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Abstract
Acute myeloid leukemia (AML) is a genetically heterogeneous disease characterized by
the accumulation of acquired somatic genetic abnormalities in hematopoietic progenitor cells.
Recurrent chromosomal rearrangements are well-established diagnostic and prognostic markers.
However, approximately 50% of AML cases have normal cytogenetics and have variable
responses to conventional chemotherapy. Molecular markers have been begun to subdivide
cytogenetically normal AML (CN-AML) and have been shown to predict clinical outcome.
Despite these achievements, current classification schemes are not completely accurate
and improved risk stratification is required. My overall objective was to identify specific gene
expression and mutation signatures to define novel subclasses of CN-AML. I hypothesized that
CN-AML would be separated into at least two or more subgroups. Gene expression and
mutational profiles were established using RNA-Sequencing, clustering, de novo transcriptome
assembly, and variant detection. I found the CN-AML could be separated into three groups, two
of which had statistically significant survival differences (Kaplan-Meier analysis, log-rank test,
p=9.75x10-3). Variant analysis revealed nine fusions that are not detectable via cytogenetic
analysis and differential expression analysis identified a set of discriminatory genes to classify
each subgroup. These findings contribute to the current understanding of the genetic complexity
of AML and highlight gene fusion candidates for follow-up functional analyses.
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Chapter 1: Introduction
1.1

Background and motivation
Acute myeloid leukemia (AML) is a heterogeneous disease with diverse genetic

abnormalities that accumulate in hematopoietic progenitor cells (HPCs).1 It is characterized by
the abnormal growth of immature white blood cells (WBCs) that have lost their ability to
differentiate and undergo apoptosis. These immature blood cells accumulate in the bone marrow,
and interfere with the production of healthy blood cells.2 This decreases the amount of platelets,
red blood cells (RBCs) and normal WBCs, leading to a variety of symptoms. These include
fatigue and shortness of breath caused by anemia, infections caused by neutropenia, and easy
bruising and bleeding caused by thrombocytopenia.1
AML most frequently occurs in early childhood or later adulthood.3 It is the most
common type of leukemia in adults, and has the lowest survival among all leukemias.1 In the
Western world, approximately 25% of leukemias in adults are diagnosed as AML.2 Previous
literature has reported that the incidence of AML increases gradually with age, and that there is a
positive correlation between younger age at diagnosis and AML survival.3-5 Furthermore, the
incidence varies with gender and ethnicity. Multiple studies have shown that AML is
predominant in males and more prevalent in Caucasians compared with other ethnic groups.2,6,7
In the majority of cases, there is no direct cause of AML, although there are a variety of
risk factors that have been associated with the disease.2 Some inherited disorders such as Down
syndrome, trisomy 8, and Fanconi anemia have been linked to a higher risk of AML.2,8,9 Other
risk factors include irradiation and chemical exposure to benzene.2 Progression of pre-existing
blood disorders such as myeloproliferative neoplasms (MPN) and myelodysplastic syndromes
1

(MDS) can result in secondary AML (sAML)10, or prior cytotoxic chemotherapy for a different
malignancy can cause therapy-related AML (tAML).11
With current chemotherapy regimens the overall survival rate is 35-40% for patients
under the age of 60 and 10-15% for patients over the age of 60.12 Karyotyping or cytogenetic
analysis of tumour DNA performed at diagnosis is the most important prognostic factor for
predicting patient response.13 This entails counting the number of chromosomes and visually
examining the chromosomes for structural changes. More recently, molecular profiling using
next-generation sequencing has identified new molecular markers that improve risk stratification,
particularly in patients with a normal karyotype (NK).14 The identification of novel prognostic
markers in the cytogenetically normal AML (CN-AML) group is critical, as current classification
schemes do not include the variability in outcome for patients with NKs.15 Discovery of
recurrent gene mutations has revealed the genetic heterogeneity within cytogenetically defined
subgroups of AML. These genetic aberrations are now the most important prognostic markers for
determining risk assessment and selecting appropriate therapy, although a better classification
scheme incorporating the heterogeneity of NK patients’ responses is still required. 16,17

1.2

Pathogenesis
AML pathogenesis is thought to follow a model derived from Knudson’s two-hit

hypothesis, which proposes that most cancers require at least two mutations, with the first being
either germinal or somatic and the second always somatic.12,18 In AML, it is defined by Class 1
and Class 2 mutations, where both types of mutations are required for the development and
progression of AML. Class 1 mutations are activating and allow a proliferative and survival
advantage to the cancerous HPCs, but do not affect their differentiation; whereas Class 2
2

mutations impair hematopoietic differentiation and subsequent apoptosis of cells.19 Most AML
cases are associated with a set of somatic mutations in HPCs accumulated throughout an
individual’s life, where initiating mutations are present in landscaping genes such as epigenetic
modifiers and late mutations affect proliferative genes involved in activated signaling.16 Multiple
studies have demonstrated that AML genomes contain a high number of pre-existing mutations,
therefore only a small fraction of the mutations in the leukemic cells are relevant for
pathogenesis and disease classification.20,21 A mutation in FLT3 is a prime example of an
activating Class 1 mutation and has been identified across AML subtypes. Other examples of
Class 1 mutations are activating mutations in KIT, NRAS, or KRAS.16,22 Class 2 mutations include
gene fusions between RUNX1-RUNX1T1, CBFB-MYH11, PML-RARA, and rearrangements
involving KMT2A.16,22

1.3

Classification of AML
In the past, AML was diagnosed using criteria from the French-American-British (FAB)

group, which is based only on morphological and cytochemical examination of the bone marrow
and peripheral blood of leukemia patients.22,23 In 1997, the World Health Organization (WHO)
developed a new classification scheme for AML, which uses morphological and cytochemical
examination but also incorporates recurrent chromosomal rearrangements and molecular
abnormalities.22,24 The classification criterion has since been updated in 2008 and is currently
undergoing revision again.23,25 The main categories of current classification include AML with
recurrent genetic abnormalities, AML with myelodysplasia-related changes, therapy-related
AML, and AML not otherwise specified (Table 1.1).23
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Table 1.1: World Health Organization classification of AML in 2008
AML with t(8;21)(q22;q22); RUNX1-RUNX1T1
AML with inv(16)(p13.1q22) or t(16;16)(p13.1;q22); CBFB-MYH11
AML with t(15;17)(q22;q12); PML-RARA
AML with t(9;11)(p22;q23); MLLT3-MLL
AML with recurrent genetic
abnormalities

