similar to that of remission
samples at these loci were able to predict low-risk prognosis i particular trisomy 8 and

KMZ2TA rearranged leukaemia.

The functional contribution of aberrant DNAm to disease progression is relatively unknown
i paediatric AML, however aberrant methylation has been associated with the progression of
adult myelodysplastic syndromes (MDS) to secondary AML. Jiang et al. have found that out of
1505 candidate tumour-suppressor genes (I'SG) 91 were silenced in MDS and this increased
up to 179 upon leukaemic blast transformation. 219 was 1dentified as a potential candidate
TSG as this was one of the most frequently silenced genes and was also, when deleted and
hypermethylated, associated with poor clinical outcome (Jiang, Dunbar et al. 2009).
Furthermore, MDS and secondary AML were identified to have a more extensively aberrant
promoter DNAm profile compared to CD34+ cells (Figueroa, Skrabanek et al. 2009). This
was particularly apparent in WN7T and MAPK signalling pathways. Given that DNAm changes
i response to disease progression from MDS to secondary AML, it 1s plausible that DNAm

may also change from AML diagnosis to remission and again upon recurrence.

In this study we have used both the Australian and TARGET AML cohorts in combination
with linear regression modelling to identify signatures associated with AML, AML subtype and
disease progression to relapse. We identified specific differentially methylated probes (DMPs)
and regions, (DMRs), including gene-based markers of differential methylation, between
disease states and time points. The overarching aim of this study was to define targeted DNAm
differences that could be contributing to disease in a pan-leukaemic manner across the entire

paediatric AML population.
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We have hypothesized that;

(1) There 1s a distinct DNAm profile that can accurately define diagnostic, remission
and healthy bone marrow, that is independent of patient subtype;

(11) Differential DNAm can be identified i specific genes that may be contributing to
mitiation and progression of disease, and;

(111) Subtle aberrant DNAm can be identified between diagnostic and matched relapse
AML samples.
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4.2 Study Cohort

For this study we utilised the entire Australian and TARGET AML cohorts. A breakdown of
these samples can be found in Table 2.4. Overall, this included 198 diagnostic, 143 matched
remission and 76 matched relapsed samples across two major cohorts and publicly available
DNAm data from 24 healthy, cell sorted populations derived from 5 adult donor bone
marrows. In total the number of unique samples available was 231. Diagnostic bone marrow
samples were taken on the day of diagnosis and tested for cytogenetic abnormalities. Of
remission samples, 26 did not have a matched diagnostic sample. The most common AML-
assocliated chromosomal rearrangements are well represented in this cohort. Patients were

between 3-15 years of age with males slightly over-represented.
Patient clinical information was obtained from a local hospital database (CLARA) for Victorian

cases at the RCH. For other cases cohort information was obtained from respective biobanking

repositories. All data 1s correct as of April 2018.
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4.3 Genome-wide DNA Methylation of Diagnostic,
Remission & Healthy Samples - Australian Cohort

4.3.1 Categorisation of Samples According to Disease State

Unsupervised analyses by principal components analysis (PCA) was undertaken on all
diagnostic, remission and healthy bone marrow samples (n =131). Principal component 1
(PC1), accounting for 13.1% of the variability found in the dataset, 1s primarily attributed to the
time of sample taken between diagnostic and remission samples (Figure 4.1, p = 2.0*107,
Student’s asymptotic p-value for correlation). However, it was also influenced by common
confounding factors such as HM450K chip, age, study site and patient outcome (Appendix II).
These factors clearly contribute to the overall variation in the dataset. Variation within PC2 was
also associated with patient time point, this time separating diagnostic/remission samples from
healthy bone marrow, which may be due to true biological variation, age of sample or cohort
(Figure 4.1). Overall dimensionality reduction (the process of reducing the amount of random
dimensions within the data to a principal few to best encompass total variation) utilising DNAm
data shows that majority of diagnostic AML bone marrow samples can be distinguished from

matched remission samples (PC1) and from healthy adult bone marrow (PC2).
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Figure 4.1 Unsupervised principal components analysis plot defining diagnostic from

remission and healthy adult bone marrow samples

Beta values from all 373,253 remaining probes from the HM450k across 131 samples were used in a PCA to
determine sources of variation in the dataset. The variation in PC1 (accounting for 13.1% total variation) can be
partially attributed to differences in sample time point but this does not explain the full source of variation as
patients are still undefined on the x-axis. Variation in PC2 (accounting for 9.2% total variation) is defined by age
of sample (adult vs paediatric) or by the varying cohorts used (Australian cohort vs. public data). The larger circle,
square and triangle represent their respective group means and ellipses drawn around these averages are defined
by 0.95 confidence interval. Diagnostic samples are in red, remission samples in blue and control samples in
yellow.

In order to further identify specific methylation variation associated with disease state as
suggested by the unsupervised analysis, least squares regression analysis was carried out using
RUVm (Section 2.5.6). This revealed 4219 DMPs following correction for FDR (Benjamini-
Hochberg adjusted p<0.05) between diagnostic and healthy bone marrow samples (remission
and control bone marrow samples combined). Figure 4.2 shows that methylation levels at these

DMPs delineated diagnostic from non-AMIL bone marrow samples. Furthermore, this

signature also distinguished remission samples from healthy, control bone marrow suggesting
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that while remission bone marrow 1s more closely related to healthy compared to diagnostic
samples, minor differences exist between these time points. Considering the close relatedness
of remission and healthy samples compared to their diagnostic counterparts, this suggests that
the cancerous cell composition (blast population mn diagnostic samples), as opposed to

differences in cohort or age 1s primarily driving the differential methylation profile discovered.
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Figure 4.2  Heatmap of methylation levels across the 4219 highest ranked DMPs associated
with AML status

Heatmap with the y-axis representing 4219 differentially methylated CpG sites while the x-axis shows 131 patient

samples where both are ordered by hierarchical clustering as depicted by the dendrograms. This heatmap shows

that DNA methylation can accurately distinguish diagnostic AML bone marrow from remission and healthy adult

bone marrow samples.
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4.3.2 Genes Differentially Methylated in Diagnostic AML
Samples

After identification of a DNAm signature associated with paediatric AML, we sought to identify
specific genes that may provide clues as to the pathogenesis of AML through differences
between diagnostic and non-AML bone marrow. Figure 4.3 shows a Manhattan plot of all
373,253 probes and their -logw transformed p-value after regression analysis. We 1dentified
several genes showing multiple mnstances of differential methylation. Several of these were
prioritised according to effect size, number of probes and location within gene regulatory
regions and mapped to the genes Wilms Tumour 1 (W771), Diacylglycerol Kinase Gamma
(DGKG), Zinc Finger and SCAN Domain Containing 1 (ZSCAN1) and Zinc Finger Protein
876, Pseudogene (ZNF870P. A list of the top 100 differentially methylated probes are detailed
i Table 4.1.

DGKG ZNF876P wTl ZSCANI

-log,, (P value)
.
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1 2 3 Y 5 6 7 8 9 10 1" 12 13 14 15 16 17 18 19 20 21 22
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Figure 4.3 Manhattan plot showing significance of all probes after least squares regression
analysis between diagnostic and control bone marrow samples

Manhattan plot details the significance of each probe after differential methylation analysis (n=131 samples).

Significance is shown on the y-axis and has been -log. transformed. Probes are separated on the x-axis by

chromosomal location. Highlighted probes pertain to the significantly differentially methylated probes in the genes

of WT (chrll), ZNFS76P (chrd), ZSCANI (chr19) and DGKG (chr3). These genes were selected for further

validation.
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A probe in the W71 gene, cg09234616, was identified as the second most significantly
differentially methylated probe (average AB 0.57, Benjamini-Hochberg adjusted p=3.47*107).
W1 1s a gene of interest due to the already established pathogenic contribution to all forms
of AML, via both mutational status and its known function in the maintenance of DNAm
(Gaidzik, Schlenk et al. 2009; Ho, Zeng et al. 2010). An additional 23 DMPs were also
identified in W77 (Figure 4.4A, Benjamini-Hochberg adjusted p<0.05) with a total average AB
of 39.1%. Many of these probes have previously been identified to be cancer associated DMPs
in accordance with research conducted by Dot et al (Doi, Park et al. 2009); while three probes

were located within a known enhancer region in the gene.

We also identified six adjacent DMPs in DGKG' that were significantly differentially
methylated between diagnostic and non-AML bone marrow samples (Benjamini-Hochberg
adjusted p<0.05). An average AP of 54.8% across all significant probes was found and 5/6 of
these probes were within a known enhancer and DNase hypersensitivity (DHS) region as
defined by the ENCODE study in over 125 cell types including hESC and myeloid cell lines
(Figure 4.4B, (Consortium 2012)). DGKG has been 1dentified as a gene of interest due to its
mvolvement in cell cycle regulation and macrophage differentiation, as well as previous studies

having found hypermethylation in acute lymphoblastic leukaemia (Figueroa, Chen et al. 2013).

Another probe that was 1dentified in the top 10 differentially methylated probes was located
within ZSCANI (AB 49.5%, Benjamini-Hochberg adjusted p=8.07*107).We also identified a
total of seven adjacent probes within ZSCAN/ forming a DMR with an average AP of 43.2%
(Figure 4.4C, Benjamini-Hochberg adjusted p<0.05). Furthermore, this DMR was also found
to be within promoter region and 5’UTR of the gene that has also been identified to be in a
region of DHS which 1s associated with open chromatin according to ENCODE (Consortium
2012). Probes in ZSCANI has previously been identified as a cancer-related DMR (Doi, Park

et al. 2009) and believed to be mvolved i transcription regulation.

Finally, ZNFS876P had four probes that were identified as DMPs (Figure 4.4D, Benjamini-
Hochberg adjusted p<0.05). Probes identified had an average AP of 45.6%. These probes were
found i all parts of the gene including the promoter region, 5’UTR and mtrons, all of which

have been previously shown to be in regions of DNase hypersensitivity (Consortium 2012).

109



Besides the large disparity in DNAm between diagnostic and healthy bone marrow samples,
ZNIF870Pwas selected as it may play a role in transcriptional activity.

Figure 4.4  Circular heatmaps showing DNA methylation levels within specific probes for
diagnostic, remission and control samples

Circular heatmaps shows DNA methylation at each probe that is found in the gene or within 1500 base pairs of
the associated untranslated regions (n=131 samples). Inner circles identify the geographical position of any given
probe in the gene (not to scale). Methylation levels are depicted by a spectrum of colour, with completely
unmethylated probes dark blue while complete methylation is represented by dark red. Significantly differentially
methylated probes are indicated by asterisk (p<0.05, Student’s t-test). Differentially methylated regions (DMRs),
are indicated by blue wedges. Enhancer regions or regions of DNase hypersensitivity found within DMRs are
indicated by the outer green line as defined by ENCODE and Dot et al. (Doi, Park et al. 2009; Consortium 2012).
A) Methylation levels at 57 WT'I probes. 23 probes were identified to be significantly differentially methylated
across two DMRs with an average AP of 39.19%. B) Methylation levels at 26 DGKG probes. Six probes were
identified to be differentially methylated across one DMR with an average AP of 54.8% C) Methylation levels at
20 ZSCANI probes. Seven probes were identified to be significantly differentially methylated across one DMR
with an average AP of 43.2%. D) Methylation levels at 9 ZNF876P probes. Four probes were identified to be
differentially methylated across one DMR with an average AB of 45.6%.
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Table 4.1  Top 100 probes as defined by least squares regression analysis comparing AML
to non-AML bone marrow samples

gobe Gene f}aiJ;fth P AB  Location %obe Gene éaldg:;ted L AB  Location
¢g20738500  LOC254559  1.99E-08 0.573  TSS200 ¢g23948811 1.88L-05 -0.506
¢g09234616  WTI1 3.47E-07 0.565 Body €g25325512  PIMI1 1.88L-05 0.396 3'UTR
cgl5084543  ELTDI1 3.47E-07 0.680 5'UTR cg06335867  NXPHI 1.88L-05 0.589 Body
02287710 DIO3 3A7E07 0.579  TS$200 05542338 EVC2 1.97E-05 0.194  S'UTR
500481644 LOC254559  3.47E07 0.584  TSS200 506426416 EVC2 2.07L-05 0271  5'UTR
cgl12598235  LOC254559  8.47E-07 0.593  TSS200 cgl1527918  GALNTZ2 2.12E-05 0.477 Body
¢g13729210 3.47E-07 0.326 ¢g09924848  FAMS3B 2.12E-05 -0.377  3'UTR
¢gl12296772  MTMR7 8.07E-07 0.490  TSS200 cg08120226  MUC4 2.12E-05 0.379 Body
508178263 LPHNI 8.07E-07 - Body 523378033 MSRBS3 2.12E-05 0434 TS51500
cg10132208  ZSCANI1 8.07E-07 811(;(; S'UTR €g23495279  CSMD1 2.12E-05 0.262 Body
¢g23181580 1.24E-06 0.544 cg07408835  PCDHACI 2.38L-05 0.313 1stExon
509478510 MTNRIA 1.68E-06 0490 TSS200 19014419 ZNF800 2.39L-05 0421  TS5200
22538573 WT1 3.62E-06 0.391  Body 505903444 IRX2 2.3¢ 0.894  Body
01758512 FUTY 3.62E-06 0.378  5'UTR 524368848  ZSCANI 2.40E-05 0.600  TS$1500
¢g25537993  ZSCANI1 3.80E-06 0.630  TSS1500 cgl7152981  GPR6 2.40L-05 0.353 TSS1500
¢g07504763 4.15E-06 0.430 cg02221302  C3orfl4 2.40L-05 0.302  TSS1500
504682802  BTBD3 4.15E06 0.559  5'UTR 20585869 NEFM 2.66L-05 0.359  TSS200
503544320  CRMPI 4.98E-06 0.582  1stExon 146251138 CNTNI1 2.66L-05 0.296  S'UTR
cg05822633  BTBD3 5.00E-06 0.582 5'UTR cg07516252  REC8 2.74E-05 0.426 TSS200
cg05135521  RBMSI1 6.26E-06 0.253 Body cgl14619949  F2RLI 2.74E-05 0.571 Body
¢g03192598 6.26E-06 0.593 cg07565505 2.74E-05 0.488

505937737 SLCTAL4 6.26E-06 0.577  5'UTR 08185661  SYTY 2.83E-05 0.260  1stExon
511254700 6.26E-06 0718 502961707 EVISL 2.88L-05 0.407  Body
cg11084334  LHFPLA4 6.57E-06 0.407 Body cg07766263  SLC7A14 2.93L-05 0.446 5'UTR
¢g03171770 7.52E-06 0.363 cg08658787 3.01L-05 0.521

cgl7078116  NEFM 7.52E-06 0.453  TSS200 cgl5138339  COASY 3.23L-05 -0.196  1stExon
511083235 7.52606 0.924 07963234 CRMPI 3.26E-05 0.406  TSS200
500499700  F2RLI 8.64E-06 0.552  Body 25444386 KDR 3.26E-05 0.368  Body
cgl17971015 8.64E-06 0.368 cg15928093  FZD10 3.33L-05 0.241 S5'UTR
¢g05502701 PDZRN3 1.08E-05 0.375 TSS200 cg14243778  CNTNI1 3.94L-05 0.476 5'UTR
507333191 1.08E-05 0.497 26980244 NEFM 3.94E-05 0419  S'UTR
17232857  SMADG 1.15E-05 0.157  Body 500973876 4.01E-05 0.270

10608275 CHLI 1.15E-05 0.598  5'UTR 519896824 4.18E-05 0.465

822195627 1.22E-05 0.610 cgl10312186 4.36E-05 -0.311
505678749 GABRG3 1.24E-05 0.389  Body 508276289 441805 0.234

cg15230030  RGS12 1.32E-05 - Body cg03817667  VSTM2A 4.59E-05 0.542  TSS200
cgl7840719  ZNF454 1.42E-05 8(1):(1) 1stExon 20779964 CBLN4 4.59E-05 0.493  TS$200
518556834  RECS 1.42E-05 0454 TSS200 526894523 ZNF718 4.59E-05 0.822  Body
507914200 1.58E-05 0.500 08404702 TSC2 4.59E-05 -0.385  Body
cg25510090  ZNF787 1.79E-05 0.171 5'UTR ¢g20192747 4.59E-05 0.383

cgl6478141  REC8 1.80E-05 0.514  1stExon 508915608  MTNRIA  4.60E-03 0461 TSS200
cg7453460 1.81E-05 0.422 512765382 4.61E-05 -0.409
501294808 IRXI 1.88E-05 0.523  Body 501196858  SCRNI 5.09E-05 0.364  S'UTR
508146323 7ZNF835 1.88E-05 0987  Body 506942649 5.09E-05 0.116
¢g06594404 1.88E-05 0.575 cgl9517718  PXDN 5.51E-05 0.270 Body
€g23302682 T 1.88E-05 0.274 Body cgl1474701 5.61E-05 0.306

503431846 RECS 1.88E-05 0.448  TSS200 gl0806146  SLC20A2  5.67L-05 0.550  5'UTR
821443659 1.88E-05 0.364 826731131 5.93E-05 0.291

¢g04360793  ELTDI1 1.88E-05 0.621 5'UTR cg02165355  ZNF454 5.94E-05 0.304  TSS200
¢g26238041  MTNRIA 1.88E-05 0.369  TSS200 €g22859727  FLRT2 5.96E-05 0.442 3'UTR

‘Adjusted p-value calculated by Benjamini-Hochberg method.
AP = Difference in methylation calculated as AML average minus non-AML average
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The most significant individual probes 1dentified in this regression analysis were attributed to
MIR9-3HG (Benjamini-Hochberg adjusted p=1.99*10", Figure 4.5A), WT1, as previously
mentioned (Figure 4.5B), ELTD/ (Benjamini-Hochberg adjusted p=3.47*10", Figure 4.5C),
DIOS (Benjamini-Hochberg adjusted p=3.47*107, Figure 4.5D), MIR9-3HG again
(Benjamini-Hochberg adjusted p=3.47*10", Figure 4.5E/F), MTMR7 (Benjamini-Hochberg
adjusted p=8.07*107, Figure 4.5H) and LPHNI (Benjamini-Hochberg adjusted p=8.07 *107,
Figure 4.51). All probes identified as the most significant DMPs have shown either previous
pathogenic involvement in AML/other forms of cancer or are involved in pathways that, when
disrupted, could plausibly contribute to a cancerous phenotype. However, thorough mflation
of findings has been 1dentified n this study (A=1.53) suggesting that top probes and previous

discussed DMRs need to validated i an independent cohort, as discussed in Section 4.4.1.

Figure 4.5 and Table 4.1 shows that, of the top nine probes, eight were identified as
hypermethylated m diagnostic samples which 1s as expected considering elevated global
methylation findings (as discussed m Chapter 3). Remission and control bone marrow samples
are separated to show that there 1s minimal difference between non-AML samples, and that
the change in methylation 1s specifically associated with leukaemogenesis. However, while this
does hold true for most DMPs, Figure 4.51 demonstrate that there are remission associated
changes of DNAm. Furthermore, while the average differential methylation between diagnostic
and healthy bone marrow samples does exceed 50%, Figure 4.5 does indicate that there 1s a
high amount of variability between patient samples which may be due to patient subtype or

cellular heterogeneity in diagnostic samples.
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Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation between patient bone marrow
biopsy time points (n=131). The median 1s represented by the line in the middle of the boxplot while outliers lay
beyond the whiskers. Probes were identified as the most statistically significant DMPs (Benjamini-Hochberg
adjusted p<=8.07*10"). Probes identified can be attributed to the genes A) MIR9-3HG, B) WTI, C) ELTDI, D)
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4.3.3 Pathway Analysis

Pathway analysis (gene ontology) was undertaken on the genes associated with the top probes
identified through regression analysis. Utilising the GOmeth package in R we found 617 gene
ontology terms that were significantly associated with the 4219 significant probes. This was
further refined using the Reduce + Visualise Gene Ontology (REVIGO) software which
summarises and removes redundant GO terms. This analysis 1dentified a total of 43 GO
umbrella terms that was visualised using Cytoscape (Figure 4.6). Anatomical structural
development, multicellular organismal process, developmental process, cell-cell signalling and

signalling were the top 5 GO terms associated with these differentially methylated genes.
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Figure 4.6  REVIGO gene ontology network associated with 4219 differentially methylated

probes
Caption on next page.
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REVIGO gene ontology reduction identified 43 different GO terms associated with the 4219 significantly
differentially methylated probes derived from regression analysis. logw p values are shown for each GO term to
indicate the significance of the number of probes that are associated with that term appearing by chance.
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4.4 Locus Specific Replication of DNA Methylation

4.4.1 Validation and Replication of Methylation between
HMA450K Array and SEQUENOM Assayed CpG Sites

Locus specific DNA methylation analysis was undertaken on a mixture of samples previously
used in HM450K genome-wide analyses, in addition to new samples, to create both a validation
and replication cohort. SEQUENOM amplification assays covering the genes W71'l, DGKG
and ZNFS76P were designed to cover HM450K probes of interest, plus several other CpG
sites that are not found on the HM450K platform, expanding the regional analysis of

differential methylation.
Wil

Two assays were created covering the first intron of W7/ but also covered the 5’UTR,
transcription start site and gene body of an alternatively spliced version of the gene. Between
these assays, four previously identified differentially methylated probes were encompassed
including; cg01693350, ¢gl19211915, ¢g09234616 and ¢gl3641903 (Figure 4.7 A/D/G/],
p<0.05, Student’s t-test corrected for multiple testing). Examining methylation levels through
least-squares regression showed that a large proportion of probes were aberrantly methylated
when comparing diagnostic to remission samples. After quality control measures were
considered, the replication cohort consisted of 63 new samples and 33 previously run samples,

for a total of 96.

When comparing the HM450K methylation of probes to the SEQUENOM output of the
validation cohort we found that each sample 1s highly correlated (Figure 4.7 B/E/H/K, R>0.8,
Pearson’s correlation coefficient). Results from the entire replication cohort (n=96) largely
validated findings from the original regression analysis. Three out of four CpG sites were
significantly differentially methylated (Figure 4.7 C/F/L, p<0.05, Student’s t-test) while
¢g09234616 did not successfully validate, however 1t did approach significance (Figure 4.7 1,
p=0.055, Student’s t-test). It should be noted that the replication of ¢g01693350 and
cg09234616 1 the SEQUENOM assay were both measured where another CpG site was
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incorporated mto the fragment, thus methylation output was an average of the two sites.
However, considering the correlation of these sites with their HM450K counterpart, it can be
assumed that these averaged CpG sites both individually correlated with one another and are

not significantly skewing the overall data.

Fach of these genes also had several other CpG sites surveyed that were not found on the
HM450K. For W'l a total of 52 CpG sites were interrogated, however after quality control
measures were considered, only 41 CpG sites remained. Several of these CpG sites are found
within a single fragment and had their methylation values averaged, therefore a total of 24 data
points (CpG units) were obtained from these two assays. All CpG sites showed that diagnostic
samples were hypermethylated compared to remission samples with an overall average AP of
17.0%. With the exclusion of CpG 39 and 43, all sites were significantly hypermethylated in

diagnostic samples (Figure 4.8, p<0.05, Student’s t-test).
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Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation between diagnostic and remission time points (n1=96). The mean is represented by
the coloured circle in the middle of the boxplot and outliers lay beyond the whiskers. Scatterplot show the original HM450K methylation on the y-axis and the
validation (SEQUENOM) methylation on the x-axis. Line of best fit (+95% CI) is added for both diagnostic and remission samples, however statistical analysis
(Pearson’s R) 1s undertaken on all samples combined. Figures A/B/C) shows a HM450K methylation boxplot between patient time points, scatterplot of correlation
between HM450K/SEQUENOM validation, and SEQUENOM methylation boxplot between patient time points, respectively, at cg01693350. Figures D/E/F) are as
above for ¢g19211915. Figures G/H/I) are as above for ¢g09234616. Figures J/K/L) are as above for cg13641903. All CpG sites were validated (p<0.05, Student’s t-
test), with the exclusion of ¢g09234616 which 1s approaching significance. All sites were highly correlated with their HM450K counterpart (R>0.8, Pearson’s correlation

coeflicient).
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Figure 4.8 Regional differential methylation in WT1 between diagnostic and remission AML samples

Line graph denoting the level of methylation of each CpG site assayed. Groups are split between diagnostic and remission samples and Student’s t-test was used to test
for significant differences between groups. Significance is shown as; ns= not significant, *=p<0.05, **=p<0.01, ***=p<0.001. All points are stated as the mean of the
group with SEM for error bars. Figure shows the methylation in W77 (n= 96) across 24 CpG sites. All sites were significantly differentially methylated (p<0.05,

Student’s t-test) with the exception of CpG 39 and 43.
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DGKG

DGKG emerged as a highly likely target to be mvolved in paediatric AML due to previous
studies suggesting it has epigenetically induced tumour suppressor properties (Kati,
Yamamoto et al. 2017). An assay was created to encompass as many previously identified
significant probes. This assay encompassed ¢g04391718 and ¢g24155429 within intron 21 of
the gene. Unfortunately ¢g04391718 was represented by a fragment containing two CpG sites,
thus an average of the two values were taken. After quality control measures were taken,
methylation of both HM450K samples and samples from the validation cohort (n=29)
showed that there was a high correlation of data between the two platforms (Figure 4.9 B/E,
R>0.9, Pearson’s correlation coefficient). Regression analysis of HM450K data revealed that
DGKG was hypermethylated in diagnostic samples compared to remission samples (Figure
4.9 A/D, p<0.05, Student’s t-test). Both probes were found to be significantly differentially
methylated between patient time points in the replication cohort (n=83), thus validating the

previous findings (Figure 4.9 C/F, p<0.05, Student’s t-test).