AML with t(6;9)(p23;q34); DEK-NUP214
AML with inv(3)(q21q26.2) or t(3;3)(q21;q26.2); RPN1-EVI1
AML (megakaryoblastic) with t(1;22)(p13;q13); RBM15-MLK1
Provisional AML with mutated NPM1
Provisional AML with mutated CEBPA
AML with myelodysplasia-related changes
Therapy-related myeloid neoplasms (tAML)
AML with minimal differentiation
AML without maturation
AML with maturation
Acute myelomonocytic leukemia

AML, not otherwise
specified

Acute monoblastic and monocytic leukemia
Acute erythroid leukemia
Acute megakaryoblastic leukemia
Acute basophilic leukemia
Acute panmyelosis with myelofibrosis
*Adapted from Vardiman et al., 2008
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1.3.1

Diagnostic procedures
The routine diagnostic procedure for a patient suspected to have AML is a bone marrow

aspirate. Smears of the blood and bone marrow are analyzed under a microscope and for a
diagnosis of AML the smear must contain a blast cell count of >20%.26 Flow cytometry is used
for immunophenotyping to identify cell lineage involvement. The surface markers expressed on
each cell are recorded to determine the diagnosis of AML with minimal differentiation,
expressing mostly early hematopoiesis-associated antigens such as CD34.26,27 A diagnostic
karyotype to determine any structural changes is required since chromosomal abnormalities have
been detected in approximately 55% of AML cases.13,28 To establish a patient’s karyotype, at
least 20 metaphase cells are examined from the bone marrow.26,29 A karyotype has the ability to
predict response to treatment, relapse risk, and overall survival in many cases.30 Moreover, DNA
and RNA are usually extracted from the bone marrow or blood of patients, especially those with
no chromosomal aberrations, to test for mutations in particular genes that carry prognostic
significance. Using reverse transcriptase-polymerase chain reaction (RT-PCR) and amplicon
sequencing, mutations in NPM1, CEBPA, and FLT3 are tested.31 A diagnostic karyotype in
combination with testing of mutation status for these genes is the basis for risk-adapted treatment
approaches.32

1.3.2

Prognostic factors
The main risk factors include age, WBC count, diagnosis of prior MDS or MPN,

previous chemotherapy10,11 and most importantly cytogenetic and molecular abnormalities.26
Karyotype analysis is the best prognostic predictor for response to induction chemotherapy and
survival.16,32 There are three risk categories: favourable, intermediate, and unfavourable. Patients
5

containing inv(16), t(8;21), or t(15;17) are put into the favourable response group, while patients
with a complex karyotype with more than three chromosomal abnormalities or patients with loss
or partial loss of chromosomes 5 or 7 are categorized as unfavourable.26,33 Generally, CN-AML
patients are classified in the intermediate risk group, but each patient has variable responses to
chemotherapy.26,33 For example, CN-AML patients with an internal tandem duplication (ITD) in
FLT3 usually respond poorly to treatment, whereas those with a NPM1 mutation (without FLT3ITD) usually respond better to treatment and reach complete remission (CR).34 Patients with
mutations in both CEBPA alleles (biallelic) have high CR rates compared to those with mutations
in only one allele.35 These prognostic factors are considered when selecting an appropriate
treatment regimen.

1.3.3

Standard treatment
The conventional induction therapy consists of 3 days of an anthracycline such as

Daunorubicin and 7 days of Cytarabine.36 Response to this therapy is assessed after 21 days,
where CR is achieved in 60-80% of patients between ages 18-60 years.15 Post-remission therapy
either entails consolidation chemotherapy or high-dose chemotherapy followed by an autologous
or allogeneic hematopoietic stem cell transplant (SCT).15,36 An autologous SCT is performed on
patients with favourable or intermediate cytogenetics, while an allogeneic SCT is performed on
patients with high-risk genetics.37 An allogeneic SCT has the lowest rates of relapse, where the
overall survival rate is approximately 30% higher compared to consolidation chemotherapy.38
Patients who do not respond to initial induction therapy are considered to have primary
refractory disease, and are recommended for an allogeneic SCT.39
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1.4

Genetics of AML
The first insights into the genetic basis of leukemia began in 1973 when Janet Rowley

discovered a recurrent translocation between chromosome 9 and 22, namely the Philadelphia
chromosome translocation, in Chronic Myeloid Leukemia (CML) cells. In that same year,
Rowley identified a translocation between chromosomes 8 and 21 in AML cells and over the
next decade many more chromosomal aberrations were detected in hematologic malignancies.40
The most common chromosomal abnormalities that have been identified in AML include
t(8;21)(q22;q22) and inv(16)(p13;q22), which are considered core-binding factor (CBF) AMLs
and t(15;17)(q22;q11), which is characteristic of acute promyelocytic leukemia (APL).41 These
structural rearrangements are established indicators for a favourable outcome, and these subtypes
account for approximately 20% of all AML cases.40,41 For example, 85-95% of patients with
these subtypes respond to therapy and reach CR, whereas only 75-80% of all AML patients
achieve CR. Similarly, the 5-year survival rate for patients with these subtypes is 60-70%
compared to 45% of all AML patients.22 The structural alterations that are known predictors of a
poor outcome include translocations involving 11q23 (KMT2A), complex karyotypes with three
or more chromosomal abnormalities, and loss or partial loss of chromosomes 5 or 7.40 Patients
with these distinct cytogenetic alterations are treated accordingly. However, approximately 50%
of patients are diagnosed with AML in the absence of cytogenetic abnormalities, and each case
responds differently to conventional chemotherapy demonstrating the need for improved risk
stratification.32
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1.4.1

Core-binding factor leukemias
The core binding factors (CBFs) are a set of hematopoietic transcription factors that are

essential for hematopoiesis, and control the regulation of genes associated with lymphoid and
myeloid differentiation.12 CBF is a heterodimer that includes a CBF-beta (CBFB) subunit and an
alpha subunit encoded by one of the RUNX family genes. CBFB is essential for CBF function as
it increases the affinity of the RUNX proteins to bind to DNA, and protects them from proteolytic
degradation.42 The chromosomal rearrangement t(8;21), discovered in 1973, and inv(16), found
in 1982, disrupt the CBF transcription complex and give rise to RUNX1-RUNX1T1 and CBFBMYH11 fusion transcripts, respectively.43 The expression of these fusion genes interferes with
the normal CBF allele, acting as a dominant negative inhibitor of CBF-mediated transcription
and resulting in a loss-of-function for CBF that prevents hematopoietic cell differentiation.12
RUNX1-RUNX1T1 accounts for 10% of AML cases and is associated with neutrophil maturation.
The fusion protein CBFB-MYH11 accounts for 5% of AML cases and produces abnormal
eosinophils.43 The treatment is usually intensive chemotherapy and the rate for CR in these
cytogenetic groups is approximately 85%. Approximately 20-45% of patients with CBF-AML
contain KIT mutations, which have been shown to negatively impact their prognosis.41

1.4.2

Acute promyelocytic leukemia
In 1977, Rowley demonstrated that t(15;17) was a determinant for APL. The resulting

fusion transcript PML-RARA blocks hematopoietic differentiation at the promyelocyte stage.40
The treatment for this specific fusion is high-dose all-trans-retinoic acid (ATRA), which induces
proteolysis of PML-RARA and drives the differentiation of the promyelocytes into mature
granulopoietic cells.44 More than 80% of APL cases are cured with this treatment regimen.45
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Treatment with arsenic trioxide has also been shown to be effective in targeting the PML-RARA
fusion protein for degradation.44
Studies in mouse models have shown that these loss-of-function mutations in
hematopoietic transcription factors are not sufficient to cause AML on their own.12 Transgenic
mice that express either the RUNX1-RUNX1T1 or CBFB-MYH11 fusion proteins in adult
hematopoietic progenitors do not develop AML unless a chemical mutagen such as ethylnitrosourea (ENU) is used to initiate leukemogenesis.46,47 The expression of PML-RARA in
transgenic mice has shown some features of APL, however, there is a long latency of the disease
and incomplete penetrance.48,49 Typically, a second mutation hit increasing proliferation and
survival is required for the development of AML.12

1.4.3

11q23 rearrangements (KMT2A)
Reciprocal translocations on chromosome 11q23 involving the KMT2A gene are reported

in 10% of adult AML cases.43 The KMT2A gene encodes a multi-domain protein that regulates
transcription of development genes such as the HOX gene family.50 These translocations create
oncogenic fusion proteins in the methyltransferase domain, resulting in hypermethylation at
H3K79 by the histone methyltransferase DOT1L. This leads to aberrant expression of genes
including HOXA9 and MEIS1 that drive leukemogenesis.51 In 2008, the prognosis for patients
with t(11q23) was thought to be unfavourable for every fusion partner of KMT2A. However,
cases with t(9;11)(p21;q23) leading to a KMT2A-MLLT3 fusion have recently been shown to
have a better prognosis.52,53 Similar results were observed in AML cases with t(11;19)(q23;p13)
involving MLLT1.54 In contrast, patients with t(6;11)(q27;q23) and t(10;11)(p12;q23) involving
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the MLLT4 and MLLT10 genes, respectively, have been shown to have a poor prognosis.32,54
Current treatment is limited to standard chemotherapy and an allogeneic SCT.50

1.4.4

Complex karyotypes, trisomies, and monosomal karyotypes
A complex karyotype is defined as the presence of three or more acquired chromosomal

aberrations and account for 10-15% of AML cases.43 They are characterized by chromosomal
losses and gains, and are frequently associated with TP53 mutations, which negatively impact
survival.55 Trisomies are commonly detected in a complex karyotype, although can also be
detected alone or with other structural rearrangements. For example, trisomy 8 has been detected
in a complex karyotype, as a second mutation in t(8;21), inv(16) or t(9;11), and as a sole
chromosomal aberration. Patients with trisomy 8 or a complex karyotype including trisomy 8 are
expected to have a poor treatment outcome, whereas patients with trisomy 8 in the presence of
t(8;21), inv(16) or t(9;11) are predicted to have better responses to standard treatment.30 The
trisomies in de novo AML in decreasing frequency are +8, +22, +13, +21, and +11.28 Autosomal
monosomies are also present in complex karyotypes, where the most prevalent single
monosomies reported in AML are of chromosomes 5 and 7. Loss of entire chromosomes (-7, -5)
has been reported to have lower OS, compared to del(7q) and del(5q).56 Moreover, a monosomal
karyotype defined as two or more autosomal monosomies or a single monosomy accompanied
by a second structural abnormality has been shown to be a better indicator for poor prognosis
compared to a complex karyotype.28,56
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1.4.5

Recurrent mutations
Cytogenetic analysis still remains the most important indicator for AML risk

stratification, but with advances in sequencing technology, molecular analysis became an
appealing method to aid in stratifying those cases with normal cytogenetics.16 Recurrent
mutations that carry prognostic value have been identified and have allowed for refinement of
cytogenetic risk classification. However, the current classification scheme is not completely
accurate suggesting that a better understanding of the underlying genetics relevant to AML
pathogenesis is required.57

1.4.5.1

NPM1 mutations
NPM1 is a nucleolar protein that is involved with ribosome biogenesis, DNA repair, and

apoptosis.43 In 2005, Falini and colleagues reported aberrant cytoplasmic localization of the
NPM1 protein and discovered a four base-pair insertion that resulted in a frameshift and created
an export signal.58 This mutation mediates abnormal localization of the NPM1 protein to the
cytoplasm, thereby disrupting normal shuttle function of the protein between the nucleus and the
cytoplasm.59 NPM1 is one of the most frequently mutated genes in AML, where mutations in
NPM1 are identified in 25-35% of AML patients. In particular, NPM1 mutations are observed in
45-65% of CN-AML cases17 and are commonly accompanied by an ITD in FLT3.57 The
prognosis for patients with mutated NPM1 without FLT3-ITD is favourable, whereas the
prognosis for patients with a NPM1 mutation and an ITD in FLT3 is associated with a less
favourable outcome.26,34 NPM1 mutations are also correlated with a better outcome in older
patients, thereby indicating that such patients may benefit from intensive chemotherapy.60
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1.4.5.2

CEBPA mutations
CEBPA is part of the leucine zipper (LZ) family of transcription factors. These proteins

activate myeloid gene expression to induce granulocytic differentiation.35 Mutations in CEBPA
are detected in 10-18% of CN-AML patients.43 There are two types of mutations frequently
observed in the CEBPA gene: nonsense mutations in the N-terminus and in-frame mutations in
the C-terminus. The nonsense mutations result in a truncated protein that inhibits wild-type
CEBPA in a dominant negative gain-of-function manner. The in-frame mutations occur in the LZ
domain, which prevents DNA from binding to CEBPA.61,62 Both types of mutations disrupt the
normal role of CEBPA, which is involved in neutrophil differentiation.59 CEBPA mutations can
either be monoallelic or biallelic.63 In 60% of CEBPA-mutated CN-AML cases, these mutations
are biallelic and are associated with a specific gene expression signature that confers a
favourable prognosis.35,64,65 Single mutations in CEBPA do not carry any prognostic value;
although have been reported to coexist frequently with FLT3-ITD and NPM1 mutations.63