For DGKG, a total of 20 CpG sites were captured in one assay, however after quality control
only 10 CpG sites were accurately captured over 8 CpG units. All CpG sites captured i this
analysis were found to be significantly differentially hypermethylated i diagnostic samples
with an average AP of 27.09% (Figure 4.10, p<0.05, Student’s t-test). This suggests that DGKG
1s most likely a completely differentially methylated region and may be disrupted in

paediatric AML pathogenesis.
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Caption on next page.
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Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation between diagnostic and remission time points (n1=83). The mean is represented by
the coloured circle in the middle of the boxplot and outliers lay beyond the whiskers. Scatterplot show the original HM450K methylation on the y-axis and the
validation (SEQUENOM) methylation on the x-axis. Line of best fit (+95% CI) is added for both diagnostic and remission samples, however statistical analysis
(Pearson’s correlation coefficient) is undertaken on all samples combined. Figures A/B/C) shows a HM450K methylation boxplot between patient time points,
scatterplot of correlation between HM450K/SEQUENOM validation, and SEQUENOM methylation boxplot between patient time points, respectively, at
cg04391718. Figures D/E/F) are as above for 24155429. All CpG sites were validated (p<0.05, Student’s t-test) and were highly correlated with their HM450K
counterpart (R>0.9, Pearson’s correlation coefficient).
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Figure 4.10 Regional differential methylation in DGKG between diagnostic and remission AML samples

Line graph denoting the level of methylation of each CpG site assayed. Groups are split between diagnostic and remission samples and Student’s t-test was used to test
for significant differences between groups. Significance 1s shown as; ns= not significant, *=p<0.05, **=p<0.01, ***=p<0.001. All points are stated as the mean of the
group with SEM for error bars. Methylation is measured in DGKG (n=83) across 8 CpG units. All units were significantly differentially methylated (p<0.05, Student’s
t-test).
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ZNIS76P

ZNFS876P had one assay created for validation purposes. This assay encompassed a single
previously 1dentified significant CpG site, namely ¢g17201760 found within the 5’UTR of the
gene (Figure 4.11 A, p<0.05, Student’s t-test). Correlation analysis between HM450K and
SEQUENOM methylation data showed that there 1s little correlation between samples n the
validation cohort (n=29, Figure 4.11 B, R=0.28, Pearson’s correlation coefhicient). Despite this
lack of correlaton, MALDITOF-MS did find that there was a significant difference
methylation in the replication cohort (n=84, Figure 4.11 C, p<0.05, Student’s t-test). However,
the AP from the original analysis (48.3%) was much lower i the replication analysis (9.3%).
Considering the lack of correlation of samples run both on the HM450K and SEQUENOM,

there 1s potential of measurement error.

Opverall, 35 CpG sites were mterrogated for methylation. Following quality control 25 CpG
sites remained over 18 CpG units. We discovered that all of these CpG units were
hypermethylated in diagnostic samples with an average AB of 10.0%. This average 1s lower than
the other genes mainly due to the large amount of variation in methylation between individual
CpG sites. All sites, with the exclusion of CpG 1, 7, 16 and 17 were found to be significantly

differentially methylated (Figure 4.12, p<0.05, Student’s t-test).
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Figure 4.11 Validation of HM450K methylation using MALDI-TOF MS — ZNF876P

Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation between diagnostic and remission time points (n=84). The mean is represented by
the coloured circle in the middle of the boxplot and outliers lay beyond the whiskers. Scatterplot show the original HM450K methylation on the y-axis and the
validation (SEQUENOM) methylation on the x-axis. Line of best fit (t95% CI) is added for both diagnostic and remission samples, however statistical analysis
(Pearson’s correlation coefficient) is undertaken on all samples combined. Figures A/B/C) shows a HM450K methylation boxplot between patient time points,
scatterplot of correlation between HM450K/SEQUENOM validation, and SEQUENOM methylation boxplot between patient time points, respectively, at
cgl17201760. This CpG site was validated (p<0.05, Student’s t-test) however this was not highly correlated with their HM450K counterpart suggesting that this may yet
be a false positive despite validation (R=0.28, Pearson’s correlation coefficient).
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Figure 4.12 Regional differential methylation in ZNF876P between diagnostic and remission AML samples

Line graph denoting the level of methylation of each CpG site assayed. Groups are split between diagnostic and remission samples and Student’s t-test was used to test
for significant differences between groups. Significance 1s shown as; ns= not significant, *=p<0.05, **=p<0.01, ***=p<0.001. All points are stated as the mean of the
group with SEM for error bars. Methylation measured in ZNF876P (n=84) across 18 CpG units. All units were significantly differentially methylated (p<0.05, Student’s

t-test) with the exception of CpGl, 7, 16 and 17.
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4.5 Replication of Differential Methylation in a
Combined AML Cohort: A Pooled-Analysis

4.5.1 DNA Methylation Profiling to Identify AML Signatures

Unsupervised analyses were undertaken on the combined Australian and TARGET cohorts
(n=298 total samples, diagnostic = 171, remission = 103, healthy = 24). Principal components
analysis validated the findings in the Australian cohort as PC1 (containing the majority of
variation within the combined dataset) was primarily due to differences between diagnostic and
matched remission samples, accounting for 19.4% of total varation (Figure 4.13). PC2,
accounting for 9.7% of the variation found 1n the dataset, was attributed to the differences
between the diagnostic/remission and healthy control samples which is likely indicative of age
of sample. While close to 30% of variation can be attributed to differences in sample time point

that still means that 709% of variation may be due to other unidentified factors.
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Figure 4.13 Unsupervised principal components analysis of diagnostic and remission AML
and healthy adult bone marrow samples in a combined cohort

Beta values from all 373,253 remaining probes from the HM450k across 298 samples were used in a PCA to
determine sources of variation in the dataset. The variation in PC1 (accounting for 19.49 total variation) can be
partially attributed to differences between matched diagnostic and remission samples. Variation in PC2
(accounting for 9.7% total variation) 1s partially defined by age of sample (adult vs paediatric). The larger circle,
square and triangle represent their respective group means and ellipses drawn around these averages are defined
by 0.95 confidence interval.

Least squares regression analysis was utilised using the statistical package RUVm and 1identified
1622 differentially methylated probes (DMPs, Benjamini-Hochberg adjusted p<0.05) between
diagnostic and non-AML samples. Of these DMPs, 878 of them were found m both the
Australian only and combined analyses, therefore 744 were newly revealed by the pooled-
analysis. Figure 4.14 shows the top differentially methylated probes derived from unsupervised
hierarchical clustering, revealing clear separation between diagnostic AML samples from

remission and healthy, control bone marrow. Comparing these findings to the Australian

cohort only analysis, we do find that there 1s a lowered ability to distinguish samples, however
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this 1s due to the lowered number of significant probes found in the pooled-analysis and the
differing timings of remission samples taken between the two cohorts. Most importantly this
further validates the notion that the most important source of variation in the DNA methylome
1s derived from blast cell composition (cancer vs. non-cancerous sample) as opposed to other

confounding factors such as age, sex or differences between cohorts.
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Figure 4.14 Heatmap of beta values across the 1622 highest ranked differentially

methylated probes associated with sample time point in a pooled cohort
Heatmap with the y-axis representing 1622 differentially methylated CpG sites while the x-axis shows 298 patient
samples where both are ordered by hierarchical clustering as depicted by the dendrograms. This heatmap shows
that DNA methylation can somewhat accurately distinguish diagnostic AML bone marrow (red) from remission
(blue) and healthy (yellow) adult bone marrow samples. Patient cohort has little influence upon the top
differentially methylated probes.
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4.5.2 Genes Differentially Methylated in Diagnostic AML
Samples — A Pooled-Analysis

Validation of differential gene methylation as described in Section 4.3.2 was undertaken in the
combined Australian and TARGET cohorts. The previously identified probes in W77,
DGKG, ZSCANI and ZNFS76Pwere again interrogated for DNAm differences. A total of 14
probes within W71 were validated and found to be statistically significant after correcting for
multiple testing (AP 38.8%, Figure 4.15A, Benjamini-Hochberg adjusted p<0.05). The two
differentially methylated regions remained mtact despite the loss of 9 significant probes when
compared to previous analyses. Again, these DMRs were found to be i previously identified
regions of differential methylation (Doi, Park et al. 2009) and also within enhancer regions of

the gene.

The previously identified DGKG DMR was found to have four significantly differentially
methylated probes in the combined analysis (Figure 4.15B, Benjamini-Hochberg adjusted
p<0.05) with an average AB of 49.8%, an effect size decrease of 5% from the previous analysis.
Three probes in ZSCAN/ validated from the original findings, with an average AB of 48.5%,
an increase in effect size AP from the 438.29% previously found (Figure 4.15C, Benjamini-
Hochberg adjusted p<0.05). Only two out of four ZNF8760P probes validated, however due to
their distance from one another, the linked DMR was no longer present (Figure 4.15D,
Benjamini-Hochberg adjusted p<0.05). The average AB of the remaining significant probes

was 41.49%, down 4.2%.

Novel genes were also 1dentified in this analysis including Meiotic Recombination Protein
(RECY and Iroquois Homeobox 1 (/RX 7). RECS 1s involved 1n the structural maintenance of
chromosomes during meiosis, regulating sister chromatid cohesion and recombination
(Garcia-Cruz, Brieno et al. 2010). A total of 8 probes in RECS were hypermethylated with an
average AB of 38.5% (Figure 4.15E, Benjamini-Hochberg adjusted p<0.05). One DMR was
discovered localised to the transcription start site and 5’UTR region of the gene. Three of the
associated probes were found to be in sites of DNAse hypersensitivity and another two in an

enhancer region.
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IRX1 1s a homeobox gene encoding for IRX1, involved in pattern formation in the embryo
and previously implicated m tumour suppression in gastric, head and neck cancers (Guo, Liu
et al. 2010). Five probes identified as differentially hypermethylated in diagnostic cases
compared to non-AML samples, with an average AB of 25.9% (Figure 4.15F, Benjamini-
Hochberg adjusted p<0.05). Together, these probes created a single DMR with four adjacent

probes being differentially methylated in a region of DNase hypersensitivity (Consortium

2012).
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Figure 4.15 Circular heatmaps indicating DNA methylation levels in diagnostic, remission
and control samples of all probes within identified genes of interest after

pooled-analysis
Caption on next page.
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Circular heatmaps shows DNA methylation at each probe that is found in the gene or within 1500 base pairs of
the associated untranslated regions (n=131 samples). Inner circles identify the geographical position of any given
probe in the gene (not to scale). Methylation levels are depicted by a spectrum of colour, with completely
unmethylated probes dark blue while complete methylation is represented by dark red. Significantly differentially
methylated probes are indicated by asterisk (p<0.05, Student’s t-test). Differentially methylated regions (DMRs),
are indicated by blue wedges. Enhancer regions or regions of DNase hypersensitivity found within DMRs are
indicated by the outer green line as defined by ENCODE and Dot et al. (Doi, Park et al. 2009; Consortium 2012).
A) Methylation levels at 57 WT'I probes. 14 probes were identified to be significantly differentially methylated
across two DMRs with an average AB of 38.8%. B) Methylation levels at 26 DGKG probes. Four probes were
identified to be differentially methylated across one DMR with an average AB of 49.8% C) Methylation levels at
20 ZSCANI probes. Three probes were identified to be significantly differentially methylated across one DMR
with an average A of 48.5%. D) Methylation levels at nine ZNF876P probes. Two probes were 1dentified to be
significantly differentially methylated with an average AB of 41.4%. The differentially methylated region was
unable to be validated. E) Methylation levels at 15 RECS probes. Eight probes were identified to be differentially
methylated across one DMR with an average A of 38.5%. F) Methylation levels at 16 ZRX/ probes. Five probes
were 1dentified to be differentially methylated across a single DMR with an average A 0f25.9%.
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The top individual probes are identified in Table 4.2 by regression analysis as defined by
Benjamini-Hochberg adjusted p-value. These include SERINC? (Benjamini-Hochberg
adjusted p=1.32*10", Figure 4.16A), LPHNI (Benjamini-Hochberg adjusted p=2.48*107,
Figure 4.16B), FBRSLI (Benjamini-Hochberg adjusted p=5.26*10", Figure 4.16C), TREX]
(Benjamini-Hochberg adjusted p=5.26*107, Figure 4.16D), MAFG (Benjamini-Hochberg
adjusted p=5.26"107, Figure 4.16F), XRCCS, (Benjamini-Hochberg adjusted p=5.7*107,
Figure 4.16G), BSGNTLI (Benjamini-Hochberg adjusted p=7.5"10", Figure 4.16H), and
BTBDS3 (Benjamini-Hochberg adjusted p=1.07*10", Figure 4.16I). Overall we find that only
17 probes remain within the top 100 significantly differentially methylated probes list when
compared to discovery analysis. While findings were still inflated i this study (A = 1.31),

mflation was reduced, largely due to the increase in sample numbers.

Looking at the individual top differentially methylated probes illustrates two things. The first
being, like the previous analysis, that the differences between diagnostic compared to non-
AML bone marrow is the primary source of variation in the data. Secondly, we still find that
not all diagnostic samples have similar behaviour at any given CpG site suggesting that there
are site specific aberrant DNAm associated with particular subsets of diagnostic samples. This
variance found in diagnostic samples 1s also found in remission and control samples, however
the total variance of these samples 1s smaller than that of diagnostic samples. While remission
and control bone marrow samples seem uniform in their methylation compared to diagnostic
samples, there are examples such as Figure 4.16B and Figure 4.16G where we found that
DNAm differences were driven by remission or control sample variation as opposed to
diagnostic AML methylation. Comparing these probes to the discovery cohort analysis we find

that only one probe (cg08173263) remains highly significant in pooled-analysis.
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Table 4.2  Top 100 probes as defined by least squares regression analysis comparing AML
to non-AML bone marrow samples in a pooled-analysis

Probe ID  Gene Adusted - Ag | Probe ID  Gene Adusted p- 1
value value

cgl7086398  SERINC2 1.32E-08 -0.363 cgl3918150 1.32E-05 0.301
cg08173263 LPHNI1 2.48E-07 -0.219 cg07766263  SLC7A14 1.35E-05 0.404
cg20454518  FBRSLL1 5.26L-07 -0.366 cg09523782  WIPI2 1.35E-05 -0.199
cg09882118  TREX1 5.26E-07 -0.130 cgl05649018  TLL2 1.38E-05 -0.174
cg07504763 5.26E-07 0.377 cg23181580 1.47E-05 0.465
cg09489844  MAFG 5.26L-07 -0.186 cg08813888 1.48E-05 -0.164
cg12798040  XRCC3 5.70E-07 -0.111 cg04304450  BIK 1.48E-05 -0.220
cgl5727507  B3GNTLI 7.50E-07 -0.204 cg02286506 1.67E-05 0.216
cg05822633  BTBD3 1.07E-06 0.482 cg08310363  MIR181C 1.70E-05 0.239
cgl8158306  FBRSL1 1.07E-06 -0.286 cgl9637821  FBRSL1 1.91E-05 -0.246
cg04682802 BTBD3 1.18E-06 0.477 cgl5131146  MANICI 2.51E-05 -0.222
cg09560590  HMHBI 1.37E-06 -0.255 cgl7714703  UHRF1 2.87E-05 -0.301
¢g22602105  SPONZ2 1.37E-06 0.232 cg09924848  FAMH>3B 2.96E-05 -0.330
cg04153882  WIPI2 1.37E-06 -0.133 ¢g24039042 2.98E-05 -0.225
cg00989249  N4BP3 1.39E-06 -0.185 cg01908551  METRNL 3.20E-05 0.148
cgl7822325  SERINC2 1.53E-06 -0.344 cg21865657  PIP5KIC 3.33E-05 0.319
cg01766850 1.56E-06 -0.197 cg08466792 3.68L-05 0.280
cg01395047  TLR9 1.56E-06 -0.214 cg11254700 3.85E-05 0.629
cg06791426  FBRSL1 1.56E-06 -0.246 ¢g24488469 3.98L-05 -0.159
cgl6145216  HIVEP3 2.14E-06 -0.315 cg11682724 4.02E-05 -0.273
¢g24049493  HIVEP3 2.19E-06 -0.375 cg03741653 BMPI 4.07E-05 0.166
cg05251389  BIK 2.26-06 -0.204 cg04252928  ACSF3 4.07E-05 -0.177
cg18482892  ARHGEF3 2.29E-06 0.220 cgl3696706  DAB2IP 4.07E-05 -0.217
cg06585708 2.29E-06 0.230 ¢g20204986  WT1 4.36E-05 0.218
cgl1084334  LHFPL4 2.29F-06 0.368 cg00161791 4.42F-05 -0.192
¢g26606789 2.29F-06 -0.106 cgl5084543  ELTDI 5. 11E-05 0.620
cgl1625488 2.29F-06 -0.263 cg02228160 HMHBI 5. 11E-05 -0.299
cg13827209  TGIBRI 2.80E-06 -0.235 cg00715696  KIAA0182 5.11E-05 -0.165
cg06426416  LEVC2 2.80E-06 0.269 €g22533573  WT1 5.19E-05 0.376
cg00346883  PLA2G15 3.00E-06 -0.252 ¢g26926221  UTRN 5.27F-05 -0.155
cgl2761472 3.75E-06 0.169 cg09695430  WT1 5.64E-05 0.281
cgl4012925 CUXI1 3.98L-06 -0.192 cgl7280346  ZIC1 5.70E-05 0.521
cg10312186 3.98E-06 -0.263 cgl3544075  LCNG6 6.86L-05 -0.266
cg02325250  CSF2 3.98L-06 0.238 cg21121843 HTT 8.28L-05 0.200
cg02158978  FBRSLI 4.23E-06 -0.311 cgl8125510  WARS 8.29E-05 0.172
cgl4192259 4.79E-06 -0.115 cg22108374  CCDC33 8.56L-05 0.297
cg06065019 4.79E-06 -0.222 cg12999267 8.74E-05 -0.147
cg26838949  KIF21B 4.79E-06 0.206 cgl0678215 HMHBI1 9.76LE-05 -0.250
cg19900821 4.87E-06 -0.290 cg02505827  MARVELDZ2  9.80LE-05 0.370
cg22539182 8.17E-06 -0.282 cg08996521  CISH 0.00010107 0.243
cg27630153  FAM38A 9.59E-06 -0.253 cg01294808  IRX1 0.00010107 0.485
cgl7232357 SMADG 1.03E-05 0.164 cg04225775 HMHBI1 0.00010107 -0.230
cg01669161 1.06E-05 -0.216 cgl6536330  LEPROTLI 0.00010107 0.177
cg05135521  RBMSI1 1.11E-05 0.290 cgl3437554  OAZ1 0.00010107 -0.118
cgl8062140 RBM38 1.14E-05 -0.208 cg22576236  SPON2 0.00010107 0.274
cgl5743533  FAMI10A 1.17E-05 0.231 cg06729532 0.000101091 0.211
cg06699555 1.17E-05 0.249 cg03880642  SH3PXD2A  0.000111944  -0.199
cg03978682  ARLL1)S 1.17E-05 0.290 cg03372852  LILRP2 0.000111944  -0.171
cg18686153 1.17E-05 -0.201 cg25002788  SPON2 0.000111944  0.319
¢g23450038 1.17E-05 0.386 cg08404702  TSC2 0.000120421 -0.295

*Adjusted p-value calculated by Benjamini-Hochberg method.
AB = Difference in methylation calculated as AML average minus non-AML average
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Figure 4.16 Boxplots of the most significantly differentially methylated probes between
diagnostic and non-AML bone marrow samples after pooled-analysis

Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation between patient bone marrow

biopsy time points (1=298). The median 1s represented by the line in the middle of the boxplot while outliers lay

beyond the whiskers. Probes were identified as the most statistically significant DMPs (Benjamini-Hochberg

adjusted p<=1.07710"). Probes identified can be attributed to the genes A) SERINCZ, B) LPHNI, C) FBRSLI,

D) TREX], E) Intergenic region, F) MAFG, G) XRCC3H) BSGNTLI, 1) BTBDS.
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4.5.3 Pathway Analysis

Pathway analysis was undertaken on the previously 1dentified differentially methylated probes
found 1n the regression pooled-analysis. Again, utilising the GOmeth package m R, we
identified 19 gene ontology terms that were associated with the 1622 probes in the analysis
(p<0.05, FDR adjusted). This was further refined using the Reduce + Visualise Gene Ontology
(REVIGO) software where a total of eight GO umbrella terms were 1dentified. Cytoscape
software 1dentified that four of these terms were linked to one another, strongly centred on cell
communication, signalling, transduction and development, all of which were highly significant
in the discovery pathway analysis too. Other processes 1dentified include biological adhesion,
homophilic cell adhesion and developmental processes. This suggests that cell communication,
adhesion and development are all systems that are targeted and aberrantly methylated in the
development of paediatric AML. Adhesion and cell communication were the most commonly

found GO terms 1n this analysis.
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Figure 4.17 REVIGO gene ontology network associated with 1622 differentially methylated
probes identified in a diagnostic vs remission regression analysis

REVIGO gene ontology reduction identified eight different GO terms associated with the 1622 significantly

differentially methylated probes derived from regression analysis. Log. p values are shown for each GO term to

indicate the significance of the number of probes that are associated with that term appearing by chance. Cell

signalling and transduction, along with developmental processes dominate the GO terms associated with

aberrantly methylated probes identified in this analysis.
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4.6 |dentification of Differential DNA Methylation
Associated with Patient Relapse

4.6.1 Methylation Profiling of Diagnostic and Matched
Relapsed Bone Marrow Samples

Several studies have revealed variation in DNAm patterns in matched diagnostic and relapse
samples for a range of adult onset cancers, raising the possibility that epigenetic variation plays
a role in the disease progression and relapse (Garcia-Manero, Bueso-Ramos et al. 2002;
Kroeger, Jelinek et al. 2008; Jiang, Dunbar et al. 2009). In order to test this in paediatric AML
the pooled-analysis sample cohort was refined to patients who had both a diagnostic and
matched relapse sample. The resulting cohort had 53 patients at each disease stage totalling
106 samples. Unsupervised analyses including PCA was utilised to identify factors contributing
to variance within the dataset. Plotting PC1 (15.49 of total variation) and PC2 (9% of total
variation) against one another revealed little difference between diagnostic and relapse samples
(Figure 4.18). Further analysis of other principle components also failed to 1dentify relapse
status as a major source of variation in the dataset. While the data does suggest little difference
between diagnosis and relapse, regression analysis was still undertaken to elucidate any

mdividual probes that may be driving subtle levels of currently undetected variation in the data.
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Figure 4.18 Unsupervised principal components analysis plot defining diagnostic from

relapsed bone marrow samples in a pooled cohort
Beta values from all 373,253 probes from the HM450k across 106 bone marrow samples (53 matched diagnostic
vs relapse AML) were used in a PCA to determine sources of variation in the dataset. The variation in PC1
(accounting for 15.4% total variation) and PC2 (accounting for 9% total variation) failed to distinguish any
differences between matched samples. The larger circle, square and triangle represent their respective group
means and ellipses drawn around these averages are defined by 0.95 confidence interval.

Regression analysis was undertaken on all 53-paired diagnostic and relapsed samples revealing
341 DMPs (unadjusted p<0.05, Student’s t-test). Of these, 191 remained significant once
accounting for multiple testing (Benjamini-Hochberg adjusted p<0.05). Utilising all probes in
hierarchical clustering showed no capacity to distinguish diagnostic and relapsed samples.
Hierarchical clustering of the 50 most significant probes (Figure 4.19) revealed some (albeit
limited) capacity to separate diagnostic and relapse samples. Two major groups were 1dentified,
the first containing 27 diagnostic samples with 8 relapsed samples, and the second 45 relapsed

samples with the 26 diagnostic samples.
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Figure 4.19 Heatmap of beta values across the 50 highest ranked differentially methylated

probes between diagnostic and relapse samples by p-value
Heatmap with the y-axis representing 50 differentially methylated CpG sites while the x-axis shows 106 patient
samples where both are ordered by hierarchical clustering as depicted by the dendrograms. This heatmap shows
that DNA methylation can be somewhat distinguish diagnostic AML bone marrow (red) from relapse (yellow)
bone marrow samples.

The genes associated with top-ranked probes identified by regression analysis icluded
CAMKK? (Benjamini-Hochberg adjusted p=6.59*10", Figure 4.20A), ITGAM (Benjamini-
Hochberg adjusted p=1.2810", Figure 4.20B), LPHNI (Benjamini-Hochberg adjusted
p=2.1810", Figure 4.20C), PEARI! (Benjamini-Hochberg adjusted p=2.55*10", Figure
4.20D), ACSF3 (Benjamini-Hochberg adjusted p=2.55*10", Figure 4.20F), SMAD6
(Benjamini-Hochberg adjusted p=5.12*10", Figure 4.20G), MIR146B (Benjamini-Hochberg
adjusted p=5.12*10", Figure 4.20H), and two probes found in intergenic regions (Benjamini-
Hochberg adjusted p=2.54*10"/5.56* 10", Figure 4.20E/]).
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Figure 4.20 shows that while there 1s a large amount of variation in the diagnostic and relapsed

samples, there 1s still a notable disparity in the average methylation at several CpG sites.
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Figure 4.20 Boxplots of the most significantly differentially methylated probes between

diagnostic and relapsed bone marrow samples in a pooled-analysis
Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation between patient bone marrow
biopsy time points (n=106). The median is represented by the line in the middle of the boxplot while outliers lay
beyond the whiskers. Probes were identified as the most statistically significant DMPs (Benjamini-Hochberg
adjusted p<=5.56"10"). Probes identified can be attributed to the genes A) CAMKKZ, B) ITGAM, C) LPHNI,
D) PEARI, E) Intergenic region, ¥) ACSFS3, G) SMADo6, H) MIR146B, 1) Intergenic region.
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4.6.2 Pathway Analyses

Pathway analysis utilising the GOmeth package in R was undertaken on the genes associated
with 191 CpG sites 1dentified to be differentially methylated. Of all possible terms available,
617 GO terms were found to be enriched in this analysis (p<0.05), however, unsurprisingly
none of these were significant after correction for multiple testing. REVIGO was utilised to
reduce redundant GO terms and found that the 617 significant GO terms could be reduced to
56 (p<0.05). Cytoscape visualised this network and found that each node was linked to at least
six different alternative GO terms (Figure 4.21). Description of GO terms that were particularly
enriched once again included signalling pathways. Negative regulation of msulin receptor
signalling as well as cell surface receptor signalling were highly enriched. Maternal aggressive
behaviour, cell migration and negative regulation of myotube differentiation round out the top

five GO terms found.
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Figure 4.21 REVIGO gene ontology network associated with 342 differentially methylated
probes identified in a diagnostic vs relapse regression analysis

REVIGO gene ontology reduction identified eight different GO terms associated with the 342 significantly

differentially methylated probes derived from regression analysis. logn p values are shown for each GO term to

indicate the significance of the number of probes that are associated with that term appearing by chance. Negative

regulation of insulin receptor signalling, and cell migration dominate the GO terms associated with aberrantly
methylated probes 1dentified in this analysis
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4.7 Discussion

One of the main challenges in the appropriate personalised treatment of paediatric AML 1s the
array of pathogenic pathways that are disrupted in association with disease. While similar to
adult AML 1in many ways, epigenetic alterations are largely specific to each age group, raising

the possibility of pathogenic mechanisms that may be unique to paediatric AML.