1.4.5.3

FLT3 mutations
Nakao and colleagues discovered the first mutation in FLT3 in 1996.66 FLT3 is a

hematopoietic growth factor receptor and functions via auto-inhibition.22 ITDs in FLT3 have
been reported in 20% of all AML cases and in 28-34% of CN-AML cases.57 CN-AML patients
with FLT3-ITD are predicted to have a poor outcome.67 These FLT3-ITD mutations are in-frame
duplications that usually occur within the juxtamembrane (JM) domain and vary in length from 3
to > 400 base pairs with longer length correlated with poorer survival.68 Additionally, a point
mutation at aspartic acid residue 835 (D835) in the activation loop of the tyrosine kinase domain
(TKD) of FLT3 has been detected in 11-14% of CN-AML patients; although its effects on
12

prognosis have been controversial.43,69 Mutations in these two domains diminish the gene’s autoinhibitory function resulting in constitutive activation of the FLT3 tyrosine kinase leading to
enhanced RAS, MAPK, and STAT5 signaling.22 Multiple studies have also reported that patients
with a higher allelic ratio of FLT3-ITD to wild-type FLT3 have a worst clinical outcome.70 An
allogeneic SCT is an attractive option for those harbouring FLT3-ITD mutations since standard
chemotherapy usually gives poor results.57 Furthermore, several tyrosine kinases inhibitors such
as Sorafenib, Midostaurin, and Quizartinib are being investigated for their activity against cells
with FLT3-ITD.71-73

1.4.5.4

KIT mutations
KIT is another tyrosine kinase receptor that is expressed on the surface of 80% of AML

cells.74 Mutations are detected in 25-30% of CBF AML cases with either t(8;21) or inv(16) and
are associated with high relapse rates.75 The most frequent mutation reported is in the activationloop at aspartic acid 816 (D816) resulting in increased STAT3/STAT5 and PI3K/Akt signaling.
Another mutation in exon 8 at asparagine 822 (N822) results in increased MAPK and PI3K/Akt
signaling.12,43 Treatment with the tyrosine kinase inhibitor Dasatinib is effective for KIT D816
and Imatinib shows activity against KIT N822.41,76

1.4.5.5

RAS mutations
The RAS family proteins are a group of small GTPases involved in hematopoiesis.43

AML has been associated with the constitutive activation of RAS from mutations in upstream
tyrosine kinase receptors FLT3 and KIT as well as mutations in NRAS and KRAS at codons 12,
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13, or 16.77 The mutations in NRAS and KRAS are detected at a low frequency and not useful in
predicting response to therapy.12,22

1.4.5.6

KMT2A partial tandem duplications
After discovery of multiple translocations involving the KMT2A gene, partial tandem

duplications (PTDs) that are not visible via karyotype analysis were detected.78 The DNA
binding motifs of KMT2A between exons 5 and 11 or exons 5 and 12 are duplicated and inserted
in-frame into intron 4.43 KMT2A-PTDs are detected in 8-10% of CN-AML cases and are
classified as unfavourable markers.79 The recommended treatment is an early allogeneic SCT.43

1.4.5.7

RUNX1 mutations
RUNX family proteins have an essential role in regulation of gene expression through

transcriptional repression and epigenetic silencing.80 The RUNX1 gene encodes the alpha subunit
of the CBF complex and is involved in the t(8;21) fusion transcript. Missense, nonsense, and
frameshift mutations were subsequently observed in RUNX1 and have also been shown to disrupt
this complex.59 RUNX1 mutations occur more in older patients compared to younger patients and
rarely co-occur with NPM1 or CEBPA mutations.81 RUNX1 mutations have been shown to
coexist with KMT2A-PTD and IDH1/2 mutations, and are associated with trisomy 21 and 13.17
Multiple studies have shown that RUNX1 mutations correlate with low CR rates and a worse
OS.82 Furthermore, heterozygous germline mutations in RUNX1 have been observed in familial
platelet disorder, which has autosomal dominant inheritance and a predisposition to AML.43
Acquired somatic mutations in the Runt domain have also been found in MDS.83,84
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1.4.5.8

DNMT3A mutations
DNMT3A is an epigenetic regulator that catalyzes the addition of a methyl group to

cytosine residues.43 In 2010, Ley and colleagues identified a mutation in DNMT3A at arginine
residue 882 (R882) and further mutational analysis revealed a variety of mutations in the openreading frame; still, heterozygous mutations at R882 account for 50% of DNMT3A mutations.85
It is thought that the R882 mutation acts as a dominant-negative regulator of the wild-type
DNMT3A.86 Mutations in DNMT3A are present in 20-25% of all AML patients and 36% of CNAML patients. These mutations commonly co-occur with NPM1 and FLT3 mutations and are
linked to an unfavourable prognosis.85

1.4.5.9

IDH mutations
IDH1 and IDH2 are enzymes in the citrate acid cycle that convert isocitrate to α-

ketoglutarate.43 IDH1 mutations were initially found in gliomas and now heterozygous mutations
in AML have been observed with point mutations at arginine residues in IDH1 at codon 132 and
in IDH2 at codon 140 or 172.87 Mutations in either IDH1 or IDH2 are detected in approximately
15-20% of all AML cases, while they are observed in 25-30% of CN-AML cases.88 The mutant
enzymes acquire a neomorphic function that coverts α-ketoglutarate to 2-hydroxyglutarate
(2HG).89,90 High concentrations of 2HG have been shown to inhibit histones and DNA
demethylases, since they require α-ketoglutarate as a substrate.91 In addition, overexpression of
IDH enzymes has been shown to block differentiation by inducing histone and DNA
hypermethylation.92,93 Multiple studies have shown that IDH1/2 mutations and NPM1 mutations
are frequently observed together and that IDH1/2 and TET2 are mutually exclusive, suggesting
that IDH1/2 and TET2 mutations share a proleukemogenic effect.34
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1.4.5.10 TET2 mutations
TET2 is an epigenetic regulator that uses α-ketoglutarate as a substrate to convert 5methylcytosine to 5-hydroxymethylcytosine.43 Mutations of the TET2 gene at chromosome 4q24
have been observed in 8-23% of adult AML cases and in particular 18-23% of CN-AML cases.94
TET2 mutations are also common in MDS and MPN.43 The type of mutation varies including
nonsense mutations, deletions, and splice site mutations across all 11 exons. These mutations
usually introduce a frameshift that results in a truncated TET2 protein and therefore inadequate
production of this suspected tumour suppressor.59,95 It has been shown in mouse models that
deletion of TET2 results in increased self-renewal ability of hematopoietic stem cells and
myeloid malignancy progression.96

1.4.5.11 ASXL1 mutations
ASXL1 is part of the Polycomb group of proteins and acts as a transcriptional regulator.43
Mutations in ASXL1 were first identified in 2009 and account for 6-30% of AML cases.97 ASXL1
mutations are more frequent in older AML patients (> 60 years of age), and are more often
present in patients with sAML.98 Somatic deletions and point mutations are the most common
types of mutations observed and have been associated with an unfavourable prognosis.97 ASXL1
is thought to have a role in the recruitment and stabilization of the Polycomb-repressive complex
2 (PRC2) and has been shown in a mouse model with hematopoietic NRAS overexpression to
accelerate disease progression and increase tumour burden.99,100

16

1.4.5.12 Other gene mutations
Mutations in the WT1 tumour suppressor gene, encoding a zinc finger transcription
factor, are detected in 10-13% of CN-AML cases, although their effect on prognosis is not
clear.17,101 The PHF6 tumour suppressor gene, located on the X chromosome encoding a plant
homeodomain protein, is frequently mutated in T-cell acute lymphocytic leukemia (T-ALL).43,102
PHF6 mutations account for 3% of AML cases, although its functional role in AML is not well
understood.102 Moreover, recurrent mutations in genes involved in the cohesin complex and the
spliceosome complex have been recently reported. The components of the cohesin complex are
involved in controlling chromatid separation during mitosis and transcriptional regulation of cell
maturation.43 Three genes in the cohesin complex, STAG2, SMC3, and SMC1A, are recurrently
mutated and mutually exclusive of each other suggesting that one mutation is sufficient to disrupt
the entire complex.20 Mutations in genes of the spliceosome complex have been found in MDS
and therefore are more prevalent in sAML. Mutations in SF3B1, U2AF1, SRSF2, and ZRSR2
have been reported in de novo AML.103 Due to the vast amount of knowledge pertaining to
recurrently mutated genes and their impacts on treatment responses, Patel and colleagues
constructed a revised risk stratification chart from integrated cytogenetic and mutational analysis
in 2012 (Table 1.2). This revision requires validation before it can be incorporated into the WHO
classification scheme.34
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Table 1.2: Revised risk stratification in 2012
Cytogenetic
Classification

Mutations

Favourable

Any

Overall Risk
Profile

Favourable

Normal Karyotype or
intermediate-risk
cytogenetic lesions

Unfavourable

FLT3-ITD-negative

Mutant NPM1 and IDH1 or IDH2

FLT3-ITD-negative

Wild-type ASXL1, MLL-PTD,
PHF6, and TET2

FLT3-ITD-negative or
positive

Mutant CEBPA

FLT3-ITD-positive

Wild-type MLL-PTD, TET2, and
DNMT3A and trisomy 8-negative

FLT3-ITD-negative

Mutant TET2, MLL-PTD, ASXL1,
or PHF6

FLT3-ITD-positive

Mutant TET2, MLL-PTD,
DNMT3A, or trisomy 8, without
mutant CEBPA

Intermediate

Unfavourable

Any

*Adapted from Patel et al., 2012
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1.5

Results from The Cancer Genome Atlas project
The Cancer Genome Atlas (TCGA) consortium set out to illustrate the genetic and

epigenetic landscape of de novo AML by sequencing 200 genomes and transcriptomes. An
average of 13 genes were mutated in each AML genome, and in 99% of cases at least one
potential driver mutation was reported.33 Mutations were analyzed for co-occurrence and mutual
exclusivity to establish mutational patterns. KMT2A fusions and PML-RARA fusions were found
to require fewer cooperating mutations compared to other initiating mutations. Mutation
prevalence was high in the known genes including DNMT3A, FLT3, NPM1, IDH1, IDH2, and
CEBPA, but also some genes recently connected to AML development including U2AF1, EZH2,
SMC1A, and SMC3.33 Mutual exclusivity was exhibited between the PML-RARA, CBFBMYH11, and KMT2A fusions. RUNX1 and TP53 mutations were mutually exclusive of FLT3 and
NPM1 mutations. Moreover, FLT3, other tyrosine/serine-threonine kinases, and RAS family
genes were mutually exclusive. Mutations in FLT3, NPM1, and DNMT3A significantly cooccurred.33 This shows the heterogeneity of AML and the challenges in defining which
mutations are of prognostic value. Moreover, many recurrent mutations could not be classified
according to the traditional concept of Class 1 and Class 2 mutations, and instead were divided
into nine different functional categories (Table 1.3).43
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Table 1.3: Improved functional categories of genetic changes in AML

Analysis

Before 2008

2008-2012

From 2013

Cytogenetic and
molecular genetic
analysis

Next-generation
sequencing approaches

The Cancer Genome Atlas project

Prevalence in
AML (%)

Class 1: transcription factor fusions—t(8;21), inv(16),
t(15;17), KMT2A

18%

Class 2: nucleophosmin 1, NPM1 mutations

27%

Class 1: activated
signaling—FLT3, KIT,
RAS mutations

Functional
categories
Class 2: transcription
and differentiation—
t(8;21), inv(16),
t(15;17), CEBPA
mutations

Class 1: activated
signaling—FLT3, KIT, RAS
mutations

Class 3: tumour suppressor genes—TP53, WT1, PHF6
mutations
Class 4: DNA-methylation-related genes: DNA
methyltransferases—DNMT3A
Class 2: transcription and
DNA hydroxymethylation—IDH1, IDH2, TET2
differentiation—t(8;21),
Class 5: activated signaling genes—FLT3, KIT, RAS
inv(16), t(15;17), CEBPA,
mutations
RUNX1 mutations
Class 6: chromatin-modifying genes—ASXL1, EZH2
mutations, KMT2A fusions and PTDs
Class 7: myeloid transcription factor genes—CEBPA,
RUNX1 mutations
Class 3: epigenetic
Class 8: cohesin complex genes—STAG2, RAD21, SMC1,
modifiers—TET2,
SMC2 mutations
DNMT3A, ASXL1 mutations
Class 9: spliceosome complex genes—SRSF2, U2AF35,
ZRSR2 mutations

16%
44%
59%
30%
22%
13%
14%

*Adapted from Meyer & Levine 2014
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1.6

Gene expression profiling
In 1999, Golub and colleagues demonstrated that gene expression profiling could be used

to predict subtypes in AML based on their molecular signatures.104 Nowadays, gene expression
profiling is widely used in research to predict specific cytogenetics and molecular alterations as
well as to discover novel subtypes with distinct gene expression patterns. This method is robust
since multiple studies have confirmed the ability to predict subtypes with different platforms and
bioinformatics tools.105 For example, Schoch et al.106 and Valk et al.105, independently showed
that large structural rearrangements in AML such as t(15;17)/PML-RARA, t(8;21)/RUNX1RUNX1T1, and inv(16)/CBFB-MYH11 were distinct from other subtypes using gene expression
analysis. Cases with complex karyotypes were also separated from other subtypes, specifically
due to the up-regulation of DNA repair genes.105,106 Furthermore, NPM1-mutated cases exhibited
high expression of the HOX gene cluster, whereas mutated-CEBPA cases were correlated with
the down-regulation of HOXA and HOXB and up-regulation of erythroid-specific genes such as
GATA1 and EPOR.107,108 Moreover, high expression of single genes such as ERG and EVI1, have
been shown to predict poor outcomes in AML patients.109,110 Although gene expression has
proved to be beneficial in a research setting, it has yet to be implemented into clinical practice.111