The overarching aim of this study was to identify aberrant DNAm differences between
diagnostic and remission samples of patients who have AML. We hypothesised that there
would be a multi-probe DNAm signature associated with AML when compared to matched
remission samples. Furthermore, we also hypothesised that of the probes within this signature,
several would be 1n genes potentially involved i disease pathogenesis through either gene
silencing or upregulation. Finally, we predicted that patients with a recurrence of AML would

have subtle changes to their methylome, revealing novel genes associated with poor outcome.

A genome-wide approach was applied specifically to an Australian discovery cohort followed
by a pooled-analysis of the combined Australian and TARGET study cohorts. We sought to
identify aberrant DNAm signatures between diagnostic and remission AML samples so that
these differences may be used to elucidate functional and targetable pathways for disease

pathogenesis and treatment.

4.7.1 Interrogation of Genome-Wide DNA Methylation Reveals
Differential Signature Associated with Paediatric Acute
Myeloid Leukaemia

It 1s well known that aberrant DNAm plays an mtrinsic role in AML pathogenesis, with several
key pathways being implicated in progression or imitiation of disease (Toyota, Kopecky et al.
2001). While the mncidence of mutation in epigenetic modifying genes is well described, we are
only beginning to understand the downstream effects that these mutations are having on both

individual genes and the global methylome.
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The Cancer Genome Atlas was one of the first comprehensive studies of DNAm i a pan-
leukaemic manner. They discovered that DNAm patterning was dependent upon the profile
of mutations in epigenetic modifying genes (The Cancer Genome Atlas Research 2013).
Expression of these genes was highly concordant for mRNA, miRNA and was associated with
methylation at ‘open-sea’ regions of the genome n acute promyelocytic leukaemia, suggesting
that previously unknown regulatory relationships may exist between these molecular groups
(The Cancer Genome Atlas Research 2013). More recent studies have continued looking into
the effects of DNAm and have discovered that aberrant methylation 1s often found at regulatory
elements of the genome 1n association with tumour suppressor gene silencing (Qu, Siggens et
al. 2016). Furthermore, the functional relevance of these aberrant signatures in adults are
beginning to emerge. For example, where DNAm at HOXA4/5 genes 1s implicated in therapy

resistance (Elias, Azlan et al. 2018).

The extent to which studies on adult AML apply to paediatrics 1s still largely unknown,
primarily due to a lack of research mto the field. However, it 1s known that the incidence of
epigenetic modifier gene mutation 1s quite rare in the paediatric AML population (Ho, Kutny
et al. 2011). While several studies have interrogated DNAm in paediatric AML, very few take
a pan-leukaemic approach to their studies. One such study found that there are several CpG
sites that are differentially methylated in diagnostic samples, compared to day 14, post-
treatment remission bone marrow samples (Bolouri, Farrar et al. 2017). WNT pathway
regulators such as DKK 1, TLEI, SFRP4/5, SMAD1/5, AXINZ, WIFI, FZD3and HESI were
all found to be deleted or aberrantly methylated in diagnostic samples, along with repression

of other genes such as ULBP1/2/3, totalling 119 differentially methylated and expressed genes.

In our study, regression analysis 1dentified 4219 differentially methylated probes (Benjamini-
Hochberg adjusted p<0.05) with donor and remission bone marrow clustering together.
Hierarchical clustering also suggests that while remission samples are more closely related to
healthy bone marrow than diagnostic samples, there 1s a distinct difference between these two
groups, suggesting that remission samples may be n a state of repair before becoming truly
healthy again. However, it 1s possible that this distinction may be due to the donor marrow

being sourced from an adult, cell sorted population as opposed to a paediatric source.
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Upon addition of the TARGET cohort, the original DNAm signature of 4219 probes was
refined to 1622 probes, with around half of these probes found to be shared between both
sample analyses. Furthermore, with the inclusion of around 800 new probes to the refined
DNAm signature, we were able to 1dentify new aberrantly methylated genes and regions that
were previously undetected. While the revised signature does utilise less probes to separate
samples, 1t was unable to differentiate samples as effectively as the discovery cohort alone. This
mability to distinguish sample types may be due to the difference between day 14 and post-

treatment bone marrow samples, likely pertaining to induction therapy induced changes.

Minimal evidence for any of the differential methylation previously described i the pan-
leukaemic study of Bolouri ef al. (Bolouri, Farrar et al. 2017) was observed. However, there
were several analytical differences between studies, such as differentially methylated genes only
being reported when in combination correlated expression differences. Six genes were
identified as differentially methylated in both analyses, including CDKNI1C, RGSZ, TALI,
TEAD4, WDR35 and ZFPM 1. Another study conducted by Lamba et al., identified 50 genes
that showed evidence for both differential methylation and mRNA expression change (Lamba,
Cao et al. 2018). Of these, we i1dentified four genes; DNM1T3B, LSPI, SOX15 and FCGRT,

that are consistently differentially methylated.

A gene previously identified as a differentially methylated gene, DLUEZ (Morenos 2014), did
not replicate in the current study, however this may be due to the enrichment of M5 AML
(FAB subtype), suggesting a subtype-specific effect occurring. However, miR-663 (Yan-Fang,
Jian et al. 2013) was also identified as differentially methylated in this study, with three
mdividual CpG sites being identified as significantly differentially methylated. At present
however, there 1s no specific CpG site information from the TCGA adult AML dataset alowing
for comparison between studies. While this analysis validates several findings in other studies,

we also challenge published findings in other datasets.
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4.7.2 Pathways Showing Epigenetic Disruption Associated with
Paediatric Acute Myeloid Leukaemia

To further explore the potential cellular pathways impacted by aberrant DNAm 1dentified
here, we firstly sought to validate candidate genes that were previously identified as differentially
methylated. CpG sites and genes were selected for further testing if; they had multiple probes
within a single gene, were found in regulatory regions such as enhancers or promoter regions
as 1dentified by the ENCODE consortium (Consorttum 2012), had a large effect size and/or
had previously been implicated in a pathway associated with AML pathogenesis. The genes
fitting these criteria were W71'I, DGKG, ZSCANI, IRX1 and RECS. ZNF876P was also
originally 1dentified as differentially methylated, however largely failed to replicate, thus 1t will

not be discussed.
Wi

In our study we found 14 validated probes in W71 to be significantly hypermethylated mn
diagnostic samples, with several of these found in enhancer regions, however the majority were
found to be within introns of the gene. This 1s in line with previous studies into adult AML and
other forms of cancer that show W77 has a hypermethylated profile in the promoter region
(Loeb, Evron et al. 2001; Melki and Clark 2002). Furthermore, this research shows that
hypermethylation not only of wt-W7T'1, but of alternative transcripts (A W7'1) also exists which
has been shown to be a potent biomarker of disease (El Bordiny, Al-Ghandour et al. 2018).
Studies in adults have shown that despite this hypermethylation, W'T'1 1s still highly expressed
and 1s considered a marker of poor patient outcome (Trka, Kalinova et al. 2002; Yang, Han et
al. 2007). Considering this trend mirrors research in the adult field of AML, it is reasonable to
assume that expression 1s similar in paediatric AML, however further studies are required.
While this may seem counter-intuitive, previous studies have shown that an anti-sense W7/
(WTI-AS) transcript, sharing a promoter region with an alternative transcript of W77
(AWT1), 1s methylation-dependant and found within the 1" intron of W77 (Dallosso,
Hancock et al. 2007). This transcript positively regulates wild-type W7'I, therefore aberrant
methylation of W7T7-AS could have downstream effects upon W71 expression, ultimately

leading to contribution to malignancy (Dallosso, Hancock et al. 2004). Furthermore, W71 /-AS



has been shown to promote cell proliferation and invasion in other forms of cancer (Du, Zhang
et al. 2016). Future studies would do well to research into W77-AS and enhancers regions
downstream of W71 would be necessary as previous findings suggests this truly regulates W77

expression (Furuhata, Murakami et al. 2009).

DGKG

In our study we found that four validated probes within DGKG were hypermethylated in
diagnostic samples compared to controls, with an average A of 49.8%. Five of these probes
are found 1n an enhancer region of the gene and within a site of open chromatin. This suggests
that while DGKG'is in an open reading frame, it 1s being suppressed by DNAm in AML. This
1s the first report of DGKG being hypermethylated in paediatric AML, however it is commonly
found to be hypermethylated in paediatric acute lymphoblastic leukaemia (Figueroa, Chen et
al. 2013; Chatterton, Morenos et al. 2014). Ramos er al. found this gene to also be
hypermethylated mm many different stages of malignant haematopoietic differentiation
suggesting that this 1s an early onset event and may play a role n initiation of leukaemogenesis
opposed to progression of disease (Ramos, Ramos et al. 2018). In murine colorectal cancer,
hypermethylation of DGKG has shown to also be a common finding and could be corrected
through b-azacitidine treatment (Kai, Yamamoto et al. 2017). This supports our discovery of
aberrant methylation found mn paediatric AML and further solidifies the notion of DGKG

having therapeutically targetable tumour suppressor properties.

ZSCANI

The zinc finger and SCAN domain containing 1 (ZSCANI) gene was also 1dentified due to the
affected region, number and magnitude of differential methylation of the probes identified in
regression analysis. This gene had an average A of 43.2% across three adjacent probes within
the promoter region of the gene, including one probe in the top 10 most significantly
differentially methylated probes. ZSCANI function 1s still being uncovered, however it has
been suggested that it 1s involved n transcription factor activity and transcriptional regulation.

Furthermore, this gene has been previously 1dentified as differentially methylated and 1s a

cancer-related DMR (Boers, Wang et al. 2016). Studies into adult AML have shown that



differential methylation does exist in this gene (Figueroa, Lugthart et al. 2010; Qu, Lennartsson
et al. 2014) and potentially correlates with gene expression (Geyh, Rodriguez-Paredes et al.
2018), although numbers used in this study for expression analysis are low and may have several
false positives. This supports the notion that ZSCANI 1s involved n carcinogenesis, likely i
an nitiating role. This also supports the 1dea of zinc finger genes being integral to AML
pathogenesis and are likely targets for aberrant DNAm. Further studies would need to be
conducted to elucidate the true function of this gene in context of AML and larger sample sizes

for correlation between aberrant methylation and expression.

RECS

Meiotic recombination protein (RECS) boasted an average AR 38.5% across eight probes,
primarily localised around the TSS and enhancer region of the genes. Considering the
localisation of the probes and that they are within a DNase hypersensitivity region it 1s likely
that DNAm may play a role in maintenance of expression. RECS 1s an interesting target as the
primary function of this gene, along with other genes in sister chromatid cohesion complex,
however previous studies have shown that RECS does have tumour suppressor properties
associated with clonogenicity, cell viability and cell cycle progression (Yu, Liang et al. 2017).
Previous studies have also identified RECS as hypomethylated in leukaemic stem cells, and
hypermethylated in blast cells (Jung, Dai et al. 2015). While this does suggest that there 1s
epigenetic regulation involved with RECS, the functional effect of aberrant expression,

particularly in a temporal context, remains to be discovered in AML.

IRX1

Iroquois Homeobox 1 (/RX/) is a tumour suppressor gene commonly found altered in
head/neck and gastric cancers (Guo, Liu et al. 2010; Demokan, Chuang et al. 2014). IRX/ was
found to have an average AP of 25.9% across five probes creating a singular DMR within a
region of DNase hypersensitivity. With several cancers reporting aberrant DNAm supressing
expression of JRX1 it 1s likely that this homeobox gene 1s also being regulated by methylation
in paediatric AML (Bennett, Karpenko et al. 2008). More recent studies have shown that /RX/

induces transcription of HOX genes that are normally downstream targets of signalling



pathways such as ¢-KI'T and Wnt in MLL-AF4 ALL (Kiithn, Loscher et al. 2016). Conversely,
they find that overexpression of ITRX/ is associated with poorer patient outcome. Further

studies will need to be conducted to find the functional benefit of having this gene aberrantly

expressed in AML.

These probes identified could be useful as a biomarker of disease in the paediatric setting,
particularly W7'I, as aforementioned studies have shown its utility m adults already.
Unfortunately, individual probes may not be as useful to distinguish disease as several of these
probes have large variance in their methylation, which 1s suggestive of subtype-specific effects
(Figueroa, Lugthart et al. 2010; Qu, Lennartsson et al. 2014). These subtype-specific effects

will be explored in more detail in the following chapter.

Finally, 191 probes were 1dentified as significantly differentially methylated between diagnostic
and matched relapse samples. Restricting results to the top 50 probes allowed for the greatest
split between samples in unsupervised analysis. However, clustering showed a large amount of
overlap between samples types as 1s to be expected when comparing between matched cancer
samples. Top probes that were 1dentified include CAMKKS, SMADO6 and miR146B further
evidencing the potential signal cascade and micro-RNA pathways involvement in AML
progression (Teng, Racioppi et al. 2011; Wang, Chen et al. 2017). This analysis was fairly
underpowered and therefore a massive increase in sample size would be necessary to elucidate

the subtle difference between matched diagnostic/relapse samples i future studies.

In summary, we have demonstrated that there 1s a widespread DNAm disparity between
diagnostic and healthy bone marrow samples in the largest paediatric AML cohort pooled-
analysis to date. Signatures associated with disease as well as aberrant methylation i multiple
genes have been 1dentified and validated in a combined cohort as being potentially
epigenetically regulated and serve as biomarkers of disease. Finally, we have also identified
several aberrantly methylated probes that may be mvolved in the progression of disease from

original diagnosis to relapse. All of these findings will necessitate further studies to corroborate
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correlated expression and potential functional roles in paediatric AML before potentially being

utilised as a therapeutic target.

4.7.3 Limitations and Future Directions

The major limitation for this study was the potential confounding factor of cell heterogeneity
and lack of blast count data on many samples. This results in average methylation values of
cancerous and non-cancerous cells in what 1s assumed to be a pure cell population. While
many samples are purely AML (>90% blast count), missing blast-count data on some
diagnostic samples may have impacted findings as the sample may be impure. Furthermore,
due to the archival nature of the samples disallowing for cell sorting, downstream in silico
reference-based, cellular deconvolution proved to be impossible. It may be worth applying a
no reference deconvolution such as SVA (Teschendortf, Zhuang et al. 2011) or RefFreeEWAS
(Houseman, Kile et al. 2016) in future, however it would be best that future studies have
accurate blast count data, and that remission samples are sourced in a viable manner to ensure
that either cell counts are available from clinical information or can be obtained through flow-

cytometry.

While increases in power due to pooled-analyses 1s highly beneficial for high dimensionality
studies, they bring their own set of potential confounding factors, not apparent in initial analyses
on samples from a single site/study. Geographic differences in patient location raise the
possibility of variable effects due to different treatment regimens, samples collection
approaches and time points, or technical effects due to variation in location/approach to sample
processing and methylation data generation. Of note, TARGET cohort patients had their
remission samples taken at day 14, as opposed to day 30 for the Australian cohort. Patients
were recruited to the TARGET study due to having severe or rare cases of AML, leading to
an enrichment of particular subtypes, which potentially causes subtype-specific effects
overriding pan-leukaemic results. While these lmitations cannot be avoided when combining
cohorts, 1t 1s important that detailed clinical, sample collection and processing data should be

collected where possible to alleviate confounding factors where possible.



Another lmitation for this study revolves around the lack of complementary data to DNAm
measures. While methylation array data gives msights into genes that may be aberrantly
regulated, until expression data 1s matched to these samples, it 1s not possible to directly assess
functional relevance. Furthermore, previous studies assessing both gene expression and
methylation for key genes implicated in AML pathogenesis (such as W77), suggest DNAm
alone cannot explain aberrant expression. This therefore suggests that several other forms of
epigenetic data may be necessary to truly elucidate functional relevance. This 1s exemplified by
studies conducted by Bernt er al. where they showed MLIL-AF9 myeloid leukaemia is driven
by aberrant H3K79 methylation mduced by DOTI1L dependence i leukaemic stem cells
(Bernt, Zhu et al. 2011). Other studies have shown that aberrant methylation at enhancer
regions may be msufficient to alter expression due to other epigenetic marks such as H3K27
acetylation disallowing transcription at the chromatin level. This suggests a complex mterplay
of epigenetic regulators necessary for transcriptional activation (Qu, Siggens et al. 2016). For
future studies, appropriate use of fresh samples would allow for RNA and chromatin to be

extracted for gene expression and ChIP analyses, to compliment DNAm array data.
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Chapter 5 Defining DNA Methylation
Signatures of Cytogenetically
Distinct Subtypes of Paediatric

Acute Myeloid Leukaemia
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5.1 Rationale

Paediatric acute myeloid leukaemia 1s one of the most heterogeneous cancers (L1, Mason et al.
2016). Characterised by multiple different chromosomal aberrations and mutations that
contribute to disease, AML is highly heterogeneous genetically, despite being classified into a
relatively small number of cytogenetic subtypes. Few epigenome-wide studies have been
undertaken m paediatric AML and thus httle 1s known about the aberrant methylation
differences found in general, let alone m a subtype-specific manner. These few studies have
been associated with several subtype-specific DNAm signatures (Figueroa, Lugthart et al. 2010;
Bolouri, Farrar et al. 2017), potentially of use in further subtyping patients, identifying those
with novel fusion genes and informing patient-specific treatment regimens (Milani, Lundmark
et al. 2010; Nordlund, Bickhn et al. 2015; Capper, Jones et al. 2018). Considering the genetic
heterogeneity of paediatric AML, and previously described DNAm signatures associated to
different subtypes in other cancers, it is plausible that subtype specific DNAm profiles may
also exist in childhood AML. Furthermore, these signatures in other cancers have been further
developed in a random forest machine-learning environment to predict subtype and even
patient outcome (Nordlund, Backlin et al. 2015; Capper, Jones et al. 2018). However, little 1s
known about DNAm-based signatures that accurately define subtype i a paediatric cohort
beyond a single study conducted by Bolouri er al. that identified core-binding factor, KM71T2A
and /DH [ mutant subgroups.(Bolour1, Farrar et al. 2017). As such, this study aims to explore

and build upon DNAm-based signatures of specific paediatric AML patient subtypes.

The inv(16) (or CBIB-MYH11) subtype of paediatric AML 1s ideal for identifying DNAm-
based signatures in paediatric AML as aberrant DNAm plays a role in the pathogenesis of
disease and is thought to contribute to initiation (Larmonie, Arentsen-Peters et al. 2017;
Lamba, Cao et al. 2018). However, few studies have examined, with genome-wide resolution,
the contribution of DNAm to mv(16) pathogenesis in paediatric AML. Thus genome-wide
profiling of DNAm in the mv(16) subtype presents an opportunity, not only to discover and
validate the differential methylation in genes that may contribute to pathogenesis of disease,
but to also identify a signature of DNAm that may accurately define inv(16) from other

subtypes, independent of genetic analysis.



The overall aim of this study 1s to 1dentify aberrant methylation associated with cytogenetic

subtypes of pacdiatric AML. We hypothesis that;

(1) DNAm signatures will differentiate specific subtypes;

(11) Unique DNAm signatures can be attributed to the mv(16) subtype, distinguishing
them from other forms of paediatric AML, and;

(111) Gene-specific differential DNAm can be identified between mv(16) paediatric

AML and other subtypes of the disease that may contribute to pathogenesis.



5.2 Study Cohort

This study utihised 171 primary AML patients across multiple cohorts with varying cytogenetic
abnormalities and patient outcomes. All patients had samples derived from bone marrow taken
at diagnosis and were characterised using fluorescence in situ hybridisation (FISH)(Table 3.1).
These cohorts studied had a range of cytogenetic anomalies in an attempt to fully explore the
link between specific aberrations and DNAm profile. Almost all cytogenetic subtypes were
represented with enrichment for those with KM72A and imv(16) rearranged samples. Samples
with unknown cytogenetic data were not included in analyses. Overall there was a shght
overrepresentation of male patients and patients over three years of age. However, both female
and younger patients were represented in accordance with standard epidemiological studies of
AML (Puumala, Ross et al. 2013). Chinical characteristics were obtained from the CLARA
database for RCH (VIC) cases while other cohort information was received upon receipt of

samples from their respective biobanking repositories. All data 1s correct as of April 2018.

160



Table 5.1  Clinical characteristics of diagnostic samples included in analyses

Clinical Characteristics Australian TARGET Combined
Cohort (%) Cohort (%) Cohort (%)
(n-382 (n=89) (n=171)
Sex
Male 49 (59.8%) 45 (50.6%) 94 (55.0%)
Female 33 (40.2%) 44 (49.4%) 77 (45.0%)
Age at diagnosis

Infants (<3 y/o)
Children (3-15 y/o)

20 (24.4%)
28 (34.1%)

7 (7.9%)
35 (39.3%)

27 (15.8%)
63 (36.8%)

AYA (15+ y/o) 34 (41.5%) 47 (52.8%) 81 (47.4%)
Sample use
450K 82 (100%) 89 (100%) 171 (100%)
Validation 16 0 16
Outcome'
Good 30 (36.6%) 10 (11.2%) 40 (23.49%)
Poor 43 (52.4%) 79 (88.8%) 122 (71.3%)
Unknown 9 (11.0%) 0 9 (5.3%)
Cytogenetics
mv(16)/t(16;16) 9 (11.0%) 6 (6.7%) 15 (8.8%)
t(8;21) 2 (2.49%) 7 (7.9%) 9 (5.3%)
KMTZ2A rearranged 23 (28.0%) 14 (15.7%) 37 (21.6%)
Trisomy 8 5 (6.1%) ‘Other’ 5 (2.9%)
CN 18 (22.09%) 25 (28.1%) 43 (25.2%)
Complex karyotype ™ 11 (13.49%) ‘Other’ 11 (6.4%)
Other’ 14 (17.19%) 37 (41.6%) 51 (29.8%)

Sample source

RCH(VIC) 40 (48.8%) 0 40 (23.4%)
WM 37 (45.1%) 0 37 (21.6%)
RCH(QLD) 5 (6.1%) 0 5 (2.9%)

TARGET AML 0 89 (100%) 89 (52.1%)

Abbreviations: EFS - Event free survival; y/o - Years old; AYA - Adolescent/Young adult; inv - Inversion; t -
Translocation; CN - Cytogenetically normal; RCH - Royal Children’s Hospital; VIC - Victoria; WM -
Westmead; QLD - Queensland; TARGET AML - Therapeutically Applicable Research To Generate Effective
Treatments in Acute Myeloid Leukaemia.

*Complex karyotypes are defined by patients having two or more cytogenetic abnormalities or abnormalities that
are otherwise unrelated to AML pathogenesis.

*Other cytogenetic abnormalities are defined as Trisomy21, del5/7/9/13/20q, inv(5q), -7, t(5;6), t(6;9), t(7;14),
t(15;17), t(16;21). Trisomy 8 and Complex were considered ‘Other’ by TARGET cohort standards. Genetic
abnormalities are mostly undefined in the Australian cohort.

"Patients achieved a 5-year EFS however recent data is unavailable to ensure that they are currently still alive.
Patients that achieved a 5-year EFS are considered ‘Good outcome’. ‘Unknown’ has not yet achieved 5 years.
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5.3 Distinct Methylation Signatures of AML Cytogenetic
Subtypes

5.3.1 Defining Patient Subtype through Unsupervised Analysis

Considering paediatric AML 1s a disease defined by its’ genetic heterogeneity, there is great
value in being able to accurately subtype patients by finding additional information that helps
further improve diagnosis and prognosis. Previously generated DNAm data for Australian-
based cases (discovery cohort) and TARGET cohort (pooled-analysis) were included i this
analysis and was used to calculate the variance across all probes, independent of patient
subtype. The top 10,000 probes with the largest variance were retained for use in subsequent
analyses mcluding unsupervised clustering, t-SNE and machine-based learning approaches.
Each analysis was conducted with various arbitrary probe-cut-offs (10,000, 1,000, 500, 250,

100, 50) to find the optimal number of probes for distinguishing patient subtype.
Unsupervised Hierarchical Clustering

Optimal separation of samples utilising the top 250 probes in an unsupervised hierarchical
clustering analysis, three main branches of cases were defined (Figure 5.1A). The first 1s
characterised primarily by a hypomethylated signature with enrichment of the KM72A subtype
(17/23 KMTZ2A defined cases). Several complex and rare (‘Other’) cases were also found
within this cluster. The second cluster 1s defined by an equal assortment of methylated and
unmethylated probes. A small sub-cluster primarily classifies the mv(16) subtype, with all
samples clustering together along with a single Trisomy 8 case. The final cluster 1s defined by
a hypermethylated/hypersilenced signature with no true subtype signature. There are several
cytogenetically normal cases found which suggests that gene silencing via DNA
hypermethylation 1s a major factor in disease pathogenesis. We also find that 75% of all

Trisomy 8 cases also have a hypermethylated profile.