1.7

Summary
The discovery and characterization of recurrent mutations in NPM1, FLT3, and CEBPA

were breakthroughs for stratifying AML patients with normal cytogenetics.34 More recently,
mutations in epigenetic modifiers such as DNMT3A, IDH1/2, and TET2 have been identified and
are helping to improve the classification scheme.100 However, a complete understanding of this
disease is still elusive, and a better classification scheme, specifically for the normal cytogenetics
21

class, is required. Molecular classification based on gene expression profiling is an attractive
way to distinguish between subclasses in one comprehensive analysis and has identified novel
subtypes and single gene prognostic predictors in earlier studies.108 The goal of my project was
to use gene expression profiling to categorize novel subclasses in the normal cytogenetics class,
and identify fusions in this group that cannot be detected using standard karyotype analysis.

1.8

Hypothesis
Distinct gene expression and mutation profiles define novel subclasses of CN-AML and

may be useful in predicting prognosis.

1.9

Thesis objectives
1) Examine gene expression patterns in CN-AML cases compared to established subtypes
and report mutation profiles in known disease genes
2) Define distinct subclasses of CN-AML based on gene expression profiles and identify
novel fusions in each subclass
3) Determine the differentially expressed genes that discriminate CN-AML subclasses
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Chapter 2: Methods
2.1

Summary
RNA-Seq was performed on samples of bone marrow or peripheral blood on 124 patients

with de novo and secondary AML, of which 53 were CN-AML patients, from the Personalized
Medicine Project (PMP) cohort. The gene expression was quantified and cluster analysis was
performed on all patients (n=124) and CN-AML patients (n=53). RNA-Seq samples were
assembled using a de novo transcriptome assembly tool and structural variants were detected.
Differential expression analysis comparing the subgroups identified by clustering was
performed, and discriminatory genes defining each subgroup were determined.

2.2

Primary AML samples
Primary human AML samples were isolated from bone marrow or peripheral blood from

consenting patients with AML in the Leukemia/Bone Marrow Transplant Program of British
Columbia (BC). The BC Cancer Agency’s Clinical Review Ethics Board approved the collection
and use of human tissue for this study. All patients were between ages 25 and 75, and all samples
were collected between December 30th, 1992 and November 11th, 2011.

2.3

Library construction and sequencing
Plate-based libraries were prepared at the BC Cancer Agency’s Genome Sciences Centre

(BCGSC) following the vendor’s paired-end (PE) protocol, and the libraries were sequenced on
Illumina HiSeq2000 instruments to generate PE sequences with 75 base pair (bp) reads. Refer to
Methods section in Docking et al. (manuscript in preparation).
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2.4

Gene expression quantification
Sailfish, an alignment-free abundance normalization method, was used to quantify gene

expression.112 This approach uses the concept of k-mer counting and is executed in two phases.
First, an index is built from a set of reference transcripts and a specific k-mer length. Second, the
indexed k-mers from the reference transcripts are counted in the RNA-Seq reads and the relative
abundance of each transcript is estimated in reads per kilobase per million mapped reads
(RPKM). Sailfish v0.6.3 was used in this analysis using the following two steps including
parameters:
1. Prepare reference
./sailfish –index refseq_transcript_reference.fasta –output reference_path –k 20
2. Calculate transcript abundance
./sailfish –quant reference_path –iterations 1000 –min_abundance 0 –delta 0.005 --out
output_path

2.5

Unsupervised consensus clustering and survival analysis
Consensus clustering is a quantitative method for estimating the number of unsupervised

classes and is derived from repeated subsampling and clustering. A data matrix containing
samples (items) as rows and gene features as columns was generated. The variance of each gene
was calculated and genes with a variance equal to zero were removed. The dataset was reduced
to the top 5000 most variable genes by computing the median absolute deviation, and this filtered
matrix was used as input to ConsensusClusterPlus v1.20.0 in R v3.1.3. The following parameters
were used:
maxK=10
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reps=10000
pItem=0.8
pFeature=1
distance=“pearson” or “spearman”
clusterAlg=“hc” or “pam”
The variable, k, is defined as the number of clusters, where a max of 10 clusters were evaluated.
For consensus clustering, 10000 repetitions of resampling were performed on 80% of samples or
items (pItem) and 100% of gene features (pFeature). Two distance parameters and two clustering
algorithms were explored to optimize the consensus clustering result. A consensus matrix with
the samples as both the rows and columns was produced for each k, where consensus values are
calculated by determining the number of times a pair of samples are assigned the same cluster in
10000 iterations. A heatmap of the consensus matrix was generated to determine the optimal
cluster solution, where the consensus values range from 0 (never cluster together – white) to 1
(always clustered together - blue). The cluster assignments are marked by coloured rectangles,
and a dendrogram showing the degree of similarity between samples was built. Cumulative
distribution function (CDF) plots of the consensus matrices for each k were estimated by a
histogram of 100 bins. A consensus matrix with only 0’s and 1’s would generate a histogram
with two bins centered at 0 and 1, and a CDF curve with a step around 0, a flat line from 0-1, and
a second step around 1. The cluster assignments for samples were recorded at each k and plotted
in an item-tracking plot, to evaluate the stability of the clusters.113 The silhouette-width of each
sample in an assigned cluster was computed by comparing how similar the sample is to the other
samples in the same cluster. A value of 1 indicates the sample fits well in the cluster, whereas a
value of near 0 indicates the sample does not share many similarities with the other samples in
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the same cluster. A silhouette-width profile was generated using R ‘cluster’ package v2.0.3 by
reordering samples to display the same order as the consensus matrix heatmap. Kaplan-Meier
survival curves using the R ‘survival’ package v.2.38-2 were generated and the log-rank test was
used to compute a p value for overall survival, by testing the null hypothesis that there is no
difference between population survival curves. A vertical gap indicates that one group had a
greater fraction of patients surviving.

2.6

Transcriptome assembly and variant analysis
RNA-Seq

libraries

were

assembled

with

Trans-ABySS

(version

1.5.2

–

http://www.bcgsc.ca/platform/bioinfo/software/trans-abyss/releases).114 Contigs were aligned
against the human genome reference hg19 with exon-exon junctions using GMAP (version 201412-28

–

https://www.hpc.science.unsw.edu.au/software/gmap/2014-12-28).