A subsequent analysis was also carried out with inclusion of TARGET sample data. Utilising
the top 250 variably methylated probes produced similar results to the discovery analysis

whereby samples clustered primarily mto four main categories; hypermethylated,
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hypomethylated and two sections of variable intermediate methylation (Figure 5.1B). Similarly,
the KMTZ2A subtype was defined by hypomethylation while mv(16) samples were
intermediately methylated. Again, several cytogenetically normal, rare and trisomy 8 cases were

found to be hypermethylated, while others were hypo or intermediately methylated.
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Figure 5.1 Heatmap of beta values across the top 250 most variably methylated probes in
paediatric AML: Australian and Pooled-Analyses
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Heatmap where the y-axis is representing the top 250 most variably methylated CpG sites while the x-axis shows
diagnostic patient samples. A) Heatmap of AUS cohort (n=82). B) Heatmap of pooled cohort (n=171).
Hypomethylation 1s depicted in yellow and a gradual increase to hypermethylation is indicated by purple. Both
are ordered by hierarchical clustering as depicted by the dendrograms. This heatmap shows that through
variability alone we can distinguish DNA methylation patterns associated with the inv(16) and KMTZA subtypes
of paediatric AML. While unclear of the link, we also find that several rare, complex and cytogenetically normal
samples seem to be hypermethylated. Abbreviations: Inv - Inversion; t - Translocation; CN - Cytogenetically
normal.

t-SNE Analysis

Further unsupervised analyses were also undertaken to determine if alternative methods can
elucidate different cytogenetic subgroups based solely on methylation data. Utilising t-
Distributed Stochastic Neighbour Embedding (t-SNE) along with multivariate t-distributed
ellipses we found that the variance of the 250 most variable probes most reliably distinguished
specific subtypes from others (Figure 5.2), however most subtypes did not actively cluster
together. Despite this, there 1s much less variation apparent within the mv(16) and shightly less
i the KMT2A subtypes samples as defined by the smaller ellipses compared to other subtypes.
In combination, these two unsupervised approaches suggest a wide degree of methylation
variation i most cytogenetic subtypes with the exception of mv(16) and KM72A which may

have a more defined epigenetic signature.
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Figure 5.2  t-Distributed Stochastic Neighbour plot of the 250 most variable probes in a

pooled cohort to define sample subtype
t-Distributed stochastic neighbour plot showing all samples divided by patient subtype (n=171). The top 250 most
variably methylated probes were used in an attempt to define patient subtype. Through multivariate t-distributed
ellipses for each group it was clear that overall methylation at these probes had little utility to distinguish specific
subtypes, with the possible exception of inv(16) and KM7T2A samples.

Machine-Based Learning Approach

As a novel approach to uncover the optimal probes to distinguish patient subtype, we employed
the random forest machine-based learning algorithm, like other studies conducted by Capper
et al and Nordlund er a/, along with the pre-defined 10,000 most variably methylated probes
(Nordlund, Bicklin et al. 2015; Capper, Jones et al. 2018). Feature importance, a ranking of
probes based on utility to the machine-based learning (MBL) model, was mitially determined
by running all 10,000 probes through a random forest analysis. Initial MBL. analysis failed to
predict patient subtype due to high levels of feature redundancy. Utilising ranked feature
importance (varlmp function in R), further analyses were undertaken using the aforementioned
cut-offs. We 1dentified the top 100 probes as being the ideal cut-off for identification and
prediction of patient subtype (Figure 5.3). Of these 100 probes, only two were previously
1dentified i unsupervised analyses to 1dentify patient subtype (cg18559579 and cg07435445).
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In order to best predict patient subtype these top 100 probes, as previously defined by variable
mmportance, were used as the pool of probes for a new random forest model. This random
forest model was partly able to predict inv(16) and KM7T2A subtypes with a balanced accuracy
(harmonic mean of precision and recall) of 68.3% and 72.5% respectively (Table 5.2). The
model was also somewhat effective at predicting cytogenetically normal and ‘Other’ subtypes
with a 63.09% and 59.7% balanced accuracy respectively. Complex, t(8;21) and Trisomy 8 cases
could not be predicted using the model. While these results do suggest that there 1s some utility
to using DNAm as a biomarker of patient subtype, sample numbers and overall accuracy would
need to be vastly improved before this could ever be truly translated into a test that could

identify, not only novel translocations, but standard ones too.

Table 5.2 Final model evaluation of random forest algorithm using 5-fold, 3-times
repeated cross validation to predict paediatric AML subtype at diagnosis

(n=171)
Metric CN Inv(16) KMT2A t(8;21) Trnsomy8 Complex Other
Precision 0.437 0.739 0.573 0 0 0 0.384
Recall 0.457 0.3778 0.568 0 0 0 0.607
Balanced ) o9 0680 0795 0.497 0.5 0.5 0.597
Accuracy

Precision: Positive predictive value; Recall: True positive rate (sensitivity); Balanced Accuracy: True accuracy
accounting for imbalanced sample set
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Figure 5.3  Variable importance plot of top 100 probes contributing to random forest

algorithm determining paediatric AML patient subtype
Utilising a random forest algorithm using the top 10,000 most variably methylated probes to predict patient
subtype variable importance was calculated using the varlmp function in the caret package in R. This calculation
is defined by the sum of decreased error to a model divided by the highest variable importance (thus the most
important probe 1s always 100). Probes were ranked and the top 100 probes were visualised. These top probes
were taken as the new pool of probes for the next random forest to remove redundancy within the data.

Utilising these same 100 probes that were previously determined to be the most important to
the random forest model’s ability to predict subtype, we undertook hierarchical clustering
analysis to determine if this could better illustrate patient subtype prediction when compared
to using the most variable probes (Figure 5.1). As with previous analyses, inv(16) and KM7T2A
subtypes once again clustered with the first major split in hierarchical clustering containing
almost all the KMT2A samples alone, based primarily on hypomethylated probes (Figure 5.4).

Inv(16) samples also clustered together however, in contrast to the previous hierarchical
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approach based on probe variability, this appears due to a combination of both hypo- and
hypermethylated probes. This suggests that it 1s likely a balance of over- and under expressed

genes contributing to the inv(16) pathogenesis and warrants further investigation.
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Figure 5.4 Heatmap of beta values across the top 100 probes as defined by variable

importance in a random forest algorithm in paediatric AML
Heatmap of the top 100 methylation probes (y-axis) as defined by variable importance in a random forest model.
Patient samples of the combined paediatric AML cohort (n=171) are separated on the x-axis. Both are ordered
by hierarchical clustering as depicted by the dendrograms. As with previous analysis, only inv(16) and KM7T2A

subtypes show any degree of clustering according to methylation profile.
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5.4 Differential DNA Methylation Associated with
Chromosome 16 Rearranged Paediatric AML

5.4.1 Principal Components Analysis

Unsupervised clustering through principal components analysis (PCA) was undertaken using
methylation data for all diagnostic samples in the Australian AML cohort (n=82). Diagnostic
samples were separated into two groups, namely inv(16) (n=10) and all other subtypes (n=72).
Combination of principal components 1 and 2, accounting for 19.6% of the variation found
between these two groups shows little separation of invl6 from other subtypes (Figure 5.5).
Most inv(16) cases tend to cluster together i the bottom left quadrant of Figure 5.5 suggesting

a similar DNAm profile, potentially useful in elucidating DNAm unique to the inv(16) subtype.
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Figure 5.5 Unsupervised principal components analysis plot defining inv(16) paediatric

AML from other subtypes in diagnostic bone marrow samples
Methylation beta values of 373,253 probes from the HM450k across 82 samples (inv(16) = 10, Other = 72) were
used in a PCA to determine major sources of variation in the dataset. The variation in PC1 (accounting for 11.6%
total variation) can be partially attributed to differences between inv(16) AML and other forms of the disease.
Variation in PC2 (accounting for 8% total variation) is largely unexplained in this analysis. The larger circle and
triangle represent their respective group means and ellipses are 95% confidence interval.

5.4.2 Least Squares Regression Analysis

Least squares regression analysis was undertaken on all methylation data to identify significant
differential methylation specifically in the inv(16) subtype relative to all other subtypes. A total
of 12,003 differentially methylated probes (DMPs) were 1dentified using this approach
following adjustment for multiple testing (Benjamini-Hochberg adjusted p<0.05). Utilising all
significant DMPs and applying unsupervised hierarchical clustering showed little ability to
distinguish inv(16) samples from other AML subtypes. However, paring this down to the top
100 DMPs revealed a clear DNAm signature specific to the mv(16) subtype (Figure 5.6). This

171



signature 1s dominated primarily by hypomethylation however there are a few probes that are
hypermethylated in comparison to other subtypes. There 1s an uncommon uniformity of
DNAm 1in all other subtypes further suggesting that the mechanism underlying differential

methylation of these probes 1s unique to mv(16).
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Figure 5.6 Heatmap of beta values across the top 100 differentially methylated probes
associated with the inv(16) subtype of paediatric AML

Heatmap where the y-axis 1s representing the top 100 differentially methylated probes while the x-axis shows 82

patient samples (inv(16) = 10, other subtypes = 72) where both are ordered by hierarchical clustering as depicted

by the dendrograms. This heatmap shows that DNA methylation can accurately distinguish the inv(16) subtype

of paediatric AML from all other forms of the disease, primarily driven by a hypomethylation event unique to

mv(16) samples.
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Pathway analysis was undertaken on all 12,003 probes identified to be differentially methylated
between inv(16) cases and all other subtypes of paediatric AML by regression analysis. Utilising
the GOmeth package we 1dentified 741 gene ontology terms that were significantly
overrepresented. This was refined using REVIGO which summarises and removes redundant
GO terms. This narrowed the list of terms down to 51 (Figure 5.7). The top five processes
identified include: anatomical structural development, cell surface receptor signalling, cell
communication, signalling and development processes. The themes identified primarily

revolve around typical hallmarks of cancer such as cell signalling and localisation.
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Figure 5.7 REVIGO gene ontology network associated with 12003 differentially methylated

probes
REVIGO gene ontology reduction identified 51 different GO terms associated with the 12003 significantly
differentially methylated probes derived from regression analysis. log. p values are shown for each GO term to
indicate the significance of the number of probes that are associated with that term appearing by chance.
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5.4.3 Probe and Gene Specific Differential DNA Methylation
Associated with Chromosome 16 Rearranged Paediatric
AML

To further explore the DNAm signature specific to imv(16), we interrogated individual probe
and gene methylation differences for potential functional effects on gene expression and AML
pathogenesis. Criteria for focusing on specific regions included: (i) the number of DMPs within
the a gene; (1) potential for functional effect based on genomic location; (i1) the effect size of
observed AP with larger changes being preferable, and; (iv) any previous evidence for a gene
in cancer pathogenesis. Genes that met all these criteria included Meningioma 1 (MN/) and

Meis Homeobox 1 (MEIS]).

Some of the most significant differentially methylated probes were found within MNI/.
Disruption of this gene 1s associated with meningioma (Lekanne, Riegman et al. 1995). The
top DMPs 1dentified here included cg00514241, ¢g00187327, cg06004017, cg05061886 and
were all found within the top 20 significant DMPs (Benjamini-Hochberg adjusted p<1.0*10™).
Opverall, ten probes in MN1 were 1dentified as significantly differentially methylated with an
average AP of 37.9% (Figure 5.8A). Seven out of the ten were within the first exon of the gene
and all significant probes were adjacent, suggesting a wide-spread demethylation event in

mv(16) samples.

The gene with the most significant DMPs following regression analysis was MEILS1. This gene
1s considered crucial to normal development (as most HOX genes are) and has previously
been implicated i adult AML disease progression (Lawrence and Largman 2005; Wang and
Kamps 2007). Furthermore MEILS] has been implicated i haematopoiesis and works as a
cofactor with HOXA7 and HOXAZYfor the induction of myeloid leukaemia (Thorsteinsdottir,
Kroon et al. 2001). Overall, 21 individual probes were 1dentified as differentially methylated
between inv(16) and other subtypes of AML. All probes were hypermethylated in mv(16)
samples with an average AP of 48.19% between groups (Figure 5.8B, Benjamini-Hochberg
adjusted p<0.05). Most of the significant probes were found within the gene body, 3 within
exons and 18 within introns. Of the 21 probes, 19 were adjacent in the genome, with five

located within a known enhancer region.
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Figure 5.8  Circular heatmaps of differential DNA methylation within genes of interest in
inv(16) relative to all other subtypes of paediatric AML

Circular heatmaps shows mean DNA methylation at each probe that is found in the gene or within 1500 base
pairs of the gene’s untranslated regions (n=82). Inner circles identify the relative position of any given probe in
the gene (not to scale). Mean methylation of inv(16) (outer circle) and all other subtypes (middle circle) is shown.
Completely unmethylated probes are represented by dark blue, while complete methylation 1s represented by
dark red. Significantly differentially methylated probes are indicated by asterisk (Benjamini-Hochberg adjusted
p<0.05, Student’s t-test). Differentially methylated regions (DMR), as indicated by blue wedges, span adjacent
significantly differentially methylated probes within 1000 base pairs of each other. Enhancer regions or regions of
DNase hypersensitivity found within DMRs are indicated by the outer green line. A) Methylation levels at 18
probes. Ten probes were identified to be significantly differentially methylated across a single DMR with an
average AP of 37.9%. B) Methylation levels at 34 MEILSI probes. Overall, 21 probes were identified to be
differentially methylated across one DMR with an average AB of 48.1%.
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Figure 5.9 shows the nine most significant probes associated with mv(16) subtype. These
probes were attributed to ULK/I (Benjamini-Hochberg adjusted p=2.75*10", Figure 5.9A),
MN1 (Benjamini-Hochberg adjusted p=2.97 10", Figure 5.9B), CLIP3 (Benjamini-Hochberg
adjusted p=2.97*10", Figure 5.9C), SLC27A8 (Benjamini-Hochberg adjusted p=2.97*10",
Figure 5.9D), GEMIN7 (Benjamini-Hochberg adjusted p=6.49*10", Figure 5.9E), KIRREL
(Benjamini-Hochberg adjusted p=1.06*10", Figure 5.9F), MNI (Benjamini-Hochberg
adjusted p=1.06*10", Figure 5.9G), KLHL6 (Benjamini-Hochberg adjusted p=3.29*10",
Figure 5.9H) & CLIP3 (Benjamini-Hochberg adjusted p=1.04*10", Figure 5.91). Both MN/
and CLIP3 were represented multiple times in the top 9 probes. Findings were marginally

mflated (A = 1.38), again suggesting the need for validation, as discussed in section 5.5.1.
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Boxplots of the most significantly differentially methylated probes between

inv(16) and other subtype diagnostic bone marrow samples

Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation between patient bone marrow
biopsy time points (n=82). The median is represented by the line in the middle of the boxplot while outliers lie
beyond the whiskers. Probes were identified as the most statistically significant DMPs (Benjamini-Hochberg
adjusted p<=1.04*10"). Probes identified can be attributed to the genes A) ULKI, B) MNI, C) CLIP3, D)
SLC27A3, ¥) GEMIN7, /¥) KIRREL, G) MN1, H) KLHLO& 1) CLIPS.
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5.5 Locus Specific Analysis of Genes Implicated in
Chromosome 16 Rearranged AML: MEISI & MN1

5.5.1 Validation and Replication of Methylation between
HM450k Array and SEQUENOM Assayed CpG Sites

Utilising MALDI-TOF MS, region specific methylation analysis was undertaken on diagnostic
samples to validate and replicate original findings of regression analysis. Assays covering a
region within MEILSI and MNI were designed to test multiple HM450K CpG sites previously
identified as significantly differentially methylated between inv(16) and all other subtypes. Each
assay also allowed for the iterrogation of multiple new CpG sites that were not tested on the
HM450K, allowing for a more detailed view of methylation variation across the region of

mnterest.
MEIST

The MALDI-TOF MS assay designed to interrogate methylation in MEILS/ spanned two
HM450K CpG sites, namely ¢g04288999 and ¢g05877497 which were captured within
SEQUENOM analytical units as CpG 5.6 and CpG 11.12 respectively. Original findings
showed a large and consistent disparity of methylation at both CpG sites (Figure 5.10A/D,
p<0.0001, Student’s t-test) between mv(16) and other subtypes. These finding were replicated
i a separate cohort, showing similar results at both CpG sites (Figure 5.10C/F, p<0.0001,
Student’s t-test). Methylation was highly correlated between platforms (n=14, Figure 5.10B/E,
R>0.98, Pearson’s correlation coefficient). This suggests that not only can these results be
validated, but there 1s a high level of correlation of methylation between adjacent CpG sites

assayed.

Within MEIST a total of 24 CpG sites were assayed using SEQUENOM analysis, however
after quality control (See Section 2.5.7), data for only 12 CpG sites remained. A total of 9 CpG
units were assayed, encompassing all 12 CpG sites, as several CpG units contained multiple
CpG sites within single fragments. All 9 CpG units assayed were significantly differentially

methylated between mv(16) and other subtypes of AML using this approach, with an average
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AB of 67.1% (Figure 5.11, p<0.05, Student’s t-test). We identified a 199 increase in methylation
mn this region compared to the average significant DMPs defined by HM450K analysis. This
suggests that this region within MEILS could be a part of a larger DMR within the area. Several
CpG sites 1n the ‘Other’ subtyping group showed variable levels of methylation, suggesting that
while mv(16) samples have consistent hypermethylation, these methylation levels may not be

entirely unique to this subtype.
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Figure 5.10 Validation of HM450K methylation using MALDI-TOF MS — MEIS1

Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation between inv(16) and all other subtypes of paediatric AML. Outliers lay beyond the
whiskers of each boxplot. Scatterplot show the original HM450K methylation on the y-axis and the validation (SEQUENOM) methylation on the x-axis. Line of best
fit (£959% CI) has been added and statistical analysis was undertaken on all samples (Pearson’s R). Figures A/B/C show a boxplot of HM450K methylation between
mv(16) and other AML subtypes, a scatterplot and correlation between HM450K/SEQUENOM validation samples, and a SEQUENOM derived methylation boxplot
between previously mentioned subtypes at cg05877497 within MEISI. Figures D/E/F are as above for ¢g04288999. Both CpG sites were shown to be significantly
differentially methylated between inv(16) and other subtypes of AML in both the HM450K analysis (n=82) and in validation (n=16, p<0.001, Student’s t-test). Both
sites were highly correlated between HM450K B-value and validated SEQUENOM derived methylation value (n=14, R>0.9 Pearson’s correlation coefficient).
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Figure 5.11 Methylation of all CpG units measured by MALDI-TOF MS — MEIS1

Line graph denoting the level of methylation of each CpG site assayed. Groups are split between diagnostic samples of inv(16) and all other AML subtype samples
and Student’s t-test was used to test for significant differences between groups. Significance is shown as; ns= not significant, *=p<0.05, **=p<0.01, ***=p<0.001. All
points are stated as the mean of the group with SEM for error bars. Methylation in MEISI (n= 16) across 10 CpG sites. All sites were significantly differentially

methylated (p<0.05, Student’s t-test).
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MNI

MNI1 was also previously 1dentified as a gene of interest that may have expression influenced
by DNAm. The assay designed to mterrogate M/N/ also replicated two individual CpG sites
found on HM450K, namely ¢g12872311 and ¢g02919572, which relate to CpG1.2 and CpG17
respectively. HM450K B-values at both CpG sites were found to be significantly differentially
methylated between inv(16) and other subtypes of paediatric AML (Figure 5.12A/D, p<0.0001,
Student’s t-test). After quality control measures were taken, we found a similar methylation
level existed i our replication cohort for both CpG sites (Figure 5.12C/F, p<0.001, Student’s
t-test), validating our previous findings. Common samples between both analyses showed
HM450K B-value and SEQUENOM derived methylation values were highly correlated at both

sites (Figure 5.12B/E, R>0.94, Pearson’s correlation coeflicient).

For MNI, a total of 19 CpG sites were assayed, however after quality control only 15 CpG
sites, encompassed by 9 CpG units could be utilised. Our data shows that all CpG units were
significantly differentially methylated with an average AP of 60.2% between inv(16) and other
subtypes of AML (Figure 5.13, p<0.05, Student’s t-test). This shows a 22.7% decrease in
methylation in this particular region compared to the average significantly different methylation
of MN1 identified by all sites but CpG18.19 showed marked hypomethylation suggesting that
MN1 may be upregulated 1n the inv(16) subtype of AML.
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Figure 5.12 Validation of HM450K methylation using MALDI-TOF MS — MN1

Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation between inv(16) and all other subtypes of paediatric AML. Outliers lay beyond the
whiskers of each boxplot. Scatterplot show the original HM450K methylation on the y-axis and the validation (SEQUENOM) methylation on the x-axis. Line of best
fit (£95% CI) 1s added and statistical analysis is undertaken on all samples (Pearson’s R). Figures A/B/C show a boxplot of HM450K methylation between inv(16) and
other AML subtypes, a scatterplot and correlation between HM450K/SEQUENOM validation samples, and a SEQUENOM derived methylation boxplot between
previously mentioned subtypes at ¢g05877497 within MN1. Figures D/E/F are as above for cg04288999. Both CpG sites were shown to be significantly differentially
methylated between inv(16) and other subtypes of AML in both the HM450K analysis (n=82) and in validation (n=16, p<0.001, Student’s t-test). Both sites were highly
correlated between HM450K B-value and validated SEQUENOM derived methylation value (n=14, R>0.9 Pearson’s correlation coefficient).
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Figure 5.13 Methylation of all CpG units measured by MALDI-TOF MS — MN1

Line graph denoting the level of methylation of each CpG site assayed. Groups are split between diagnostic samples of inv(16) and all other AML subtype samples
and Student’s t-test was used to test for significant differences between groups. Significance is shown as; ns= not significant, *=p<0.05, **=p<0.01, ***=p<0.001. All
points are stated as the mean of the group with SEM for error bars. Methylation in MN/ (n=16) across 9 CpG sites. All sites were significantly differentially methylated
(p<0.05, Student’s t-test). This denotes a differentially methylated region in their respective areas.
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5.5.2 Unsupervised Clustering Analysis of MEIS1 & MN1
Methylation to Distinguish Chromosome 16 Rearranged
Paediatric AML

Using the MALDI-TOF MS derived methylation data for both MN/ and MEIS1, further
unsupervised analyses were undertaken to visualise the degree to which these data, in 1solation,
could distinguish mv(16) from other subtypes. Multi-dimensional scaling plots were firstly
employed to reduce data dimensionality and demonstrate the ability of MN/7 and MEISI to
distinguish mv(16) samples (Figure 5.14A and Figure 5.14B respectively). The combination of
data from both genes showed the greatest utility to distinguish subtypes (Figure 5.14C),
primarily due to variation in one dimension (x-axis). An unknown source of variation (y-axis)

also lead to separation of samples and this may warrant further imvestigation.
Further unsupervised analysis through unsupervised hierarchical clustering validated our

findings using MDS analysis. Across 15 samples (6 inv(16), 9 other subtypes) and 19 probes,

we obtain an excellent separation of subtypes at the first major split of hierarchical clustering.
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Figure 5.14 Multi-dimensional scaling plot for both MN1, MEIS1 and combination of genes

to separate inv(16) diagnostic samples from other subtypes of AML
Multi-dimensional scaling plot used to differentiate inv(16) and other subtypes of paediatric AML using MALDI-
TOF MS derived methylation values of A) MN1, B) MEIS1 & C) Combination of both genes. In all cases, data
were able to distinguish inv(16) from other subtypes of AML, though the best results were obtained when data
were combined.
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Figure 5.15 Unsupervised hierarchical clustering and heatmap analysis of 19 CpG sites
across MEISI and MNI to define inv(16) diagnostic samples from other
subtypes of AML

Heatmap with the y-axis representing 19 differentially methylated CpG sites, the x-axis shows 15 patient samples

where both axes are ordered by hierarchical clustering as depicted by the dendrograms. Hypomethylation 1s

depicted as light yellow while hypermethylation is depicted as dark purple. Missing methylation data is indicated
mn white. Samples are split into two groups, with one group being inv(16) diagnostic samples (vellow) and the other

consisting of all other subtypes of AML (blue).
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56A Combined Analysis of DNA Methylation
Signatures in  Chromosome 16 Rearranged
Paediatric AML across Two Independent Cohorts

5.6.1 Principal Components Analysis

With the addition of the TARGET cohort, consisting of 89 new diagnostic samples, pooled-
analysis with the Australian discovery cohort was undertaken. Overall, the combined
epigenome-wide dataset comprised 16 inv(16) samples and 155 diagnostic samples from other
subtypes. Unsupervised PC analysis m 1solation again highlighted that DNAm profile alone
cannot fully distinguish inv(16) samples from all other subtypes (Figure 5.16). Combination of
PC1 and PC2 accounted for 25.9% of the variation found in the dataset and showed that inv(16)
samples do tend to cluster together. However, most inv(16) samples also cluster with individual

cases of other subtypes using this approach.
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Figure 5.16 Unsupervised principal components analysis plot defining inv(16) paediatric
AML from other subtypes in diagnostic bone marrow samples: A pooled-

analysis
Methylation beta values of 373,253 probes from the HM450k across 171 samples (inv(16) = 16, Other = 155)
were used in a PCA to determine major sources of variation in the dataset. The variation in PC1 and PC2
combined, accounting for 25.9% total variation, cannot actively distinguish inv(16) samples from other subtypes
of paediatric AML. Considering the clustering of most inv(16) samples, this suggests that they are similarly
methylated. The larger circle and triangle represent their respective group means and ellipses drawn around these
averages are defined by 0.95 confidence interval.

5.6.2 Least Squares Regression Analysis

Regression analysis was undertaken i the combined dataset to identify probes that were
previously discovered i the Australian cohort. Overall, 5942 probes were differentially
methylated between inv(16) samples and all other subtypes in paediatric AML (adjusted
p<0.0001). Again, utilising all significant probes showed little ability to distinguish patient
subtype, however, restricting the analysis to the top 50 differentially methylated probes allowed

for the greatest distinction between inv(16) diagnostic samples and other subtypes of paediatric
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AML (Figure 5.17). All inv(16) samples clustered together after the first split in hierarchical
clustering, defining itself from the remaming 171 samples with other various genetic

abnormalities.
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Figure 5.17 Heatmap of beta values across the top 50 differentially methylated probes
associated with the inv(16) subtype of paediatric AML

Heatmap where the y-axis is representing the top 50 differentially methylated CpG sites while the x-axis shows
171 patient samples (inv(16) = 16, other subtypes = 155). Both are ordered by hierarchical clustering as depicted
by the dendrograms. This heatmap shows that DNA methylation can accurately distinguish the mv(16) subtype
of paediatric AML from all other forms of the disease.

Comparing this data to the Australian discovery cohort (at the same p-value threshold of
<0.0001) revealed 1317 concurrently identified probes. This accounted for 95.57% of the
discovery cohorts probes originally identified and 22.149% of probes found following the
pooled-analysis. Probes that were replicated in the pooled-analysis were run through pathway

analysis to 1dentify GO terms that may underpin functional consequences in inv(16) diagnostic

samples. Originally 161 GO terms were 1dentified however they were further refined using
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REVIGO software down to 21 umbrella terms. The most significant individual terms
multicellular organismal processes, developmental processes and anatomical structural
development. The consistent themes between terms circled around developmental processes,

cell signalling/communication and stimulus response.
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Figure 5.18 REVIGO gene ontology network associated with 1744 differentially methylated
probes replicated in both discovery and pooled-analyses

REVIGO gene ontology reduction identified 21 different GO terms associated with the 1317 significantly

differentially methylated probes derived from regression analysis common to both discovery and pooled-analyses.

logw p values are shown for each GO term to indicate the significance of the number of probes that are associated
with that term appearing by chance.
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5.6.3 Probe and Gene Specific Differential DNA Methylation
between Chromosome 16 Rearranged Paediatric AML
and Other Paediatric AML Subtypes

Utlising this pooled-analysis, we aimed to validate our previous findings from the Australian
discovery cohort. Regression analysis determined that the all of the previously identified MN/
probes remained individually significant with a gain of one probe following the pooled-analysis
as well. The 11 probes that were significantly differentially methylated between inv(16) and
other subtypes of paediatric AML were found to have an average AB of -31.02% (Figure 5.19A,
Student’s t-test). All significant probes were adjacent to one another including the two probes
previously 1dentified as a reprogramming-specific DMR (Doi, Park et al. 2009). As for MEISI,
almost all probes remained differentially methylated between inv(16) and other subtypes.
These probes were found to have an average AP of 35.4% (Figure 5.19B, Student’s t-test),
however this was down 12.7% from the previous analysis. Significant probes still formed a

DMR including five probes that were validated within a known enhancer region.

The newly identified differentially methylated gene with this pooled-analysis was Runt Related
Transcription Factor 3 (RUNXS). RUNXS has been 1dentified as a tumour suppressor gene
and 1t has previously been shown that hypermethylation of this gene can lead to downregulation
i AML and other myeloid cell Iines (Estecio, Maddipoti et al. 2014). In this study we found
evidence of hypermethylation in the promoter region, rather, along with spurious non-
promoter hypomethylation occurring across 26 probes. The average AB between inv(16) and

other subtypes of AML was found to be 13.49% (Figure 5.19C, Student’s t-test).
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Figure 5.19 Circular heatmaps of differential DNA methylation within genes of interest in
inv(16) relative to all other subtypes of paediatric AML after pooled-analysis
Circular heatmaps shows mean DNA methylation at each probe that is found in the gene or within 1500 base
pairs of the gene’s untranslated regions (n=171). Inner circles identify the relative position of any given probe in
the gene (not to scale). Mean methylation of inv(16) (outer circle) and all other subtypes of AML (middle circle).
Completely unmethylated probes are represented by dark blue while complete methylation 1s represented by
dark red. Significantly differentially methylated probes are indicated by asterisk (Benjamini-Hochberg adjusted
p<0.05, Student’s t-test). Differentially methylated regions (DMR), as indicated by blue wedges, span adjacent
significantly differentially methylated probes within 1000 base pairs of each other. Enhancer regions or regions of
DNase hypersensitivity found within DMRs are indicated by the outer green line. A) Methylation levels at 18
probes within MN/. Eleven probes were identified to be significantly differentially methylated across a single
DMR with an average AP of -31.02%. B) Methylation levels at 34 MEIS! probes. Overall, 23 probes were
identified to be differentially methylated across one DMR with an average AP of 35.4%. C) Methylation levels at
71 RUNXS3 probes. Overall, 26 probes were identified as differentially methylated with an average A of 13.49%.
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Figure 5.20 details the nine most significant probes found 1in this analysis. These probes were
attributed to ULKI (p=1.39"107, Figure 5.20A), SLC27A8 (p=1.03*10", Figure 5.20B),
CLIP3 (p=2.00*10", Figure 5.20C), Clorf177 (p=1.64"10", Figure 5.20D), GEMIN7
(p=4.32"10", Figure 5.20E), CST0 (p=6.47*10", Figure 5.20F), TMCCZ2 (p=9.71*10", Figure
5.20G), CLIP3 (p=1.04*10", Figure 5.20H) & ATP2B2 (p=1.04*10", Figure 5.201). Five sites
(cg12923179, cg03138446, cg23013977, cg1 7896463 and ¢g22719241) were found to be within
the top 9 probes i both discovery and pooled-analyses. Thorough inflation of findings were
identified (A = 1.68), largely due to increased sample numbers. While sample sized drastically
mcreased overall, the amount of mv(16) samples compared to others subtypes created a vastly

mmbalanced analysis which 1s reflected in the inflation of findings.

Top probes that were imdividually 1dentified by least squares regression analysis show a fairly
even distribution of hyper and hypomethylated probes (Figure 5.20). The majority of samples
tend to cluster together for inv(16) samples at each probe, but we do see that there 1s a large
heterogeneity between all other subtypes, suggesting that the probes identified, while relevant
for inv(16), may hold relevance for other subtypes as well. This 1s reflective of previous analyses

in the ability to somewhat cluster this subtype too.
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Figure 5.20 Boxplots of the most significantly differentially methylated probes between
inv(16) and other subtypes diagnostic bone marrow samples in a pooled-
analysis

Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation between patient bone marrow

biopsy time points (n=171). The median 1s represented by the line in the middle of the boxplot while outliers lay

beyond the whiskers. Probes were identified as the most statistically significant DMPs (p<=5.52*10", Student’s t-

test). Probes identified can be attributed to the genes A) ULKI, B) SLC27A3, C) CLIP3, D) Clorf177, F)

GEMIN7, [F) CST6, G) TMCCZ, H) CLIP3& 1) ATPZB2.
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5.7 Discussion

It remains challenging to predict outcome and subsequently offer precision treatment in
paediatric AML. Although cytogenetic subtyping offers some prognostic utility, many cases
with subtype-defined favourable prognostic still succumb to recurrence, while others with poor

prognosis may achieve full remission.

The aims of this study were to identify aberrant DNAm specific to cytogenetic subtypes of
paediatric acute myeloid leukaemia m an effort to help further categorise cases and define
potentially novel subtype-specific functional pathways to disease based on methylation profile.
We hypothesised that the most variably methylated probes within the entire (discovery)
methylation dataset would suffice for effective patient subtyping in the absence of cytogenetic
data. The 1dentification of these subtype-specific biomarkers may have potential for the more

precise categorisation of patient samples for personalised treatment.

Using unsupervised analyses and machine-based learning algorithms we determined that
specific subtypes, namely inv(16) and KMTZ2A, could be identified based on DNAm in
1solation. Using least squares regression analysis we were also able to 1dentify specific probes
and genes that are associated with the inv(16) subtype of paediatric AML. These probes were
later validated 1n a larger cohort using locus specific analysis that also generated additional

specific methylation data in the region of interest.

5.7.1 Improved Prognostication in AML by Genome-Wide DNA
Methylation Profiling

Molecular subtyping (as opposed to karyotype) using DNA methylation profiling has been
carried out in several adult and paediatric cancers, with the goal of more accurately predicting
patient response and informing treatment. Furthermore, this approach has also been
successfully used to understand the functional pathways disrupted in subtypes of acute
lymphoblastic  leukaemia, potentially clustering patients with complex cytogenetic
abnormalities with more common subtypes at the molecular level (Milani, Lundmark et al.

2010; Nordlund, Backlin et al. 2015).
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Studies have previously investigated the utility of DNA methylation subtyping AML with
varying results. Figueroa et al. showed that DNA methylation can accurately classify AML1-
ETO, inv(16) and PMI-RARA rearranged adult AML as distinct groups, but also noted that
there was difficulty in subtyping cytogenetically normal patients by methylation alone (Figueroa,
Lugthart et al. 2010). Bolouri er al. similarly showed that ZDH1 mutants, KM7T2A and CBFB
rearranged AML can also be subtyped effectively in both adult and paediatric forms suggesting
a large overlap n differential methylation between the two age groups (Bolouri, Farrar et al.
2017). However, a large proportion of the cohort was unable to be subtyped in accordance

with mutation or cytogenetic aberration.

We found clear evidence of a DNA methylation signature (primarily hypomethylation)
associated with inv(16) and KMTZA subtypes of paediatric AML. Hierarchical clustering
identified two major groups being dominated by divergent methylation levels. This 1s a
validation 1n Iine with findings from Bolour1 et al. who also 1dentified low levels of methylation
in these cytogenetic subtypes in both children and adults. Considering the fairly consistent
trend of hypomethylation in the KM7T2A subtype, this suggests a dysregulation of an upstream
epigenetic mechanism associated with the demethylation of DNA. However, without paired
expression and functional data the sequence of events and mechanistic relevance 1is yet to be

determined.

Additionally, a group of hypermethylated samples, largely consisting of cytogenetically normal
and novel rearranged forms of AML, was also present in our analysis. This group, was also
previously described by Bolourn er al. and found to be primary made up of paediatric cases
(Bolouri, Farrar et al. 2017). This group of samples warrant further investigation to elucidate
the mechanism of such wide-spread hypermethylation. Despite the genetic heterogeneity of
this group, each appears totally hypermethylated suggesting a potential common underlying
mechanism between patients that may have arisen i a progenitor cell early in hife (Deneberg,
Guardiola et al. 2011). Future functional studies (e.g. 1IPSC) would do well to identify changes
over time from pluripotency to haematopoiesis and matched expression data would be useful
to 1dentify 1f there are an aberrant changes in gene expression exclusive to this heterogenous

group of samples.
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Machine-based learning algorithms were utilised to determine, not only if patients subtypes can
be predicted based off methylation profiling, but if feature importance can be used to decrease
the number of probes necessary to delineate samples. The clear distinction of KM7T2A through
clustering analysis 1s likely suggestive of a biological mechanism causing targeted, yet wide-
spread hypomethylation unique to this subtype. Interestingly, we find a slight ability to predict
cytogenetically normal samples which was largely unexpected due to the heterogeneous nature
of this subtype. Despite this prognostic ability, hierarchical clustering again failed to cluster
cytogenetically normal samples together. This does suggest that there may be some small
commonality between cytogenetically normal samples that define it from cytogenetically

abnormal samples and warrants further study.

5.7.2 The Methylation Signature of Chromosome 16
Rearranged Acute Myeloid Leukaemia

The aim of this study was to define a DNAm based signature associated with the mv(16)
subtype of paediatric AML, and to identify regions of differential methylation that may have

functional consequence.

The Australian discovery cohort identified 12,003 probes significantly associated with inv(16)
through least squares regression and when restricted to the top 100 most associated probes we
find a signature that entirely distinguishes mv(16) paediatric AML from other forms of the
disease. Upon pooled-analysis, this signature did not validate, however a new signature utilising
the top 50 most associated probes achieved the best level of separation between inv(16)
samples and all others. Clustering analysis did not manage to cluster all samples, suggesting that
there 1s a level of intra-subtype heterogeneity likely caused by the multitude of secondary
mutations or chromosomal aberrations (Marlton, Keating et al. 1995; Paschka, Du et al. 2013).
As discussed 1n the review by Kumar er al; this heterogeneity (in all AML subtypes) has
potential to modulate patient outcomes and treatment resistance (Kumar 2011). This further
solidifies the need for accurate 1dentification of patient samples, both between and within
subtypes, to inform targeted treatment response. Larger studies would need to be conducted
to 1dentify the intra-subtype methylation differences and how this may be affecting

pathogenesis. Between analyses, 42% of probes identified in the pooled-analysis were found in
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the discovery analysis, highlighting that there 1s a fairly substantial DN Am signature associated

with mv(16) AML, while also showing the necessity for validation cohorts.

5.7.3 Pathways Showing Epigenetic Disruption in Chromosome
16 Rearranged AML

Current and previous studies have shown that differential methylation exists at a subtype-
specific level in AML (Figueroa, Lugthart et al. 2010). This suggests that epigenetic aberrations
have an effect upon the pathogenesis of each individual subtype of AML. Goldman et al.
discuss 1n their review the lack of msight into epigenetic alteration in mv(16) AML (Goldman,
Hassan et al. 2019) with the exception of differential methylation, and subsequent expression,
m MNI discovered by Larmonie et al. (Larmonie, Arentsen-Peters et al. 2017). To address
this we explored individual probes clustered by gene i our least squares regression analysis
and revealed that several clusters of probes were concurrently differentially methylated
mv(16) samples compared to other forms of AML. Discovery analysis identified MEIST as
prime a candidate for potential altered expression based on changes to DNAm while also
validating the finding of Larmonie et al. with the identification of aberrant methylation of MN/

(Larmonie, van den Heuvel-Eibrink et al. 2014).
MEIST

MEIST 1s a homeobox gene and 1s known to play a key role in early life development and
dysregulation in cancer. Several studies have shown that MEIS/ 1s involved in chemotherapy
resistance and maintenance of cell survival in AML (Kiihnl, Kaiser et al. 2011; Liu, Qin et al.
2017). Furthermore, murine studies have shown that MELS/, in the context of HOX gene
overexpression, causes a feedback loop upregulating Syk signalling and driving subsequent
disease (Mohr, Doebele et al. 2017). It has previously been demonstrated to be silenced by
DNA hypermethylation in several adult cancers, including AML (Lasa, Carnicer et al. 2004
Zangenberg, Grubach et al. 2009; Musialik, Bujko et al. 2015), and can be modulated by

DNMTSA mutation status (Ferreira, Heyn et al. 2015; Larmonie, Arentsen-Peters et al. 2017).
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MEIST was clearly differentially methylated in a way that may prove useful as a biomarker of
disease n paediatric inv(16) AML. We have validated findings of previous studies showing
aberrant methylation i the promoter region of MEIS! (Larmonie, van den Heuvel-Eibrink et
al. 2014). While absent in this study, previous studies suggest this aberrant methylation affects

expression levels and 1s indicative of patient outcome.

MNI1

MNT1 has been identified as a primary candidate for contribution to AML disease pathogenesis
due to several studies previously describing tumour suppressor activity and disruption
contributing to other cancers such as meningioma and colorectal cancer (Lekanne, Riegman
et al. 1995; Jo, Nam et al. 2012). On the other hand, high levels of expression of MN/ has
been associated with poor patient outcome in AML suggesting it plays a dual role in oncogenic
activity and a delicate balance of expression 1s necessary to keep it in check (Heuser, Beutel et
al. 2006). Pooled-analysis confirmed the finding of an average 22.8% reduction in methylation
m mv(16) samples compared to all others across eight probes in potentially functionally
relevant regions of the gene (1" exon). We identified a DMR within M/N/ showing an average
reduction in methylation of 60.2% in mv(16) samples while simultaneously validating findings
from two probes from the HM450K array. While these differences strongly associate with
mv(16) AML, there is a large level of variability within the other subtypes, suggesting that M/N/
methylation may be a contributing, or causal factor to many subtypes. Heuser ef al. showed
that MN1 1s highly expressed in cytogenetically normal adult AML patients (Heuser, Beutel et
al. 2006) and 1s therefore a likely key contributor to the subtype variability observed m our
data. Grosveld et al. suggests that the differentiation inhibition of the CBIp-MYH1 [ fusion in
combination with the growth induction of MNI create a perfect environment for AML
(Grosveld 2007). However, changes in DNAm require a mechanistic input and Larmonie et
al. showed that changes in MN/ DNAm 1s induced by reduced function of DNMT3S
(Larmonie, Arentsen-Peters et al. 2017). Thus, it is likely a combination of the three genes
that are leading to the initiation of iv(16) AML, and this study builds evidence that it may
occur 1n the paediatric setting as well. Future studies should focus on measuring the capacity
of DNMT3S and MNI expression to truly elucidate these genes functionality i paediatric
inv(16) AML.
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RUNXS

Finally, pooled-analysis identified the promoter region of the gene RUNXS as both hypo- and
hypermethylated in inv(16) samples compared to all other subtypes. This finding is of particular
mterest as high expression of RUNXS correlates with poor prognosis to patients. This finding
being solely localised to a promoter region of the gene suggests that there may be some control
upon gene expression induced by DNAm. Interestingly, multiple studies have shown that
hypermethylation of the promoter region of RUNXS and subsequent repression of gene
expression 1s associated with the inv(16) subtype (Estecio, Maddipoti et al. 2014; Estécio,
Maddipoti et al. 2015), although this change has been shown to be caused by the fusion protein
itself rather than the change in methylation (Cheng, Li et al. 2008). While we did identify
similar hypermethylation patterns, the closest probes to the transcription start site were
hypomethylated in inv(16) samples, therefore prompting necessary further investigation to

identify how this might be affecting gene expression.

5.7.4 Future Directions & Limitations

Opverall this study suggests that there 1s unique aberrant methylation associated with the mv(16)
subtype of paediatric AML in MEISI, MN1 and RUNXS. Our study validates findings in the
paediatric setting of previous work in adult AML for both MEILSI and MNI, however it
challenges the current literature in the methylation status and association of RUNXS in the
mv(16) samples. Future studies should assess combining methylation data with the expression
and mutational profiling of these genes to discover downstream functional consequences. Such
studies would also do well to look at patient treatments and outcomes n relation to apparent
subtype-specific methylation patterns to determine if this correlates with improved accuracy of
prognosis or outcome over traditional measures. For now, we have shown that there are
contrasting methylation levels between inv(16) and other forms of paediatric AML that serve
well as a biomarker of disease and show potential prognostic implications for both treatment
and overall outcomes. However, it 1s clear that considerably larger sample sizes, with multiple
‘layers’ of genetic, epigenetic and expression data will likely be needed to more fully explore

the potential of molecular subtyping for prognosis and informing treatment.
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Limitations for this study mainly revolve around sample acquisition and data availability. Data
from international studies only became available after analysis of local samples was complete,
which was unideal. In an already relatively small patient cohort, further dividing into subtypes
severely diminished power to 1dentify probes with predictive ability, especially when using
variance as the main determinant. In future studies, it would be i1deal to increase sample size
so that each subtype 1s well represented, with sufficient power to detect subtype-specific
methylation signatures of modest-to-small size. This would also allow regression analysis to be
performed on each individual subtype against the remainder of the cohort as was performed
here specifically for inv(16) cases. Not only would this allow for greater separation between
subtypes, but it may also provide valuable insights into the underlying mechanisms associated

with each, thereby potentially informing novel treatment approaches (Newcombe, Gibson et

al. 2018).

An additional issue i the current study was the extent of genetic data acquisition of each
sample, with the majority lacking any information related to point mutation status. Previous
studies have found DNAm signatures of adult AML samples associated with common SNPs,
also linked to the disease (Griffiths, Gore et al. 2010). Therefore, it 1s likely that some samples
may be clustering based on specific point mutations rather than chromosomal rearrangement
in 1solation and this cannot be detected without appropriate genetic profiling. It is also hkely
that aberrant DNAm signatures result from a combination of effects of multiple genetic
abnormalities. As previously mentioned, this can create an intra-subtype heterogeneity causing
clustering to be neffective and indicative of a SNP based signature rather than a chromosomal
lesion signature. For future predictive studies, genetic profiling of common SNPs in AML (such
as FLTS, TPs3, RUNXI, ASXLI, NPM1, KIT, DNMT3A, IDHI, IDH? and TETY) i1s

paramount to ensure appropriate clustering of samples.

Finally, as previously mentioned, using variance as the defimtive form of differential
methylation to subtype all forms of paediatric AML 1s rudimentary. With the advent of MBL
we can explore other unsupervised methods of subtyping, however mput data 1s largely the
defining factor for performance of both the model creation and prediction. With limited
computational power we were only able to use the 10,000 most variable probes as our mput

data from a total pool of 373,253 probes. While many of these probes were likely redundant
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i terms of their subtyping capability, MBL can identify the most useful probes to determine
correct subtype and therefore should be able to 1dentify the top probes from the whole dataset
rather than just a subset of the most variable probes. This lack of computational power could
be corrected using either a combination of multiple individual models best performing probes,
or preferably using a super-computer to run all probes simultaneously in a single model and

removing redundancy manually.

Addressing these 1ssues may reveal a marked improvement in both unsupervised and MBL
based predictive analyses. Furthermore, we may even be able to breakdown the data mto
smaller categories and find unique DNAm signatures associated with combinations of genetic
and chromosomal abnormalities. In reference to the data at hand, we may also be able to
identify why particular samples do not cluster with their respective subtypes despite discovery

analyses suggesting that these are fairly similar to one another.
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Chapter 6 The Potential of DNA Methylation
as a Predictor of Outcome in
Paediatric Acute Myeloid

Leukaemia
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6.1 Rationale

Paediatric acute myeloid leukaemia may be one of the rarer forms, however the rate of
mortality far exceeds that of others (Dohner, Estey et al. 2010). The reasons behind this are
two-fold. Firstly, despite an induction therapy success rate of 80-90%, the rate of relapse in
AML 1s estimated to be around 409%. Relapsed patients have an exacerbated disease state,
become more difficult to treat due to chemotherapy resistance, and often have clonally evolved
and diverse leukaemia which complicates targeted therapy (Ding, Ley et al. 2012). The
mortality rate of AML jumps from between 10-209% to upwards of 609 upon recurrence
(Puumala, Ross et al. 2013). Secondly, with paediatric AML being a rare disease, the body of
knowledge into the pathogenesis and prognosis 1s lacking relative to other types of leukaemia.
Due to this lack of knowledge, classification and current prognostic measures have been
designed with adult leukaemia i mind and therefore may not adequately translate to the

paediatric setting (Mrozek, Marcucci et al. 2012).

The classification system currently in place for AML 1s defined by the World Health
Organisation guidelines (Arber, Orazi et al. 2016). Incorporated mnto this 1s a risk stratification
standardised system as suggested by the European LeukaemmaNet (ELN) study (Dohner, Estey
et al. 2010) and recently updated by Estey ef a/to account for new research in the field (Estey
2016). The primary outcome of risk stratification is to be able to accurately 1dentify those that
are most at risk and act accordingly should they not respond to induction therapy. This enables
some targeting of treatment. Potential novel trials are available to patients who are
unresponsive. However, studies have shown that co-mutation of genes that are not
mcorporated into current stratification can inform treatment and potentially change patient
outcomes (Bolouri, Farrar et al. 2017). Some common chromosomal aberration are not
included at all. While the current stratification model has shown to be replicable and clinically
useful (Mrozek, Marcucc et al. 2012), it 1s becoming increasingly clear that expansion and

subtype specific co-mutation needs to be incorporated to adequately define patient risk.

Genetics-based prognosis has been the standard for AML, however many alternatives to
prognosis have been suggested with varying outcomes. Gene expression panels, utilising an

assortment of genes to predict patient outcome has been widely studied (Metzeler, Hummel
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et al. 2008; Li, Herold et al. 2013; Niavarani, Herold et al. 2015), however these studies have
often been unable to validate previous findings and are rarely utilised in the clinical setting
despite improving upon the ELN stratification. The feasibility of these analyses are hindered
by availability of RNA from fresh patient samples and therefore rarely translate clinically.
Unfortunately, many of these other prognostic tests (largely genetic in nature) are very specific
to subtype and do not take mto account the variability of AML, making their prognostic scope
too narrow to be effectively translated (Zhou, Yin et al. 2015; Candoni, De Marchi et al. 2017;
Zhang, Lin et al. 2017).While these aforementioned tests are useful for refining the current
ELN system, one could argue that incorporating other mechanisms of disease beyond genetics

would alleviate some heterogeneity that comes with standard classification by cytogenetics.

DNAm has been suggested as an additional tool to be utilised alongside genetic and expression
based prognostic markers. It is very dynamic in early development in association with cell/tissue
specification, yet generally stable once established. DNAm 1s also fairly easily measured relative
to other epigenetic marks implicated in tumorigenesis and has been widely studied in a range
of cancers, both for functional insights and potential prognostic use. Examples of DNAm as a
prognostic biomarker include studies by Nordlund et al. who utilised DNAm in 764 paediatric
patients to accurately distinguish subtype i ALL patients (Nordlund, Béicklin et al. 2013) and
Capper et al. who collated the largest collection of DNAm array data across all ages and forms
of CNS tumours (n=2801) to create a classifier that 1s purported to be more accurate than

histopathological diagnosis (Capper, Jones et al. 2018).

In the current study we aimed to use a similar approach to that of Capper et al, encompassing
machine-based learning using HM450k data to predict paediatric AML patient outcome from
diagnostic bone marrow aspirate samples. Furthermore, we also attempted to predict AML
patient outcome independent of underlying genetic variation, therefore distinguishing it from
the standard ELN classification system which is lacking in extended genetic alterations and

does not translate as well in the paediatric setting.
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The overall aim of this study was to predict patient outcome using DNAm array data in both a

discovery and pooled combined cohort. We hypothesised that;

()

(1)

(111)

There 1s a distinct DNAm profile at diagnosis that can distinguish patients that
relapse or do not respond to induction therapy, relative to those that achieve an
uninterrupted 5-year EFS;

DNAm differences associated with elevated risk of poor outcome can elucidate
aberrant functional genes or pathways that may play a role in the AML recurrence,
and;

Identiied DNAm differences can be utilised m a machine-based learning

environment to predict patient outcome at diagnosis.
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6.2 Study Cohort

The total patient cohort was compromised of a total 158 AML samples with varying
cytogenetics, sex and patient outcomes. All samples are patient derived bone marrow taken at
diagnosis and a characterised breakdown of these samples can be found in Table 6.1. Good
outcome patients (n=36) achieved a 5-year EFS without induction failure or relapse, while poor
outcome patients did not (n=122). Males were slightly overrepresented (ratio 1.2), however this
1s to be expected as males are slightly overrepresented in the paediatric AML population
(Puumala, Ross et al. 2013). Age of patients at diagnosis primarily consists of children aged 3-
14 but 1s well represented by other age groups as well. The average age of patients was 8 with
all patients between the ages of <1 to 18 at the time of diagnosis, with the exception of three
TARGET patients at 19, 21 and 23 years of age. Clinical patient characteristics were obtained
from the CLLARA database for RCH (VIC) cases while other cohort information was received
upon receipt of samples from their respective biobanking repositories. All data 1s correct as of

April 2018.