Variants

were

detected using PAVfinder (version 0.2.0 – https://github.com/bcgsc/pavfinder). Gene fusion
candidates were filtered by requiring at least four reads spanning the contig breakpoint with at
least four flanking base pairs. Alignment of contigs and reads spanning the fusion breakpoint to
the human genome reference 19 was manually performed for each gene fusion candidate using
the BLAT alignment tool from UCSC Genome Browser (https://genome.ucsc.edu/cgibin/hgBlat). The cBioPortal for Cancer Genomics online database was used to visualize the
fusion events as a heatmap or an OncoPrint (http://www.cbioportal.org/oncoprinter.jsp). The
genes involved in the fusions were compared to the reported mutations from the TCGA AML
cohort in cBioPortal.115,116
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2.7

Cutoff optimization and survival analysis of significant genes
Determination of a cutoff value of gene expression was computed by fitting a Cox

proportional hazards model to the gene variable and the survival variable. The optimal cutoff
was selected by maximizing the significance assessed by the log-rank test that stratified patients
into two separate groups.117 Kaplan-Meier analysis was performed as described in Section 2.5.

2.8

Differential expression analysis
Statistically significant changes in gene expression between clusters were analyzed using

‘samr’ v2.0 in R v3.1.3, which is an RNA-Seq adaptation of Significant Analysis of Microarrays
(SAM). A multi-class SAM analysis was performed using the top 5000 most variable genes
previously determined and described in Section 2.5. The following parameters were used:
resp.type=“Multiclass”
random.seed=100
nperms=1000
testStatistic=“wilcoxon”
fdr.output=0.05
The top-ranked 20% of genes were filtered from the SAM output files and abundance heatmaps
were generated using ‘pheatmap’ in R v3.1.3. The RPKM gene expression matrix was also
filtered to keep the same gene records, and then each row (gene) was log-transformed and
reordered in the heatmap using hierarchical clustering.118 Multiple two-class (unpaired) SAM
analyses were performed to obtain a list of differentially expressed genes between groups. The
following parameters were used:
resp.type=“Two class unpaired”
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random.seed=100
nperms=200
testStatistic=“wilcoxon”
fdr.output=0.05

2.9

Comparison of significant genes
The groups within the two datasets were tested for overlap of genes with high expression

and genes with low expression. A contingency table was built and a Fisher’s exact test was used
to compute a p-value. These p-values were adjusted using the Benjamini-Hochberg correction.
The Fisher’s exact test also computed an odds ratio that represents the strength of the association,
where an odds ratio > 1 indicates there is strong association between the two lists.

2.10 Group-discriminatory genes
A random forest classifier was generated for samples in each group versus all other
samples to identify discriminatory genes using randomForest v6.6-6 in R v3.1.3. Each
classification tree was built using a bootstrap sample of the data, and at each split a random
subset of the variables was used. The number of trees built was 50000 and the number of
variables sampled at each split (mtry) was 100. At each split, one variable was tried and a Gini
index was calculated by measuring the total decrease in node impurity, averaged over all trees.
To select the discriminatory genes, iteratively a new forest is built after discarding genes with the
smallest variable importance. The smallest set of genes selected is the one that yields the smallest
out-of-bag (OOB) error rate. For each classifier, the estimated OOB error was calculated as a
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function of the number of most important genes. The smallest set of genes that minimized the
OOB error rate was reported.119 The following parameters were used:
y=response
data=expression.data
ntree=50000
mtry=100
importance=TRUE
proximity=TRUE
keep.forest=TRUE
na.action=na.omit
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Chapter 3: Results
3.1

Overview
AML is a heterogeneous disease with many classes including core-binding factor

rearrangements inv(16) and t(8;21), complex karyotypes, and CN-AML. The remarkably normal
karyotype of CN-AML suggests that aberrant gene expression driven by molecular aberrations,
rather than large chromosomal alterations may play a dominant role in driving tumourigenesis.
The overall objective of this work was two-fold: 1) to define potential CN-AML subclasses
based on gene expression signatures, and 2) to identify whether additional fusions, undetectable
via karyotype analysis, existed within these subclasses. Karyotype analysis provides a global
evaluation of both numerical and structural abnormalities within chromosomes. However,
current G-banding techniques are limited in resolution, only able to detect rearrangements
greater than 5 million base pairs (bp) apart. Structural variants smaller than 5 million bp, such as
ITDs in FLT3 and PTDs in KMT2A, have been detected in AML using next generation
sequencing techniques and are essential for predicting prognosis.67,68 This suggests that gene
fusions resulting from chromosomal alterations smaller than 5 million bp exist and may provide
additional insight into AML pathogenesis. I tested two hypotheses, the first addressing whether
CN-AML could be separated from other AML subtypes using their gene expression profiles, and
the second testing whether CN-AML could be split into multiple subgroups based on their gene
expression and mutation signatures.
To test these hypotheses, I analyzed two AML cohorts from the Personalized Medicine
Project (PMP) and The Cancer Genome Atlas (TCGA) project (Figure 3.1). For my purposes, the
PMP cohort was considered the test cohort and consists of patients with de novo AML and
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sAML. Conversely, the TCGA cohort served as a validation cohort and consists of patients with
de novo AML. The PMP cohort (n=124) was used to test the first hypothesis of whether CNAML is separated from other AML subtypes by gene expression signatures. The PMP cohort of
CN-AML cases (n=53) was used to test the second hypothesis of whether CN-AML could be
separated into subclasses by differences in gene expression and mutation profiles. The TCGA
cohort of CN-AML cases (n=80) was used to validate the findings from the PMP cohort.
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Figure 3.1: Workflow of the analyses performed
This figure illustrates the two hypotheses of my thesis and the analyses that were used to test my hypotheses: 1) CNAML subclasses can be identified and differentiated from known AML subtypes using gene expression profiling; 2)
CN-AML subclasses have distinct gene expression and mutation profiles that may be useful in predicting prognosis.
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3.2