Current patient status again closely reflects the general population, with approximately 30% of
patients having a poor outcome. Most abnormalities found in AML are covered with 60% of
the cohort being represented by the most common abnormalities such as KM7T2A
rearrangements, inv(16), t(8;21) and CN patients. The replication cohort (TARGET) consists
of predominantly poor outcome samples due to cohort inclusion criteria favouring those with
poor risk outcomes and patients that are in clinical trials which 1s heavily biased towards patients

with rare or notoriously difficult to treat forms of AML.
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Table 6.1  Clinical characteristics of good and poor outcome patients from both the
Australian (discovery) and TARGET (replication) AML cohorts
Clinical Characteristics Good Outcome (%) Poor Outcome (%)
(n=36) (n=122)
Outcome
Initial 5-year EFS achieved 36 (1009%) 0 (09%)
Relapse 0 (0%) 86 (70.5%)
Induction failure 0 (09%) 36 (29.5%)
Sex
Male 23 (63.9%) 63 (51.6%)
Female 13 (26.1%) 59 (48.4%)
Age at diagnosis

Infants (<3 y/o)
Children (3-14 y/o)

14 (38.9%)
19 (52.8%)

29 (23.8%)
60 (49.2%)

AYA (15+y/o) 3 (8.3%) 33 (27%)
Status

Alive 34 (94.49%) 36 (29.5%)

Deceased 0 (0%) 86 (70.5%)

Unknown' 2 (5.6%) 0 (09%)
Cytogenetics

mv(16)/t(16;16) 5 (13.99%) 6 (4.99%)

t(8;21) 1 (2.8%) 6 (4.99%)

KMT2A rearranged 10 (27.8%) 23 (18.9%)

Trisomy 8

3 (8.3%)

3 (2.5%)

Trisomy 21 1 (2.8%) 1 (<1%)
CN 6 (16.7%) 37 (30.3%)
Complex karyotype™ 2 (5.5%) 5 (4.1%)
Other’ 8 (22.2%) 30 (24.6%)
Unknown 0 (09%) 6 (9.0)
Sample Source

RCH(VIC) 20 (55.5%) 22 (18.1%)
WM 10 (27.8%) 17 (13.9%)
RCH(QLD) 0 (09%) 4 (3.2%)
TARGET AML 6 (16.7%) 79 (64.8%)

Abbreviations: EFS - Event free survival; y/o - Years old; AYA - Adolescent/Young adult; inv - Inversion; t -
Translocation; CN - Cytogenetically normal; RCH - Royal Children’s Hospital; VIC - Victoria; WM -
Westmead; QLD - Queensland; TARGET AML - Therapeutically Applicable Research To Generate Effective
Treatments in Acute Myeloid Leukaemia.

*Complex karyotypes are defined by patients having two or more cytogenetic abnormalities or abnormalities that
are otherwise unrelated to AML pathogenesis. *Other cytogenetic abnormalities are defined as del5/7/9/13/20q,
mv(q), -7, t(5;6), t(6;9), t(7;14), t(15;17), t(16;21). Genetic abnormalities are mostly undefined.

"Patients achieved a 5-year EFS however recent data is unavailable to ensure that they are currently stll alive.
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6.3 DNA Methylation Profiling to Predict Patient
Outcome in an Australian AML Cohort

6.3.1 Using DNA Methylation to Define Patient Outcome

As previously outlined, patients in our Australian AML cohort (n=47) that were defined as
‘poor outcome’ went on to relapse (Figure 6.1A, p<0.0001, log rank test). This occurred as late

as 900 days after original diagnosis.

Prior to implementing DNAm into any analyses, we interrogated standard epidemiological data
for their prognostic ability within the cohort. Fisher’s exact test showed that age, sex and patient
cytogenetics had no significant correlation with patient outcome (Table 6.2). However, log rank
test of survival analysis revealed that while patient cytogenetics did not influence EFS (Figure
6.1C,) it did influence patient survival (Figure 6.1B, p=0.046). Furthermore, receiver operating
characteristic (ROC) analysis confirmed that these clinical characteristics are unable to
accurately predict patient outcome in this cohort, both separately and in combination.
Therefore, while the current standard in mortality prognosis (ELN classification) does serve

well to predict patient mortality, it does not adequately predict patient relapse.

Table 6.2 Fisher’s exact test and ROC analysis predictive utility of clinical characteristics
for patient outcome

Clinical Characteristics p-value AUC 95% CI)

Sex (male, female) 0.467 0.5543 (0.440 - 0.668)
Age at diagnosis (infant, child, AYA) 0.326 0.5922 (0.475 - 0.710)
Patient cytogenetics 0.509 0.6140 (0.481 - 0.748)
All combined N/A 0.6461 (0.515 - 0.777)

Abbreviations: AUC - Area under the curve
*Patient cytogenetics was split into inv(16)/t(16;16), t(8;21), KMT2A rearranged, trisomy 8, CN, complex and all
others fell into category ‘other’.
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Figure 6.1  Survival and relapse curve analysis based on patient outcome and cytogenetic
abnormalities

Time in days from original diagnosis 1s shown on the x-axis with survival or relapse probability on the y-axis. (A)

Time for all patients with poor outcome to relapse (poor outcome, n=17, p<0.0001, log-rank test). (B) Patients

with a complex karyotype (n=5) had a significantly shorter survival (p=0.046, log-rank test) compared to all other

cytogenetic abnormalities (n = 42), however (C) cytogenetics did not significantly influence EFS between patients

(=55, p=0.56, log-rank test).
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As a first step to examine the variation in the data, unsupervised principal component analysis
(PCA) was undertaken on data from samples sourced at the RCH VIC, RCH QLD and WM
NSW (n=73, Good outcome=30, poor outcome=43). Principal component 1 (PC1), which
accounts for 12% of the total variation in the dataset, was partially attributed to patient outcome
(p = 0.03, Student’s asymptotic p-value for correlation), however this was confounded by chip
effects (p = 4.0x10") and where the sample originated from (p = 0.04). Figure 6.1 illustrates a
dimensionality reduction looking at only the PC1 and PC2 sources of variation, highlighting
the generally poor separation of good and poor outcome samples. Additional PCs were also

unable to distinguish patients by outcome.
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Figure 6.2  Unsupervised principal component analysis plot of poor and good outcome

cases
Beta values from all 373,253 probes that passed QC from the HM450k across 73 samples were used in a PCA
to determine sources of variation in the dataset. The variation in PCI1, although marginally associated with
outcome, was not sufficient to clearly separate poor and good outcome cases. This was not improved by including
variation as part of PC2. The larger circle and triangle represent their respective group means and ellipses drawn
around these averages are defined by 0.95 confidence interval.

While PCA 1n 1solation did not effectively separate patient outcome groups, it did suggest that

patient outcome contributed to variation mn the data. In order to explore this further, global
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methylation analysis of all 373,253 probes was employed to understand if areas of
hypo/hypermethylation could be found, which in turn could infer the direction and magnitude
of this variation. Overlaying the beta density distribution of diagnostic samples from poor and
good outcome cases (Figure 6.3) revealed a shightly hypermethylated profile in poor outcome
patients, with fewer hypomethylated probes and more partially methylated and hyper
methylated probes. This 1s reflected in a 2% mean increase in methylation level of all probes

(p = 4.06x10™, Student’s t-test).

0.00 0.25 0.50 0.75 1.00

Outcome mGood m Poor

Figure 6.3  Overlayed density plot of methylation distribution between outcome groups
Visualisation of the average beta values from all 373,253 probes between outcome groups (n=73) shows a decrease
in lowly methylated probes, a slight gain in intermediate methylated probes, and more hypermethylated probes
for poor outcome patients. This suggests that some probes are differentially methylated at diagnosis for patients
that would later go on to be considered a poor prognostic case. Outcome group means are defined by the dashed
lines with a 2% increase in mean methylation in poor outcome patients on average (p = 4.06x10™").
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6.3.2 Probe & Gene Specific Differential DNA Methylation at

Diagnosis Associated with Poor Patient Outcome

Linear regression analysis, utilising the ‘remove unwanted variance’ (RUV) R package, was used
to further identify the sources of variation in the data associated with patient outcome.
Regression analysis yielded 2046 statistically significant differentially methylated probes
(DMPs, unadjusted p<0.01) between good and poor outcome patients in diagnostic samples,

however these did not survive correction for multiple-testing.

Of the total 2046 probes that were 1dentified in regression analysis, 517 of these were found in
open seas while the remaining 1529 were associated with 1292 genes as defined by the
HMA450k manifest. Several genes on this list were 1dentified as potential contributors to disease
progression and were taken into account for further analysis based on a criterion of number of
significant probes, consistency of finding (low p-value), large differences between groups (AB)
or compelling evidence for a role in disease pathogenesis. Overall, 53 probes were selected,
spanning 11 genes (listed in Appendix I1I) and are explored for their prognostic use in Section

Clustering analysis based on all probes was largely unable to distinguish patients by outcome.
By restricting analyses to the top 100 probes (p<9.11x10”) it was possible to partially separate
two clusters of patients by outcome using unsupervised hierarchical clustering (Figure 6.4). Two
of the three major clusters were associated with poor patient outcome, encompassing 37 of 43
patients, whereas the final cluster associated with good outcome encompassed 24 of 30 patients
(p = 1.602x10", Fisher’s Exact Test). A total of 6 cases each of poor and good outcome did not

co-cluster with similar outcome samples.
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Figure 6.4 Heatmap of beta values for 73 AML patients across the 100 highest ranked

probes associated with patient outcome
Heatmap with the y-axis representing the top 100 CpG sites while the x-axis shows 73 patient samples which are
both ordered by hierarchical clustering as depicted by the dendrogram. Hypomethylation 1s depicted i yellow
and a gradual increase to hypermethylation is indicated by purple. This heatmap showed that DNAm can fairly
accurately define patient outcome by correctly predicting 61 out of 73 patient samples. Patient age group and
gender were displayed to ensure that age and sex could not explain the discrepancies in the data.
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6.3.3 Using the Top Differentially Methylated Probes to Predict

Patient Outcome

The selection of features for predictive modelling 1s important as the more features that are
mcluded 1n the model the less predictive power that it will have. Furthermore, while many
features can contribute individually to prognosis, redundancy can occur if features are not
contributing unique information when combined n the same model. To test the prognostic
potential of each probe previously identified to potentially contribute to disease, we firstly
calculated the Pearson correlation coefficient of all probes previously outlined in Appendix II1
(Figure 6.5). We discovered that methylation levels at probes found within several genes
(MAEA & LAMPI, TXNRDI, FGFRS3 and PRR54) were highly correlated (Figure 6.5) and
therefore could be used as ‘tagprobes’ (one probe representing a correlated region of probes)
for modelling purposes. That 1s, like a tagSNP, that any site within the correlated region would
add the same information to a predictive model, thus one probe 1s used to encapsulate all
probes within that region for predictive purposes. Probes cpgl6, cpg7, cpgdb and cpgd4 were
selected as tagprobes as these had the largest average AB between poor and good outcome
cases for their respective regions. The remaining probes, accounting for 6 genes, did not cluster

together and were therefore unable to be tagged appropriately.
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Figure 6.5 Correlation matrix of candidate probes based on disease progression
Correlation of probes (n=53) spanning eleven genes selected in section 6.3.2 as potentially effecting disease
progression. Probes are ordered by hierarchical clustering and black boxes outline the top ten clusters. High
positively correlated probes are in dark blue while dark red suggests high negative correlation. Highlighted areas
show probes that are highly correlated and are from the same gene and are ideal candidates as ‘tagprobes’.

Recewver operating characteristic (ROC) analysis was undertaken for all probes identified in
section 6.3.2 except for highly correlated probes that were removed and represented by the
aforementioned tagprobes (Table 6.3; corresponding HM450K probe names can be found in
Appendix III). CpG48 was identified as the optimal probe to distinguish patient outcome
(AUC = 0.770) and was used as the foundation probe for building a multi-probe signature for
ROC analysis. Each probe was sequentially added to the model (in descending order of AUC
value) and was kept if it increased the overall AUC. A model including CpG48, CpG38,
CpG49, CpG16, CpG3, CpG47 and CpGH1 could accurately discriminate patient outcome in
91% of cases (Figure 6.6). Translation of this into a clinical setting would largely revolve around

minimising false-negative predictions, therefore calculation of the Youden index (the
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maximum effectiveness of a biomarker) will not yield the optimal cut-off value. To truly
minimise false-negative rate while obtaining useful prognostic results, an optimal cut-off would
be around 4.75 (alpha value) which allows for close to 90% sensitivity with a false positive rate
around 20%. Validation of these probes and models n a larger cohort 1s necessary and will be

addressed 1n section 6.4.3.

Table 6.3  Results of ROC analysis of individual candidate probes

Probe A AUC 95% CI) Probe AB AUC (95% CI)

cpgl -0.205 0.705 (0.583 - 0.828) cpg28 -0.218 0.6581 (0.528 - 0.788)
cpg2 -0.087 0.653 (0.519 - 0.787) cpg29 -0.174 0.6543 (0.523 - 0.786)
cpg3 -0.028 0.704 (0.580 - 0.827) cpg30 -0.074 0.6287 (0.500 - 0.758)
cpgd 0.018 0.585 (0.447 - 0.722) cpg3l -0.143 0.7078 (0.587 - 0.829)
cpgd 0.016 0.571 (0.427 - 0.714) cpg32 -0.220 0.7310 (0.616 - 0.846)
cpg7 -0.259 0.698 (0.576 - 0.821) cpg3d 0.151 0.6659 (0.538 - 0.794)
cpgl6 -0.206 0.716 (0.593 - 0.839) cpg38 -0.076 0.7519 (0.638 - 0.866)
cpg20 -0.031 0.723 (0.604 - 0.842) cpgdd 0.069 0.6760 (0.551 - 0.801)
cpg2l -0.182 0.698 (0.573 - 0.822) cpgd7 -0.015 0.6434 (0.512 - 0.775)
cpg22 -0.170 0.679 (0.554 - 0.804) cpgd8 -0.121 0.7698 (0.663 - 0.877)
cpg23 -0.022 0.647 (0.513 - 0.780) cpgd9 -0.030 0.7357 (0.620 - 0.851)
cpg24 -0.0567 0.686 (0.560 - 0.812) cpgd0 -0.026 0.6256 (0.488 - 0.763)
cpg2H -0.085 0.631 (0.500 - 0.767) cpgdl -0.0561 0.6264 (0.496 - 0.757)
cpg26 -0.132 0.674 (0.544 - 0.803) cpgh2 -0.028 0.7000 (0.578 - 0.822)
cpg27 -0.115 0.671 (0.542 - 0.799) cpgd3 0.097 0.6636 (0.537 - 0.790)

Best combination of probes AUC (95% CI)

cpgd8 + cpg38 + cpgd9 + cpgl6 + cpgd +
cpgd7 + cpghl
Abbreviations: AP - Delta beta (difference in average methylation between two groups); AUC - Area under the
curve; CI - Confidence interval.

0.908 (0.841 - 0.975)
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Figure 6.6  Receiver operator characteristic curve of optimum combination of probes to

predict patient outcome
‘With a combination of probe CpG48, CpG38, CpG49, CpG16, CpG3, CpG47 and CpGH1 we could accurately
predict outcome in 919% of patients (n=73, AUC=0.908). True positive rate is plotted against false positive rate
and the curve is colourised based on cut-off (alpha value).
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6.4 Whole-genome DNA Methylation Analysis to
Predict Patient Outcome: A Pooled-Analysis

6.4.1 DNA Methylation to Define Patient Outcome in a Combined
AML Cohort

With the addition of the TARGET AML cohort epidemiological data such as age, sex and
cytogenetics was again analysed for prognostic utility (Table 6.4). Fisher’s exact test revealed
that patient age group was associated with patient outcome (p = 0.002), however this may be
due largely to the increase in poor outcome patients, especially AYA age grouped, that the
TARGET cohort was built around. Sex and cytogenetics of the patients continued to show no

association with patient outcome, confirming the original findings in the discovery cohort.

Receiver operating characteristic analysis showed that there 1s little predictive value for any
epidemiological data, again confirming the original findings despite the newfound age
association. Combinations of these data, while an improvement upon their individual
prognostic value, still remain unsuitable for prognostic testing. Furthermore, none of the added
data altered findings in survival analysis (data not shown), therefore giving more credence to
the 1dea that while relapse 1s a main cause of death, cytogenetics does not overly dictate who

will suffer a recurrence.

Table 6.4  Results of Fishers exact test and ROC analysis for clinical characteristics upon
patient outcome in a pooled cohort

Clinical Characteristics p-value AUC 95% CI)

Sex (male, female) 0.254 0.5612 (0.4701 - 0.6524)
Age at diagnosis (infant, child, AYA) 0.002 0.6120 (0.5225 - 0.7015)
Patient cytogenetics™ 0.141 0.6071 (0.5018 - 0.7124)
All combined N/A 0.6463 (0.5441 - 0.7485)

Abbreviations: AUC - Area under the curve; AYA - Adolescence/Young adult.
*Patient cytogenetics was split into inv(16)/t(16;16), t(8;21), KMT2A rearranged, trisomy 8, CN, complex and all
others fell into category ‘other’.

Combining the discovery AML cohort with the TARGET AML dataset, which includes a

further 79 poor and 6 good outcome patients, increased the sample size to 158.
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Unsupervised principal components analysis was undertaken on the total cohort and revealed
that patient outcome (p=2.0x10", Student’s asymptotic p-value for correlation) was a
component of PC2, contributing 9.5% of the variation in the dataset. Similar to the Australian
cohort analysis, this was confounded by chip (p = 6.0x10™) and where the sample originated
from (p = 9.0x10™). Figure 6.7 shows dimensionality reduction obtained using methylation
values of probes contributing to variation in PC1 and PC2 only. While the pooled-analysis has
mmproved the ability to distinguish patient outcome groups, particularly through PC2, sample

overlap 1s still apparent and cannot solely distinguish patient outcome.
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Figure 6.7 Unsupervised principal components analysis plot to define patient outcome in

a pooled cohort
Beta values from 373,253 HM450K probes remaining following quality control across 158 samples were used in
a PCA to determine sources of variation in the dataset. The variation in PC2 (accounting for 9.5% of the total
variation) was partly attributed to patient outcome but this is marginal with little predictive utility (as exemplified
by substantial overlap between poor and good outcome cases on the y-axis). The larger blue dot and red triangle
represent their respective group means and ellipses drawn around these define the 0.95 confidence intervals.

Global methylation analysis of all 373,253 probes was employed to distinguish global
methylation differences between patient outcome groups. Overlayed inspection of beta density

(Figure 6.8) supports the previously 1dentified hypermethylated profile in poor outcome
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patients with a 2% mean increase (p = 6.485x10™, Student’s t-test) in global methylation. In
contrast to the Australian only AML cohort, the pooled-analysis revealed a larger density of
hypermethylated probes, but also alluded to some more hypomethylated probes in poor

outcome cases too. Good outcome cases remained relatively unchanged.
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Figure 6.8 Overlayed density plot to interrogate global methylation differences between
outcome groups in a pooled cohort

Averaging the beta values from all 373,253 probes between outcome groups (n = 158) shows an increase in lowly

methylated probes and a slight loss in medium methylated probes for good outcome patients. Pooled-analysis

shows that this 1s a consistent finding as numbers of highly methylated probes in poor outcome patients only

continues to rise. Outcome group means are defined by the dashed lines with a 2% increase in average methylation

in poor outcome patients (p = 6.485x10™").
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6.4.2 Probe & Gene Specific Differential DNA Methylation

Underpinning Poor Patient Outcome: A Pooled-Analysis

Similarly to the previous analysis, linear regression was used, utilising the ‘remove unwanted
variance’ (RUV) R package, to identify the most differentially methylated probes between
patient outcome groups. Regression analysis yielded 4036 statistically significant differentially
methylated probes (DMPs, unadjusted p<0.01) between outcome groups, however these did
not survive correction for multiple-testing. Of the total 4036 probes that were 1dentified in
regression analysis, 866 probes were found mn open seas while the remaining 3170 probes were
associated to 2485 genes. A total of 3419 probes were specific to the combined analysis, while
1429 were 1dentified only in the Australian samples. A total of 617 probes were found in both
analyses (Figure 6.9). This included only 52 of the top 100 from the Australian cohort,

highlighting the impact of sample size on this type of differential methylation analysis.

Meta-Analysis Aus Cohort

349 617 1429

Figure 6.9 Venn diagram of significantly differentially methylated probes between the
discovery and combined cohorts

In the pooled-analysis 4036 probes were 1dentified as differentially methylated between patient outcome groups.
Of these, 617 probes were common to the previous Australian only analysis.

Clustering analysis was undertaken on all significant probes as well as the 617 common probes
between analyses, however this revealed little ability to distinguish patient outcome. By
restricting to the top 500 differentially methylated probes (p<8.08x10”) of the current regression

analysis we were able to generate a DNAm signature that best distinguished patients by
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outcome using unsupervised hierarchical clustering (Figure 6.10). Two primary clusters
appeared with cluster 1 featuring 81% of the good outcome cases, but also 43% of the poor
outcome cases. Cluster 2 had the remaining 57% of poor outcome cases and 19% of the good

outcome cases too (p=5.704x10", Fisher’s Exact Test).

Beta Density Plot

0 2000
L1 1

Broor ||||| || II

I II- II | 0 IIIIIIIIII - IO TTWIONT ] 1IN
et | s ‘e ¢ | 2= 1 21
OAYA

COMale
WFemale

CpG Sites

Figure 6.10 Heatmap of beta values for 158 AML patients across the 500 highest ranked

probes associated with patient outcome
Heatmap with the y-axis representing 500 CpG sites while the x-axis shows 158 patient samples which are both
ordered by hierarchical clustering as depicted by the dendrograms. This heatmap showed that DNAm can fairly
accurately define patient outcome by distinguishing 29/36 good outcome patients in cluster 1 and 70/122 poor
patient outcome samples in cluster 2. Patient age group and gender were displayed to ensure that age and sex
could not explain the discrepancies in the data.

Particular genes that were 1dentified as potential contributors to disease were selected on the

same criteria denoted 1n section 6.3.2. All probes selected can be found in Appendix IV.
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Genes of particular interest identified in the discovery analysis and were supported in the
pooled-analysis include MIRLET7AS, PTPRNZ and PAXO. Correlation analysis was
performed on each of these genes/probes to see if the sites could be averaged and used as a
singular DMR (Figure 6.11). Probes within MIRLET7A5and PAX6were all highly correlated.
Subsequent DMRs for MIRLET7AS (p=2.54x10", Student’s t-test) and PAXO (p=7.38x10",
Student’s t-test) were significantly differentially methylated, however despite adding more

probes from the original analysis, P7PRNZremained uncorrelated.

Other genes from Appendix IV were validated in this study, including BAHCCI and PRR34.
FGFR3 was validated and included several more probes than previously implicated suggesting
a key role for this gene in disease progression and patient relapse. LAMPI was only slightly
validated with 2 out of 4 probes appearing in both analyses, however the difference in
methylation was smaller suggesting LAMPI could be an artefact of the Australian cohort and
1s not entirely recapitulated in the total paediatric AML cohort. Unfortunately, many probes
from the Australian cohort analysis did not validate including RUNXS, TXNRDI1, HOXBS
and MAEA. With the additional samples from the TARGET AML study we can be more
confident with the robustness of these findings implicating aberrant DNAm in different patient

outcomes at diagnosis.
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Figure 6.11 Correlation matrix and boxplot/line graph defining differential methylation
between pooled patient outcome groups in MIRLET7A, PTPRN2 and PAX6

Caption on next page.
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Correlation matrices show the correlation between statistically significant probes within a single gene. Highly
correlated probes are averaged and presented as boxplots, while uncorrelated probes are shown as line graphs.
Boxplots show the median, 0.25/0.75 IQR, minimum and maximum methylation within patient outcome groups
(n=158). The mean is represented by the coloured circle in the middle of the boxplot and outliers lay beyond the
whiskers. Line graph show each probe with SD represented by the error bars. A) MIRLET7A3had 6 probes, all
of which were highly correlated and averaged between patient outcome groups (p = 2.54x10", Student’s t-test). B)
PTPRNZ was validated and included 5 new probes totalling at 13, none of which were correlated. Each probe
was averaged between patient outcome groups and visualised (* p < 0.05, ** p <0.005, Student’s t-test). C) PAXO
had 3 probes all of which were correlated and averaged between patient outcome groups (p = 7.38x10”, Student’s
t-test).
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6.4.3 Comparing the Top Differentially Methylated Probes to

Predict Patient Outcome: A Pooled-Analysis

Probes that were included in previous ROC analysis of Australian only cases (section 6.3.3)
that also survived linear regression analysis in the combined cohort (section 6.4.2) were tested
i ROC analysis in the combined cohort to test their predictive value (Table 6.5). Only 14 of
53 probes previously 1dentified probes met these criteria and were mcluded in ROC analysis.
Two probes (cpg32 and cpgd3) increased their predictive value while the remaining 12 probes
all showed less predictive utility in the combined cohort. The average change in AUC (AAUC)
for these 12 probes was -0.05. Cpg23 was the poorest performer in the combined analysis with
a AAUC value of -0.112. The A or difference of AP between analyses did not influence the
AUC, nor did 1t affect the AAUC between analyses. A ROC analysis of the probes that created
the optimal prognostic signature in Australian only samples (section 6.4.2) yielded a reduced
area under the curve and predictive analysis in the combined cohort (AAUC=-0.1184, ROC
analysis). As such, a new model encompassing probes solely from the combined analysis was

generated.
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Table 6.5  ROC analysis in the combined sample of probes from Australian only ROC

analysis
Probe AB AAB* AUC (95% CI) AAUC*
cpgld -0.097 0.048 0.627 (0.520 - 0.743) -0.090
cpg23 -0.015 0.008 0.535 (0.413 - 0.657) -0.112
cpg32 -0.210 0.010 0.763 (0.684 - 0.843) 0.032
cpg33 0.096 -0.020 0.607 (0.491 - 0.722) -0.059
cpg34 0.104 -0.025 0.591 (0.473 - 0.591) -0.075
cpg3d 0.127 -0.024 0.626 (0.514 - 0.733) -0.040
cpg36 0.091 -0.001 0.636 (0.524 - 0.747) -0.030
cpg37 0.105 0.011 0.635 (0.523 - 0.746) -0.031
cpgd3 0.036 -0.018 0.696 (0.485 - 0.700) 0.020
cpgdd 0.030 -0.040 0.592 (0.485 - 0.592) -0.084
cpgdd 0.039 -0.010 0.638 (0.531 - 0.745) -0.038
cpgd6 0.022 -0.010 0.596 (0.494 - 0.698) -0.080
cpgd9 -0.022 0.007 0.679 (0.583 - 0.775) -0.057
cpgH3 0.055 -0.041 0.612 (0.504 - 0.720) -0.052
Validation of best AUC 95% CI) AAUC*

combination of probes

cpgd8 + cpg38 + cpgd9 +

cpgl6 + cpg3 + cpgd7 + 0.789 (0.712 - 0.867) -0.1184

cpgdl
Abbreviations: AP - Delta beta (difference in average methylation between two groups); AUC - Area under the
curve; CI - Confidence interval.
*AAUC/AAB is calculated by Table 6.5 AUC/AB minus Table 6.3 AUC/AP for the same probe (or tagprobe).

Feature selection using correlation analysis was again undertaken upon a new set of probes that
were 1dentified during regression analysis (Appendix IV). Pearson correlation coefficient was
calculated for each pair of probes and ordered by unsupervised hierarchical clustering (Figure
6.12). Probes in PAX0, FLOTI, MIRLET7A3 and PPR54 genes were all highly correlated.
FGF3 was slightly correlated with many probes of other genes. Other genes such as GRLFI
and PTPRNZ2 were not particularly well correlated. Tagprobes for the aforementioned
correlated genes were used to represent the region in predictive modelling. Cpg79, cpg85,
cpg90 and cpg94 were all used to represent probes originating from PPR34, MIRLET7AJS,
PAXO and FLOTI respectively. FGFR3 was deemed to be msufficiently correlated to have a

tagprobe represent the gene.
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Figure 6.12 Correlation matrix of candidate probes after pooled linear regression based on

disease progression
Correlation of probes (n=158) spanning seven genes selected in section 6.4.2 as potentially effecting disease
progression. Probes are ordered by hierarchical clustering and black boxes outline the top five clusters. High
positively correlated probes are in dark blue while dark red suggests high negative correlation. Highlighted areas
show probes that are highly correlated and are from the same gene and are ideal candidates as tagprobes.

Recelver operating characteristic analysis was undertaken for probes identified as potentially
linked to disease progression and relapse in section 6.4.2. Highly correlated probes were
removed from this analysis and tagprobes were used to represent the region as previously
outlined. The best probe at distinguishing patient outcome was cpg99 with an AUC of .765
and this was therefore used as the foundation for a multi-probe model. Combining data for
cpg99, cpgdd, cpgI0, cpg4, cpgb3, cpgbl and cpgh9 resulted in an optimal AUC of (0.848
(Figure 6.13). A cut-off value of 3.45 £ 0.5 (alpha value) would be an optimal cut-off as this has
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a sensitivity of around 0.8 while specificity 1s restricted close to approximately 1 m 5 false

positives.

Table 6.6 Results of ROC analysis of candidate probes based on disease progression after
pooled-analysis

Probe Ap AUC (95% CI) Probe Ap AUC (95% CI)

cpgbd  -0.042  0.580 (0.461 - 0.698) | cpg69  0.017 0.479 (0.370 - 0.588)
cpgbdb  -0.111  0.761 (0.679 - 0.843) | cpg70  0.037 O 687 (0.592 - 0.782)
cpgdb  0.011 0.616 (0.501 - 0.731) | cpg7l  0.030 0.592 (0.485 - 0.700)
cpgd7 0.023 0.651 (0.541 - 0.760) | cpg72  0.039 0.638 (0.531 - 0.745)
cpgd8 0.022 0.658 (0.553 - 0.764) | cpg73  0.022 0.596 (0.494 - 0.698)
cpgd9  -0.038 O 627 (0.511 - 0.743) | cpg74  0.015 0.717 (0.627 - 0.806)
cpgb0  -0.055 509 (0.431 - 0.686) | cpg75  0.018 0.607 (0.505 - 0.708)
cpgbl -0.022 O 679 (0.583 - 0.748) | cpg76  0.014 0.505 (0.400 - 0.610)

) (

) (

) (

) (

)

)

)

(
(
cpgb2 0.033 0.567 (0.460 - 0.675 cpg79 0.127 0.626 (0.514 - 0.737)
cpgb3 -0.026  0.566 (0.451 - 0.681 cpg8H -0.209  0.695 (0.592 - 0.798)
cpgb4 0.015 0.635 (0.529 - 0.741 cpg90  -0.162  0.743 (0.647 - 0.839)
() cpg94  -0.107  0.681 (0.581 - 0.782)
cpg97  -0.190  0.720 (0.620 - 0.821)
cpgb7 0.011 0.494 (0.391 - 0.597 cpgId8  -0.237  0.724 (0.626 - 0.823)
cpgb8 0.036 0.696 (0.598 - 0.794 cpgd9  -0.232  0.765 (0.678 - 0.852)
Best combination of probes AUC (95% CI)
cpg99 + cpgdd + cpgI0 + cpg94 + cpgh3 + 0.848 (0.778 - 0.994)
cpgbl + cpgh9

Abbreviations: AP - Delta beta (difference in average methylation between two groups); AUC - Area under the

cpgbd 0.018 0.460 (0.341 - 0.578
cpgb6 0.055 0.612 (0.504 - 0.720

curve; CI - Confidence interval.
AUC 1s calculated from ROC analysis
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Figure 6.13 Receiver operator characteristic curve of optimum combination of probes to

predict patient outcome from pooled linear regression model
With a combination of probe CpG 99, CpG 55, CpG 90, CpG 94, CpG 63, CpG 61 and CpG 59 we were able
to predict 849 of patient samples (n = 158, AUC = 0.848). True positive rate 1s plotted against false positive rate
and the curve is colourised based on cut-off (alpha value).
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6.5 Machine-Based Learning Approaches to Patient
Outcome Prediction

6.5.1 Finding the Appropriate Machine-Based Learning Algorithm

Machine-based learning (MBL) is an umbrella term for multiple different techniques that can
be used to create predictive, self-improving models. We explored several of the prominent
methods of MBL contained in the Weka software package. These included J48 decision trees,
random forest (RF) analysis, library for single vector machine (LibSVM), decision table (DT)
and naive bayes (NB). Each method was implemented twice, one with and without feature
selection. Original models were designed to 1dentify the prognostic utility of findings from the
discovery cohort and its application to the greater population. Therefore, models were trained
on the 2046 differentially methylated probes identified in the Austrahan AML cohort
regression analysis and were tested on the TARGET AML cohort (n=85). Specifics for each

stage in the Weka workflow 1s detailed in Section 2.5.9.

Precision (positive predictive value), recall (true positive rate), weighted average false positive
rate (FPR), F-measure (harmonic average of precision and recall used to determine a tests
accuracy) and AUC were calculated for each test result (Table 6.7). A feature selected J48
algorithm performed the best (AUC=0.666) with a moderate F-measure of 0.864, closely
followed by both RF analyses. LibSVM and DT underwhelmed as classifiers primarily due to
high false positive rates. While J48 and RF algorithms performed best as defined by F-measure,
their predictive measures underperformed relative to regression-based ROC analysis,
suggesting that the results derived from the discovery AML cohort alone 1s unsuitable to predict

outcome using MBL approaches.
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Table 6.7  Weighted average model evaluation of machine-based learning algorithms
upon TARGET AML dataset using 2046 differentially methylated probes

Machine-Based Feature Precision  Recall False F- AUC*
Learning Algorithm  Selected Positive Rate  Measure

748 Decision Tree Y 0.905 0.835 0.475 0.864 0.666

N 0.879 0.741 0.636 0.798 0.575

Random Forest Y 0.895 0.553 0.342 0.657 0.577

N 0.945 0.941 0.775 0.921 0.588

Library for Support Y 0.882 0.882 0.779 0.882 0.552

Vector Machines N N/A 0.929 0.929 N/A 0.500

Decision Table Y 0.859 0.859 0.935 0.859 0.501

N 0.862 0.906 0.931 0.884 0.453

Naive Baves Y 0.870 0.365 0.356 0.474 0.569

’ N N/A 0.929 0.929 N/A 0.500

Abbreviations: AUC - Area under the curve; *AUC is calculated from ROC analysis

The same MBL approaches were then tested on the combined TARGET and Australian AML
cohorts utilising the 4036 differentially methylated probes i1dentified in the pooled-analysis
from section 6.4.2. Weighted average FPR, precision, recall, F-measure and AUC was
calculated for each test result (Table 6.8). Again, DT and LibSVM underperformed in both
feature and non-feature selected analyses. J48 decision tree analysis did not greatly improve
from the previous analysis. Naive bayes algorithm without feature selection performed well
with an AUC of 0.919 and a FPR of 0.129. However, the best performing model was the non-
feature selected random forest algorithm (AUC=0.931, Figure 6.14).

Table 6.8 ~ Weighted average model evaluation of machine-based learning algorithms
using 5-fold validation of 4036 differentially methylated probes

Machine-Based Feature .. False F-
Learning Algorithm  Selected Precision  Recall Positive Rate ~ Measure AUC
748 Decision Tree Y 0.755 0.759 ().46%3 0.757 ().6:26
N 0.755 0.759 0.463 0.757 0.647
Random Forest Y 0.690 0.734 0.646 0.704 0.719
N 0.873 0.848 0.515 0.817 0.931
Library for Support Y 0.832 0.785 0.729 0.808 0.528
Vector Machines N N/A 0.772 0.772 N/A 0.500
Decision Table Y 0.738 0.755 0.644 0.746 0.563
N 0.699 0.722 0.591 0.715 0.652
Naive Baves Y 0.716 0.722 0.533 0.719 0.667
’ N 0.964 0.962 0.129 0.961 0.919

Abbreviations: AUC - Area under the curve; *AUC is calculated from ROC analysis
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Figure 6.14 Evaluation of random forest model using 4036 differentially methylated probes

through confusion matrix and ROC curve
Using the 4036 differentially methylated probes in a random forest analysis to predict patient outcome in a pooled

cohort (n=158). A) RF analysis correctly identified all poor outcome and correctly identified 12/36 good outcome
cases. B) Overall the predictive value of this model returned an AUC of 0.931
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6.5.2 Using Random Forest Analysis to Predict Patient Outcome

Having identified random forest as the optimal machine-based learning algorithm for patient
outcome prediction in a combined AML cohort, a more refined RF model was created with
greater control over the variables that underpin it. This was done to mimimise over-fitting of
the model to the specific available dataset. Models were generated from the same probes 4036

that were 1dentified 1n section 6.5.1.

Hyperparameters such as mtry (the number of probes to be selected from the full dataset at
each split of a decision tree) and ntree (the amount of decision trees to be ‘grown’ in the
random forest) are key variables in ensuring the model works in the most efficient and balanced
manner for any particular dataset. Figure 6.15 illustrates that the optimal combination of mtry
and ntree 1s 18 and 500 respectively for a RF algorithm to be most effective upon this dataset.
The resulting prediction will be using these hyperparameters. Having mtry set to anything
between 10 and 15 is mostly unaffected by ntree however this begins to show a larger variable

effect as mtry 1s increased beyond 15.

0.840 4

0.835

0.830
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Figure 6.15 Hyperparameter random forest model tuning of ntree and mtry

Line graph illustrating the accuracy of model prediction across a 5-fold cross validated, 3 times repeated dataset
(n=158) utilising different hyperparameters for both mtry and ntree. Optimum accuracy is achieved through a
hyperparameter combination of mtry=18 and ntree=500.
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Once the appropriate model variables were defined, the model was then trained and tested,
utilising a more stringent, repeated k-folds cross validation (k=5, repeats=3), upon the entire
patient cohort (n=158). The model created has a comparable AUC and precision suggesting
that hyperparameter tuning does not negatively affect the predictive value of the mode
(AAUC=-0.0169, APrecision=-0.0393), however recall (positive prediction) is improved
(ARecall=+0.1247), which ultmately increases the F-measure of the model (AF-
Measure=+0.0809). Unfortunately, the false positive rate mcreased (incorrectly identifying
71/108 good outcome cases) suggesting that while the model succeeds at predicting poor
outcome (correctly identifying 356/366 poor outcome cases), it still needs to be further trained

on good outcome cases to better identify them.

This model utilises 4036 features which may yield a high amount of redundancy, therefore
lowering the ability of the model to accurately predict in a random forest environment.
Decreasing the number of features implemented allows for faster running of the model. Thus,
by ordering probes used in the RF model by mean decreased gii (the ability of a feature to
correctly split data, otherwise known as feature purity) we identify features that are most
essential to the model and remove less informative probes. Features that best distinguish
patient outcome are clearly defined by the density of diagnostic samples in areas that are not
overlapping with distributions of methylation i remission samples, an example of which can
be found in Figure 6.16. Table 6.9 demonstrated how the removal of redundant probes from
the available pool of features mmproves the model’s performance. The optimal model,
comprising the top 100 ranked probes, achieves the highest precision with neghgible affects
upon recall while greatly improving the false positive rate. This culminates in the highest F-
measure of 0.921 of all models and one of the highest AUC (0.933) predictions. Compared to
the Weka designed random forest model this model may have a similar AUC, however the
false positive rate and F-measure 1s markedly improved. While the model continues to improve
the fewer probes that are added, once we restrict the model to the top 50 probes, it begins to
regress, suggesting msufficient information 1s available to distinguish good from poor outcome

cases at that level.
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Table 6.9  Final model evaluation of random forest MBL algorithm using 5-fold, 3-times
repeated cross validation of varying differentially methylated probes (n = 158)

Machine-Based .. False F- .
Learning Algorithm Probes Precision  Recall Positive Rate  Measure AUC
4036 0.833 0.973 0.657 0.898 0.914

1000 0.857 0.973 0.546 0.912 0.930

Random Forest 500 0.866 0.973 0.509 0.916 0.934
250 0.871 0.962 0.482 0.914 0.937

100 0.886 0.959 0.417 0.921 0.933

50 0.886 0.933 0.407 0.911 0.929

Abbreviations: AUC - Area under the curve; *AUC is calculated by ROC analysis
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Figure 6.16 Density plots of top ten highest ranked probes by mean decreased Gini in the

random forest model
All probes used in the random forest model were ranked by mean decreased Gini (feature purity). The top 10
probes were extracted and beta density was compared for each. X-axis representing the beta value and y-axis
represents the relative density.
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6.6 Discussion

‘While prognostic measures, currently based on genetic and chromosomal abnormality, show
some utility m predicting severity of disease, there remains an urgent need more precise
predictors of relapse at diagnosis, preferably independent of patient subtype. This will allow
for patients to obtain a more personalised prognosis that has potential to impact treatment

regimens and post-remission care.

The primary aim was to differentiate patient outcome in a retrospective AML cohort using
DNAm. We hypothesised that there was differential DNAm at diagnosis between patients that
went on to achieve an imtial 5-year EFS compared to patients that did not. Furthermore, we
hypothesised that these differentially methylated probes would be associated with genes and
pathways that drive disease progression, and that i combination, could also be used to
distinguish and predict future AML patient outcomes through a machine-based learning

approach.

These hypotheses were explored by applying linear regression analysis to determine differential
methylation in combination with multiple machine learning algorithms to test their prognostic
utility. This was applied to genome-wide DNAm array data of 158 diagnostic AML samples

across two cohorts (Australian and TARGET AML cohorts).

6.6.1 Utility of DNA Methylation Profiling to Predict Patient
Outcome in Paediatric AML

Several studies have previously attempted to predict 5-year EFS in adult and paediatric AML,
however these are largely subtype-specific and rely on various methods such as putative gene
expression, mutation or minimal residual disease monitoring (Yagi, Morimoto et al. 2003;
Lange, Hubmann et al. 2011; Yin, O'Brien et al. 2012). Unfortunately, many of these have
shown to be unreliable in their replication and also suffer from a temporal problem where the
assay must be run directly after a sample 1s taken or require continuous monitoring before
coming to an appropriate response. More recent genome-wide DNAm studies have shown

prognostic promise such as research conducted by Stieghtz et al. This research shows that a
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methylation panel of 1527 CpG sites accurately predicted 4-year EFS in juvenile
myelomonocytic leukaemia (JMML). This study has shown that not only does this signature
exist iIn bone marrow samples, but is also found in spleen tissue or peripheral blood (Stieglitz,
Mazor et al. 2017). While useful, this still retains the problem of being dependent upon specific

cytogenetics or mutations.

In the current study we have determined that poor patient outcome 1s slightly more
hypermethylated overall than their good outcome counterparts and there are over 2000 sites
of differential DNAm associated with paediatric AML outcome independent of subtype. Upon
mcorporation of the TARGET cohort, consisting primarily of severely poor outcome patients,
we discovered another 3419 probes that were also associated with patient outcome. The
strength of this analysis 1s rooted in multi-cohort approach, which allows for further support of
findings through pooled-analysis. Of the total 4036 probes identified, 617 probes were found
i both analyses giving further credence to their use as a prognostic biomarker in paediatric
AML recurrence. We have demonstrated that, while the full array of significant probes are
unable to distinguish patient outcome fully, subsets of probes, namely the top 500 of the
pooled-analysis, were able to largely differentiate poor from good patient outcome at diagnosis.
This highlights the necessity of having large sample sizes when attempting to determine the

more subtle differences in DNAm between cancer samples.

While hierarchical clustering allows for grouping of patients, a more direct approach to
prognosis would be preferable to achieve a more personalised outcome. Our study showed
that sex and cytogenetics played no role predicting 5-year EFS, however there was a slight
assoclation with patient age suggesting that younger patients are more prone to relapse. This 1s
in contrast with a study conducted by Rubnitz et al. which suggested that sex was associated
with patient outcome (Rubnitz, Razzouk et al. 2007). Pooled-analysis supported the association
of 14 probes with patient outcome that were previously identified in the discovery cohort,
however individual probes showed little ability to distinguish 5-year EFS. In our attempt to
reduce input, the smallest possible combination of CpG sites that could reliably predict patient
outcome was reduced to 7 probes, none of which were previously identified in the discovery

analysis. This suggests that there 1s a large heterogeneity of DNAm amongst AML samples in
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association with outcome. Future studies would do well to validate this signature to determine

its true use 1n a population setting.

To the best of our knowledge, we have demonstrated the first use of DNAm as a biomarker
to predict paediatric AML patient outcome independent of patient cytogenetics. However,
considering the full signature found i the pooled-analysis 1s unable to distinguish patient
outcome, this suggests that there are several false discoveries in the data. Furthermore, since
no probes reached significance after correction for multiple testing, this also suggests that the
differences in DNAm between good and poor outcome groups are likely few i number and
subtle n effect size. Future studies into this field would do well to use a greater sample size to
truly elucidate probes that can be used to determine patient outcome. Considering we have
demonstrated that the best predictive models can be easily influenced by sample size, stronger
predictive modelling such as machine-based learning approaches would likely do a better job
at not only determining patient outcome, but generating replicable models that can be applied

in larger population-based studies.

6.6.2 Machine-Based Learning Approaches to Define Paediatric
AML Outcome

Machine learning has been utilised in a myriad of cancers, largely to classify and predict tumour
pathogenesis (Furey, Cristianini et al. 2000; Candia, Cherukuri et al. 2015; Bolouri, Farrar et
al. 2017). Currently, the largest DNAm-based study to utilise machine learning was conducted
by Capper et al. where HM450K data were used to classify central nervous system tumours.
According to this approach, up to 12% of cases were 1dentified incorrectly by standard
histopathological testing, potentially affecting patient treatment regimens (Capper, Jones et al.
2018). In similar fashion, this study was designed to use machine learning to predict patient

outcome for early detection of recurrence and potentially personalised intervention.

Our study has applied machine learning in the field of paediatric AML prognosis, and currently
stands as the only DNAm-derived approach yet attempted. We discovered the most
appropriate model for patient prognosis was the RI algorithm, performing better than four

other machine learning methods. This algorithm 1s commonly used in other cancer-based
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classification tools designed by Bolouri er al. and Capper et al. (Bolouri, Farrar et al. 2017;
Capper, Jones et al. 2018). Hyperparameter tuning of the RF model played little role in
optimisation of prediction with a +2% change in accuracy dependant on number of trees and
probes available to be randomly selected at any given node. While initial model creation
showed similar results to the original Weka model, removal of probes based on mean
decreased gii (down to the top 100 probes) thoroughly improved the model’s accuracy. This
suggests that there 1s either a large amount of redundancy in the probes that are being selected,
or several probes that were 1dentified and used in this analysis are not predictive of patient
outcome. Furthermore, while this model has some ability to predict poor patient outcome, the
false-positive rate remains too high for realistic clinical translation. To overcome this, the model
will need to be trained with larger amounts of patients that achieved a 5-year EFS. This should
not only improve the model’s inability to predict good outcome patients, but will also better

identify pertinent probes that can distinguish patient outcome.

Interestingly, should this approach to AML prognosis be clinically translated, it creates a
problem n that improvements in prediction will limit the number of poor outcome cases
available for ongoing improvements as the model ‘learns’ from new data. Therefore,
continuation and translation of this work will require increased sample numbers to accurately
capture the aforementioned subtle changes in DNAm that 1s contributing to patient outcome

variation and define an end-point to model learning prior to translation.

6.6.3 Epigenetic Disruption in Pathways Associated with Paediatric
AML Patient Outcome

Knowing patient outcome a priori serves as a strength of this study, allowing for DNAm to
serve as a dynamic biomarker and simultaneously discover probes of functional consequence.
In this study we discovered several genes, both within the discovery and pooled cohorts, with
differential DNAm that may play a role in the recurrence or progression of paediatric AML.

Those focussed on include MIRLET7A1, PI'PRN2and PAXG6.
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MIRLET7AS

MicroRNA Let-7a-8 (MIRLET7A3 1s a member of a microRNA family known as /lethal-7.
Mediated largely by expression of the RNA binding protein LLIN28, this coupling of genes have
functions involved in iming of development (Ong, Elks et al. 2009) and stem cell pluripotency
(Yu, Vodyanik et al. 2007). Furthermore, there has been reports that DNA hypomethylation
and overexpression in adult AML and myelodysplastic syndrome to be associated with poor
patient outcome (Li, Lin et al. 2013; Wu, Yao et al. 2017). This link of DNA hypomethylation
with increased expression has also been identified in lung adenocarcinoma (Brueckner,
Stresemann et al. 2007). Conversely, our data challenges these findings, showing that DNA
hypermethylation 1s a biomarker of poor patient outcome. In agreement with Zhu et al. we
find that MIRLET7A3 hypomethylation correlates with samples of favourable/intermediate
karyotype as defined by the ELN classification (Zhu, Yao et al. 2016), however this does not
correlate with patient outcome in our cohort. We hypothesise that this hypermethylation 1s
having a repressive effect upon gene expression, but this requires further study. Ko ef al. have
shown previously that MIRLET7A3 hypermethylation 1s negatively correlated with CEBPA
methylation and may produce a more accurate definition of prognosis when measured in
combination (Ko, Fang et al. 2014). From a functional perspective, future studies should
elucidate if methylation influences MIRLET7AS3 expression in paediatric AML and if this level
of methylation or expression can be correlated with patient outcome. In combination with
LINZS, it 1s plausible that overexpression of these genes could contribute to the reprogramming
of somatic cell to pluripotent stem cells which are major influences i clonal evolution and

AML relapse (Hirsch, Zhang et al. 2016).

PTPRNZ2

The Protein Tyrosine Phosphate Receptor Type N2 (P7TPRN2) gene 1s a protein coding gene
largely mvolved in the regulation of insulin secretion, however, studies have determined that it
may play a role in the cellular localisation of cofilin, thus mdirectly being mvolved n cell
migration and metastatic relapse (Sengelaub, Navrazhina et al. 2016). This 1s the first study to
mmplicate PTPRNZ2 in AML prognosis and pathogenesis, however, our results show a strange

patterning of DNAm with all significant CpG sites 1dentified to not be correlated with one
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another and having almost alternating hypo/hypermethylated differences between patient
outcome groups. Small regions of DNAm show consistent trends in methylation differences
between outcome groups, however all CpGs 1dentified in this analysis are found within introns
and are therefore unlikely to influence gene expression. The exception to this 1s ¢g23841288,
which has been identified to be in an enhancer and an area of DNase hypersensitivity. With
reduced DNAm 1n this area in poor outcome patients, it 1s plausible that transcription of this
gene may be altered through recruitment of other proteins. Future studies would do well to
mvestigate the potential transcription factors associated with PTPRNZ and if methylation of

this site can alter expression in poor outcome paediatric AML patients.

PAXO

Paired Box 6 (PAXO0) controls gene transcription through the highly conserved paired box and
homeobox domains present within the gene. While primarily known for its role in neural tissue
development, PAX06has been shown to have tumour suppressor and oncogenic effects i lung,
prostate, breast and brain cancers (Wu, Rauch et al. 2010; Moelans, Verschuur-Maes et al.
2011; Meng, Zou et al. 2015; Zhang, Yang et al. 2015). Aberrant PAX6 DNAm has been
observed 1 several cancers including melanoma and hepatocellular carcinoma (Furuta,
Nobeyama et al. 2006; Shih, Kuo et al. 2016). Finally, in lung adenocarcinoma, studies have
shown that promoter methylation of PAX6 regulates and drives cancer cells towards a stem-
like state (Ooki, Dinalankara et al. 2018). This methylation profile 1s also found in small cell
lung cancer where this 1s associated with poor patient prognosis (Zhang, Yang et al. 2015).
While two probes discovered in our analysis are within the gene body, one CpG site,
€g22272457, 1s found within 200bp of the T'SS for the gene. This 1s the first report of promoter
region DNA hypermethylation associated with poor outcome in paediatric AML and warrants

further study into the potential pathogenic effects that this aberrant methylation may cause.

6.6.4 Future Directions and Limitations

The approach adopted here assumed that there are universal DNAm differences that occur in
association with outcome. Overall this study has 1dentified some DNAm sites as potentially

useful biomarkers for paediatric AML outcome. Furthermore, we have shown, in combination
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with machine-based learning algorithms, the utility of these biomarkers for prognostic purposes
at the time of diagnosis. While these results show potential, there are still many improvements
that need to be made before such findings could ever be truly translated. The first major barrier
1s that only subtle changes in mean DNAm were identified between diagnostic AML samples,
idependent of subtype. Furthermore, none of these findings survived multiple testing in either
the discovery or combined cohorts. This 1s potentially due to heterogeneity within groups in
terms of either methylation level or cell composition of the starting bone marrow aspirate
samples. Future studies should investigate sorting for haecmatopoietic stem cell populations of
diagnostic samples and assaying their DNAm in comparison to the remaining cells. This may
not only allow for the discovery of DNAm events that drive mitiation of paediatric AML, but
when used retroactively in combination with outcome data, may also be more telling of a
universal DNAm signature associated with patient outcome. Another interesting study would
be to mvestigate the DNAm of HSPCs of patient’s remission samples to determine if an
‘epigenetic memory’ remains that can be associated with those that go on to relapse compared

to those that achieve a 5-year EFS.

The limitation of significant probes not surviving multiple testing may have also affected
downstream analyses by virtue of false positive inclusion. This 1s supported by the fact that the
model generated from the discovery cohort data could not accurately predict outcome in an
independent dataset. The obvious solution to this limitation was to combine the cohorts to
create a model based on a larger dataset, however this removes the ability to validate the
resulting model beyond mternal 5-fold cross validation. By using a larger sample size,
something that 1s a necessity for machine learning algorithms to work effectively (Byrd, Chin
et al. 2012), it should be possible to not only refine the model to better reflect good patient

outcome prognosis, but also have a separate cohort for validation purposes.

Future improvements to this study can be made regarding feature implementation in the final
machine learning model. While our study utihised the most significant probes derived from
regression analysis, many other studies have utilised more comprehensive approaches to
feature selection. Capper et al. and Boloun et al. used an ensemble method which creates
multiple models which encapsulates all data, culminating the best performing probes in an

averaged single model to determine patient subtype (Bolouri, Farrar et al. 2017; Capper, Jones
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et al. 2018). This requires much more computational power than available for this current
study but would prove valuable for increasing model accuracy n future studies. Alternatively,
we could have approached the study similar to Nordlund et al. and Martino et al. who used
the feature selection function of the nearest shrunken centroid machine learning algorithm to
select appropriate features in an unsupervised manner (Martino, Thanh et al. 2015; Nordlund,
Bicklin et al. 2015). While both regression and feature selection are acceptable ways to select

for model input, it may be worth exploring alternative approaches in future model generations.

Should these hmitations be addressed, it 1s plausible that a functional prognostic model of
patient outcome for paediatric AML based on DNAm can be achieved. This would potentially
allow for early detection of recurrence and subsequent personalised treatment. Furthermore,
this would create the first prognostic approach to 5-year EFS that i1s independent of patient
subtype, treating all cases equally despite historical-based classification determined by the ELLN

system (Dohner, Estey et al. 2016).
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Chapter 7 General Discussion
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In recent decades, there has been tremendous improvement in the rates of complete remission
(CR) in those diagnosed with acute myeloid leukaemia, with reports of up to 80% of all patients
under 60 years of age entering complete remission (Burnett, Wetzler et al. 2011). This has
largely been driven by research mto subtype-specific mechanisms and classification, which has
subsequently been adapted into the constantly evolving World Health Organisation (WHO)
guidelines for patient prognosis (Arber, Orazi et al. 2016). This classification has allowed for
the targeted clinical trials within subtypes of AML, but despite this, standard care has remamed
largely unchanged. While CR rates have improved over time, in recent years this trend has
stagnated. Further, it does not consider the poor rates of CR for patients that have relapsed.
Studies in adults have reported 5-year OS of patients suffering from AML who relapsed to be
anywhere between 10% and 18% (Breems, Van Putten et al. 2005; Rowe, Li et al. 2005). Few
studies have looked at the rates of OS of paediatric AML post-relapse, but it has been identified
as the major cause of disease related mortality (Kaspers 2012). Rate of relapse has only
improved for low-risk patients but remains unchanged for patients at higher risk (Alexander,
Wang et al. 2017). More recent studies have 1dentified that the length of time to relapse after
bone marrow transplantation (BMT) 1s strongly associated with OS, yet mortality rates still
remain high (Bejanyan, Weisdorf et al. 2015). This suggests that there are still many aspects of
AML pathogenesis yet to be discovered, particularly in reference to recurrence of disease.
Considering genetic factors mn isolation do not appear to fully explain disease aetiology, it 1s

likely that alternative mechanisms, such as epigenetic variation, are also mvolved.

This study was undertaken to explore the pathogenesis, classification and current prognostic
approaches in the understudied field of paediatric AML. In an attempt to discover novel
pathogenic pathways, epigenetic analyses (specifically DNA methylation profiling) were applied
to a unique collection of bone marrow aspirate samples collected over many decades

(Morenos, Saffery et al. 2012; Farrar, Schuback et al. 2016).

There are several reasons to focus on DNA methylation (DNAm) in paediatric AML. Firstly,
mutations in several epigenetic modifiers have been shown to contribute to the pathogenesis
of adult AML (Shih, Abdel-Wahab et al. 2012). Despite the fact that similar mutations are
largely absent in in paediatric AML, (Liang, Liu et al. 2013) several studies have nevertheless

reported aberrant DNAm as a feature of childhood disease (Bolouri, Farrar et al. 2017).



The overall aim was to characterise DNAm variation associated with active AML, specific
subtypes of AML, relapse in AML and OS prognostication. As part of this, differences between
adult and paediatric forms of the disease would also be revealed, with potential to improve

patient diagnosis, prognosis, treatment and long-term outcomes.

Initial analyses aimed to understand the global disruptions of DNAm in paediatric AML using
proxy measures of total ) mC - Genome Wide Average Methylaion (GWAM) and repeat
element-based (A/u and LINE]) methylation assessment. Global DNA hypomethylation 1s a
common feature of almost all cancers (Estecio, Gharibyan et al. 2007). In contrast, our results
showed that paediatric AML samples are generally hypermethylated when compared to non-
diseased samples. The changes in effect size eludes to several genes that were once
unmethylated becoming methylated, and ultimately repressed, in paediatric AML. This 1s in
direct contrast with results identified by Deneberg er al. and Melki et al: however their studies
compared diagnostic AML to healthy donor marrow (Melki and Clark 2002; Deneberg,
Grovdal et al. 2010), suggesting that the actual change observed in our study is largely driven
by a mass hypomethylation event in remission samples. Should the observed changes be due
to blanket hypomethylation, this further evidences that genes that were once repressed need to
be hypomethylated in order to appropriately function, and thus, rescue the original phenotype.
This may be a consequence of induction therapy and warrants further investigation, either
longitudinally or through comparison of donor to remission marrow. When comparing donor
marrow to our diagnostic samples, while significantly hypermethylated in diagnostic samples,
the difference 1s fairly negligible and aligns more closely with studies conducted by Pfeifer et

al. (Pfeifer, Steigerwald et al. 1988) where no differences were observed.

The second focus of this study was aimed at identifying sites and genes of differential
methylation that may be playing a role m paediatric AML pathogenesis. This was achieved
using array-based DNAm profiling. While aberrant DNAm has been widely studied i adult
AML, only limited childhood studies have been undertaken. By combining data from two
cohorts independent of AML subtype, it was possible to define a DNAm signature that has
capacity to accurately separate diagnostic, remission and healthy donor samples. Findings
showed that remission and healthy donor samples were more closely related to one another

compared to diagnostic samples.



Individual differentially methylated probes (DMPs) and regions (DMRs) linked to specific
genes were also 1dentified. Those showing the most consistent variation in association with
AMUL included W71, DGKG, and ZSCANI. Upon pooled-analysis, we also discovered two
more genes In KECS and IRX that may be mvolved in leukaemic pathogenesis. W71 has
been widely studied in AML with mutations i the gene being associated with disease
progression yet 1s not known to be a driver mutation (Metzeler, Herold et al. 2016). It 1s
commonly mutated in both adult (Hou, Huang et al. 2010) and paediatric AML (Hollink, van
den Heuvel-Eibrink et al. 2009). Aberrant DNAm of the W71 promoter region implicates
aberrant W'l expression in paediatric AML regardless of mutational status. While previous
studies have shown this promoter methylation does not affect W77 directly, it does correlate
with the expression of alternative transcripts of W71 (El Bordiny, Al-Ghandour et al. 2018).
This suggests that while W7/ may not be a driver of disease, it may play an integral role in
disease progression through a complex interplay of mutation, aberrant DNAm and alternative
transcription, culminating in widespread epigenetic dysregulation in combination with TET
proteins (Rampal and Figueroa 2016). This would also help explain the dysregulation of
DNAm found in the paediatric setting despite a lack of epigenetic modifier gene mutations.
The remaiming four genes identified are all plausible candidates to affect AML pathogenesis,
having either been previously 1dentified for their role in other forms of leukaemia/cancer (Guo,
Liu et al. 2010; Kai, Yamamoto et al. 2017) or function within relevant pathways of the
‘hallmarks of cancer’ (Xu, Beasley et al. 2005; Hanahan and Weinberg 2011). All these genes
require additional experiments pertaining to their transcriptional regulation as well as

functional studies to define their role in AML mitiation and progression.

Although we have shown that universal aberrant DNAm exists in paediatric AML, the various
subtypes of AML have unique disease actiology, suggesting a role for subtype-specific aberrant
DNAm as a mechanism of disease. Studies have previously implicated aberrant DNAm 1n
AML as both a mechanism and biomarker of subtype-specific pathogenesis, including our own
global methylation study that showed various subtypes have differing global methylation
signatures. Through the combination of DNAm and RNA-seq analysis, Bolour1 ef al. was able
to distinguish several subtypes including CBFrearranged KMTZ2A-rearranged and IDHI-
mutated, independent of age, suggesting common pathways are found in both children and

adults (Bolouri, Farrar et al. 2017). Similarly, Figueroa er al. also showed the potential of



DNAm as a biomarker in adult AML, dividing over 300 samples into 15 subgroups, largely
defined by chromosomal rearrangement or mutational status (Figueroa, Lugthart et al. 2010).
Akalin et al. used reduced representation bisulphite sequencing to determine that IDH-
mutated AML patients were severely hypermethylated, particularly around CpG islands and
gene promoter regions, while KM1T2A-rearranged AMLs showed extensive loss of methylation
i non-coding areas of the genome (Akalin, Garrett-Bakelman et al. 2012). This shows that the
dynamic nature of DNAm responds differently in multiple forms of AML, however few studies

have looked specifically at paediatric AML subtype-specific DNAm.

Our cohort was designed to encapsulate the large heterogeneity of paediatric AML through
mclusion of all subtypes of AML. Therefore, our third study was aimed at defining a signature
of DNAm that may be able to distinguish patient subtype while also looking mnto potential
contributors to disease pathogenesis in paediatric AML patients. We were able to 1dentify a
signature specific to the KMT2A subtype, largely driven by widespread hypomethylation. This
1s in line with findings by Akalin e a/ (Akalin, Garrett-Bakelman et al. 2012). We also found
clustering of the mv(16) subtype with a mix of hypo/hypermethylation suggesting a more
complex mechanism at work than blanket demethylation. Further insight mto differential
DNAm i mv(16) patients identified MNI, MELS] and RUNXS as consistently aberrantly
methylated compared to other forms of AML, serving as a potent subtype biomarker. Studies
have previously shown the link between these genes, cancer and epigenetic regulation, however
the mechanism behind this 1s still being identified. DNA methyltransferases have been
mmplicated as one mechanistic option, but the targeted nature of their function 1s again, yet to
be understood (Ferreira, Heyn et al. 2015; Larmonie, Arentsen-Peters et al. 2017). This
suggests that while these genes are being epigenetically regulated, other proteins are playing a
role in the targeted aberrant methylation identified. Future studies would do well to identify all
DNMT functionality in these samples as well as upstream DNMT interacting-proteins such as
UHRFI (Sharif, Muto et al. 2007) and LSH (Dennis, Fan et al. 2001), which may be

contributing to DNMT regulation and subsequent subtype-specific DNAm signatures.

The final study was designed to tackle the pressing issue of predicting 5-year event-free survival
in paediatric AML. As it currently stands, there 1s no early detection test for AML and attempts

to predict EFS are hampered by requiring complete remission to have been achieved thus



diminishing the time available to act, or by complex methodology that 1s unlikely to translate
(Ravandi, Jorgensen et al. 2016). Furthermore, most minimal residual disease monitoring
varies between subtypes of AML (Gaidzik, Weber et al. 2017; Hollein, Jeromin et al. 2018),
therefore a universal predictor of patient outcome, independent of subtype and can be
undertaken upon diagnosis, 1s desirable. Using our combined discovery and validation cohorts
we 1dentified a signature of DNAm that was able to predict patient 5-year EFS with 849%
efficiency by regression modelling. Further utilising this set of probes mn a machine-based
learning environment allowed us to identify random forest as the optimal machine learning
algorithm while also improving model accuracy to upwards of 93%. The utility of this method
allows for the continued use and improvement of the model as more samples become
available. Previous studies conducted by Capper et al. and Nordlund ef al. have shown the
application of DNAm as a biomarker of subtype in different cancers (Nordlund, Bickln et al.
2015; Capper, Jones et al. 2018) while Bolour1 ef al. has shown this within AML too (Bolour,
Farrar et al. 2017). However, this 1s the first instance of a machine learning and DNAm
combination being used to predict patient outcome. Further studies will be required to further
test (stress) the model at a population scale, validate findings and optimise feature selection.
Implications of these findings are taillored towards patient monitoring. Considering most
children undergo bone marrow transplants (BMT), studies have shown that the reduced
mtensity conditioning (RIC) 1s viable post-BM'T and in combination with 5-year EFS prognosis,
has potential to reduce chemotherapy induced side effects and improve donor engraftment
(Niederwieser, Lange et al. 2006; Chiesa and Veys 2014). Alternatively, a poor outcome
prediction could lead to alternative or intensified therapy (Sander, Zimmermann et al. 2010)

i an attempt to eradicate all disease causing cancer cells likely to cause patient relapse.

Despite the large amount of novel information generated in these studies, each had their own
challenges. One of the major limitations of this and many other DNAm-based studies 1s the
mability to examine the direct functional effect that the observed differences are having upon
expression of the gene. The majority of patient samples were derived from archival bone
marrow, therefore we were unable to examine gene expression as degradation of RNA would
have mstantly occurred. While one can mfer direction of effect from our findings, without
expression data the findings of these studies remain associative at best. This highlights the need

for additional studies using freshly obtained material as has been used in The Cancer Genome



Atlas or TARGET studies (Weinstein, Collisson et al. 2013; Bolouri, Farrar et al. 2017) to
truly elucidate the functional effect that aberrant DNAm 1s having upon the patient.
Furthermore, while we have shown that DNAm plays a pivotal role in paediatric AML
pathogenesis, heavily understudied epigenetic mechanisms such as histone modification likely

plays a collaborative role in disease pathogenesis too (Krivtsov and Armstrong 2007).

Other limitations were largely cohort related. The Australian discovery cohort, while extensive,
did lack in number and fundamental information pertaining to patient mutations and disease
burden (blast count). The lack of patient information inhibits the ability to accurately determine
associations found between groups, where specific mutations in AML are known to modulate
DNAm patterns (Figueroa, Lugthart et al. 2010) while others are known to determine patient
subtype and outcome (Dohner, Estey et al. 2016). The low number of patient samples naturally
reflects 1n the ability of findings to be validated. This was evident upon pooled-analysis with the
TARGET cohort where several findings were not only diminished, but entirely invalidated
upon addition. The problems associated with the lack of a true validation cohort were evident
when creating a model to predict paediatric AML 5-year EFS, which has yet to be tested in the
broader AML population. This highlights the necessity of larger validation cohorts for future

studies.

Despite these limitations, this study 1s one of the most comprehensive msights into aberrant
DNAm in the paediatric AML setting yet undertaken. We have shown the utility of DNAm
arrays 1n particular regards to biomarking disease, copy number variation, predicting 5-year
EFS and patient subtyping while also identifying/validating aberrant methylation believed to be
mvolved in pathogenesis of disease, including genes such as W71, MEISI and MNI. We
believe that this provides a foundation for future paediatric AML studies to further elucidate
functionally relevant pathways caused by discordant DNAm. Ultimately, we have demonstrated
that DNAm contributes greatly to AML pathogenesis and that these findings may begin a
journey towards a more personalised experience for all involved in the treatment of paediatric

AML,, from patient subtyping and prognosis to therapeutic intervention.
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Appendix I - Primer sequences and amplicon lengths

Gene Target Primer Sequence (Uppercase)
Size (bp) (Primer tags required for SEQUENOM are in lowercase)
LINE] 103 F: aggaagagag TTTATATTTTGGTATGATTTTGTAG
R: cagtaatacgactcactatagggagaaggct ATCACCACCAAACCTACCCTAAA
Al %61 F: aggaagagasGYGGTGGTTTAYGTTTGTAATTTTAGTAT
R: cagtaatacgactcactatagggagaaggct RCTCTATCRCCCAAACTAAAATACAATA
W1 (1) 398 F: aggaagagagGTAGGGGTTAGGGGAGGTAAAGT
R: cagtaatacgactcactatagggagaaggct CCCAATCACAATACAACTACAATCA
WTT (2) 154 F: aggaagagag I TTAGGAGTAGGTAGGGATTTAGGG
R: cagtaatacgactcactatagggagaaggct CCTCCAAAACCTATACAAAAAACCT
INFS76P 159 F: aggaagagagTAGGTTTTTGTTTGAGTT‘CG(iTTAG ‘
R: cagtaatacgactcactatagggagaaggct AATAAACTACTCCTCACCCCACAAC
ZSCAN] 308 F: aggaagagag T TTGGATATTGTATAAAACGGTTGC
R: cagtaatacgactcactatagggagaaggctATCATAACGACCCCTAAACTAACGA
DCKC 969 F: aggaagagagATTTAGGATTTGGTTAGTAGGTTGTTT
R: cagtaatacgactcactatagggagaaggct TTATCTTCCCAAAAAAAACACAAT
MN1 957 F: aggaagagagGTTGGTGGGGATGATGATTTT
R: cagtaatacgactcactatagggagaaggct CGAAACCGAACTAAACATAAACAC
MEISI 159 F: aggaagagag TAATTTAGAATTGGATAATTTGGTAAGAG

R: cagtaatacgactcactatagggagaaggct CTACCTTCCTTACACCTTTCAAACA
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Appendix II - Principal component analysis heatmaps for determination of data variation

Chapter 4 - Discovery & Pooled Analysis Heatmaps Respectively
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Appendix III - Prognostic testing of probes from select genes with potential functional

relevance to progression to relapse - Discovery analysis

CpG Alias UCSC RefGene UCSC RefGene  Chr Ap p
Name Group

cglb712177  cpgl RUNX3 Body chrl  -0.205 0.009774
cg01103597 cpg2 RUNX3 Body -0.087 0.002596
cgl9590532  cpg3 RUNX3 Body -0.028 0.006646
cg20695936  cpgd RUNXS TSS1500 0.018 0.003921
cgl18087266 cpgd RUNXS TSS1500 0.016 0.005873
cgl18633684  cpgb TXNRDI SUTR chrl2 -0.22772 0.003481
cg03817911  cpg7 TXNRDI SUTR -0.259 0.011594
cg20923245  cpg8 TXNRDI1 SHUTR -0.23604  0.001998
cg27205904  cpg9 TXNRDI1 SHUTR -0.21662  0.012151
cg21234561  ¢pgl0 TXNRDI S5UTR -0.23848  0.003651
cg26614816 cpgll TXNRDI S5UTR -0.25027  0.004289
cg09477407  cpgl?2 TXNRDI1 SHUTR -0.22427  0.002887
cg05057777  cpgl3 TXNRDI IstExon -0.22911  0.010608
cg08065092  cpgl4d TXNRDI 3'UTR -0.01687  0.002059
cg27300804 cpglH LAMP1 Body chrl3 -0.14535  0.000399
cg01330448 cpgl6 LAMP1 Body -0.206 0.001697
cg20928950  cpgl7 LAMPI1 Body -0.10429  0.01236

cg27055601  cpgl8 LAMPI1 Body -0.15341  0.00443

cg13804476  cpgl9 LAMPI1 Body -0.12044  0.010784
cg19236493  cpg20 HOXB3 Body chrl7 -0.031 0.008033
cg03260240 cpg21 HOXB3 HUTR -0.182 0.000567
cg24095592  cpg22 HOXB3 SUTR -0.170 0.009461
cg21676780 cpg23 BAHCCI1 Body -0.022 0.00494.5
cgl 1214532  cpg24 BAHCCI1 Body -0.057 0.00601

cgl3309415  cpg2d BAHCCI1 Body -0.085 0.011204
cg05041061  cpg26 BAHCCI1 Body -0.132 0.004024
cg22515589  cpg?7 BAHCCI1 Body -0.115 0.008725
cg06833110  cpg28 MEIS1 Body chr2  -0.218 0.005374
cg04751149  ¢cpg29 MEIS1 Body -0.174 0.007431
cgl0010036  cpg30 MEIS1 Body -0.074 0.008828
cg22156632  cpg3l WNT6 Body -0.143 0.010621
cgl1511777  cpg32 WNT6 Body -0.220 0.012655
€g23595222  cpg33 C220rf26 Body chr22 0.116162 0.008258
€g26394940  cpg34 C220rf26 Body 0.129468 0.004703
cgl 1153400  cpg3H C220r126 Body 0.151 0.003359
cg01080924  cpg36 C220r126 Body 0.091251 0.002371
cg24349631  cpg37 C220r126 IstExon 0.094028  0.008969
cg06976589  cpg38 MAEA Body chr4 -0.076  0.006455
cgl8515868  ¢pg39 MAEA Body -0.10546  0.000664
cg24973755  cpgd MAEA Body -0.15825  0.000916
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cgl0133462 cpg4l MAEA Body -0.10709  0.000265
cg18299068 cpgd2 MAEA Body -0.10004  0.007475
cg02790486 cpgd3 FGFR3 TSS1500 0.053841 0.00673

cg21339581  cpgd4d FGFR3 Body 0.069 9.37E-05
cgl3131329 cpgdd FGFR3 Body 0.049228 0.005154
cg05203875  cpgd6 FGFR3 Body 0.031175 0.007617
cg06897306 cpgd7 PTPRN2 Body chr7  -0.015 0.005788
cg18004701 cpgd8 PTPRN2 Body -0.120 0.003255
cg03262885  cpgd9 PTPRN2 Body -0.030 0.004203
cgl0552603  cpgh0 PTPRN2 Body -0.026 0.011951
cg02470440 cpgbl PTPRN2 Body -0.0561 0.010692
cg21649205  cpgh2 PTPRN2 Body -0.028 0.002487
cg23841288  cpgh3 PTPRN2 Body 0.097 0.007425

Abbreviations: CpG - Cytosine-phosphate-guanine dinucleotide; Chr - Chromosome; A 8 - Delta beta.
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Appendix IV - Prognostic testing of probes from select genes with potential functional

relevance to progression to relapse - Pooled-analysis

UCSC RefGene

UCSC RefGene

CpG Alias Chr Ap p
Name Group
cgl6557061  cgb4d PTPRN2 Body chr7 -0.042 0.006
cgl8004701 c¢gbd PTPRN2 Body chr7 -0.111 0.004
cg07529930 cgb6 PTPRN2 Body chr7 0.011 0.003
cg03784375  ¢gb7 PTPRN2 Body chr7 0.023 0.006
cg02323550  ¢gh8 PTPRN2 Body chr?7 0.022 0.006
cg02331348  ¢gd9 PTPRN2 Body chr?7 -0.038 0.006
cg02868521  ¢gb0 PTPRN2 Body chr7 -0.055 0.002
cg03262885 cgbl PTPRN2 Body chr7 -0.022 0.007
cg21521989  cgb2 PTPRN2 Body chr7 0.033 0.007
cg01224451  cgb3 PTPRN2 Body chr7 -0.026 0.000
cg26211126 cgb4 PTPRN2 Body chr7 0.015 0.007
cgl12364136 cgbd PTPRN2 Body chr7 0.018 0.005
cg23841288  ¢gb6 PTPRN2 Body chr?7 0.055 0.004
cg21608500 cgb7 FGFR3 TSS1500 chr4 0.011 0.004
cg02790486  cg6b8 FGFR3 TSS1500 chr4 0.036 0.000
cg04742135  ¢gb9 FGFR3 Body chr4 0.017 0.005
cg02350535  ¢g70 FGFR3 Body chr4 0.037 0.000
cg21339581 cg71 FGFR3 Body chr4 0.030 0.000
cgl3131329 ¢g72 FGFR3 Body chr4 0.039 0.003
cg05203875 c¢g73 FGFR3 Body chr4 0.022 0.001
cgl9625524  cg74 FGFR3 Body chr4 0.015 0.002
cgl 1545838  ¢g7H FGFR3 Body chr4 0.018 0.001
cg03262295  ¢g76 FGFR3 Body chr4 0.014 0.007
€g23595222  ¢g77 C220rt26 Body chr22  0.096 0.006
€g26394940 ¢g78 C220rf26 Body chr22  0.104 0.003
cgl1153400 ¢g79 C220rf26 Body chr22  0.127 0.002
cg01080924  ¢g80 C220rf26 Body chr22  0.091 0.000
cg24349631  cg81 C220rf26 IstExon chr22  0.105 0.005
cg09693106 cg82 C220rf26 Istkxon chr22 0.122 0.008
cg27131176  ¢g83 C220r126 TSS200 chr22  0.055 0.006
cgl5702185  cg84 MIRLET7A3 TSS1500 chr22  -0.107 0.002
cg24911721  ¢g85 MIRLET7A3 TSS200 chr22  -0.209 0.001
cgl13251842  ¢g86 MIRLET7A3 TSS200 chr22  -0.125 0.001
cg03841312  ¢g87 MIRLET7A3 TSS200 chr22  -0.094 0.002
cg04063235  ¢g88 MIRLET7A3 TSS200 chr22  -0.121 0.002
cg22121941  ¢g89 MIRLET7A3 TSS200 chr22  -0.106 0.004
cg14800351  ¢g90 PAXG6 Body chrll  -0.162 0.010
cg04598774 g9l PAXG6 Body chrll  -0.120 0.006
cg22272457  ¢g92 PAXG6 TSS200 chrll  -0.062 0.008
cg02684104  ¢g93 FLOT1 Body chr6 -0.095 0.005
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cgl8760837 cg94 FLOT1 Body chr6 -0.107 0.002
cgl7988780 c¢g95 FLOT1 Body chr6 -0.089 0.003
cgl19110902  ¢g96 FLOT1 Body chr6 -0.086 0.006
cg21568145  ¢g97 GRLF1 3'UTR chr1l9  -0.190 0.003
cgl7431280 ¢g98 GRLF1 3'UTR chr1l9  -0.237 0.004
cg08666831  ¢g99 GRLF1 3'UTR chrl9  -0.232 0.001

Abbreviations: CpG - Cytosine-phosphate-guanine dinucleotide; Chr - Chromosome; A 8 - Delta beta.
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