Gene expression and mutation signatures define AML subtypes and CN-AML
The PMP cohort (n= 124) includes patients with the most common cytogenetic AML

subtypes and reflects the heterogeneity of cytogenetic and molecular abnormalities in AML
(Table 3.1). To determine whether CN-AML cases can be differentiated from known AML
subtypes, I performed an unsupervised hierarchical cluster analysis using a cross-sample subset
of the 5000 most variable genes. Consensus clustering of the gene expression abundances
suggested an optimal cluster solution with five groups (Figure 3.2).
The majority of the sAML patients were classed in Group 5, which had a distinct gene
expression signature compared to the other groups (Figure 3.2). Cases with t(15;17)/PML-RARA,
inv(16)/CBFB-MYH11, and t(8;21)/RUNX1-RUNX1T1 (favourable risk group) were separated
into Group 1. Interestingly, CN-AML cases were split into two distinct groups, Groups 3 and 4,
indicating two separate subgroups exist within CN-AML. I noted that Group 3 was significantly
associated with NPM1 and DNMT3A mutations, and Group 4 was significantly associated with
CEBPA mutations (Figure 3.2).
To determine whether the clustering correlated with differences in survival, I performed a
Kaplan-Meier survival estimate and generated a survival curve for each group. There was a
significant survival difference (Kaplan-Meier analysis, log-rank test, p=2.28x10-2) between
Group 1, enriched for patients in the favourable risk group, and Group 5, enriched for sAML
patients (Figure 3.3). There was also a significant survival difference (Kaplan-Meier analysis,
log-rank test, p=2.61x10-2) between Group 1 and Group 4, enriched for CN-AML patients
(Figure 3.3). There was no significant difference in survival (Kaplan-Meier analysis, log-rank
test, p=0.597) between Groups 3 and 4, enriched for CN-AML cases (Figure 3.3), which may be
due to the relatively small sample size.
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Table 3.1: Patient characteristics
Variable

Subtype

n (%)

Age (years)

55.4 (24.8-76.2)

Males
WHO Category

Median (range)

65 (52.4)
AML-t(15;17)

5 (4)

AML-t(8;21)

4 (3.2)

AML-inv(16)

11 (8.9)

AML-inv(3)

1 (0.8)

AML_11q23

4 (3.2)

AML-t(7;11)

1 (0.8)

AML-del5(q)

1 (0.8)

AML-complex

4 (3.2)

AML-NK (CN-AML)

53 (42.7)

AML-NOS

3 (2.4)

AML-ERYT (M6)

14 (14.7)

AML-MAST

1 (0.8)

AML-MEGA

1 (0.8)

AML-MDS (sAML)

20 (16.1)

AML-MPN

1 (0.8)
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Figure 3.2: Unsupervised gene expression patterns
Unsupervised consensus clusters for de novo AML and sAML samples in the PMP cohort. Shown from top to
bottom is the silhouette-width profile (a metric that reflects how well a sample fits into a distinct cluster) that was
calculated from the consensus membership matrix; a gene abundance heatmap; and covariates including subtypes
and observed mutations, with P-values for associations, corrected for multiple hypothesis testing at the far left. B-H
denotes Benjamini-Hochberg multiple-testing correction. The numbers refer to the silhouette-width profiles for
which P-values are provided. One asterisk denotes P<0.05, two asterisks denotes P<0.01, and three asterisks denotes
P<0.001. The colour scale for the heatmap is row-scaled log10(RPKM+1) (reads per kilobase per million mapped
reads). The scale-bar numbers (-4 for least abundant to 4 for most abundant) indicate the range of abundance values
in the heatmap.
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Figure 3.3: Kaplan-Meier survival analysis between groups
Kaplan-Meier survival analysis performed on groups from consensus clustering. The overall survival is measured in
months and the number of patients surviving is displayed as a fraction. A legend displaying the colour of each group
is shown in the top right corner of the plot. A Chi-square test was used to determine whether the grouping variable
has a significant influence on survival time across all groups (p-value shown in bottom left corner). P-values were
also calculated for each pair of groups and shown as a bar graph (right top corner). The red asterisk indicates a
statistically significant P-value (P<0.05).
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3.3

Gene expression profiles and novel fusions define distinct subclasses of CN-AML
CN-AML patients have variable responses to standard chemotherapy, suggesting that the

CN-AML group can be further stratified into subclasses. The previous analysis split the CNAML cases into two groups that were significantly associated with NPM1 and DNMT3A
mutations (Group 3), or CEBPA mutations (Group 4). These known mutations are established
biomarkers that help predict response to treatment, relapse risk, and overall survival.30 This
suggests that further stratification of CN-AML into more subclasses may identify additional
biomarkers in patients with similar responses to treatment.
To define CN-AML subclasses, I performed unsupervised hierarchical clustering of the
5000 most variable genes in CN-AML cases from the PMP cohort (n=53) and CN-AML cases
from the TCGA cohort (n=80), separately. The PMP cohort was split into three groups and the
TCGA cohort was split into four groups (Figure 3.4). For simplicity, from now on the groups in
PMP will be referred to as P1, P2, and P3, and the groups in TCGA will be referred to as T1, T2,
T3, and T4. Survival analysis suggested stratification of P2 from P1 and P3 (Figure 3.4A).
Through log-rank statistics, there was a significant survival difference between P2 and P3
(Kaplan-Meier analysis, log-rank test, p=9.75x10-3), although there was not a significant survival
difference between P2 and P1 (Kaplan-Meier analysis, log-rank test, p=5.58x10-2). In TCGA,
there was a significant difference in survival between T3 and T4 (Kaplan-Meier analysis, logrank test, p=2.67x10-2). These p-values are not corrected for multiple hypothesis testing,
although all pairwise group comparisons are shown (Figure 3.4).
To explore the gene expression signatures of each group, I performed a multi-class
differential expression analysis across groups using the SAM method. P1 was significantly
associated (Fisher’s exact test, P<0.05) with mutations in NPM1, DNMT3A, and PTPN11 and P2
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was significantly associated (Fisher’s exact test, P<0.05) with FLT3-ITDs (Figure 3.5).
Mutations in myeloid transcription factors, CEBPA and RUNX1, were only observed in P2 and
P3. In TCGA, no significant associations with known mutations were observed.
To identify fusion events specifically associated with the PMP groups, I performed de
novo transcriptome assembly and structural variant detection on the RNA-Seq data from the CNAML samples. Each potential fusion transcript was confirmed by aligning the contig and reads to
the human genome (hg19) to determine if at least three reads spanned the breakpoint. In total,
nine fusion transcripts were confirmed in the 53 CN-AML samples (Figure 3.6). Two recurrent
fusions were observed: PIM3-SCO2 in four cases and OAZ1-DOT1L in three cases. These
fusions were reported in samples from P1 and P3. Fusions such as KAT6A-CREBBP and TFGGPR128 (reported in samples from P1) are known fusion transcripts120,121 that were possibly
missed in the diagnostic karyotyping. Two other fusions, UBQLN1-HNRNPK and IQGAP1ZNF774, were also observed in cases from P1. A fusion involving KAT6A and SORBS3 was
observed in one case from P2 with 173 supporting reads. Fusion transcripts, RTF1-MAP1A and
TTYH3-MAFK, were also observed two different samples from in P2 with 41 and 10 supporting
reads, respectively (Table 3.2). The majority of fusions involved genes located on the same
chromosome and < 5 million base pairs apart, suggesting these fusion transcripts may have arose
through mechanisms of deletions or duplications. The genes composing the confirmed fusions
were compared to the reported mutations from the TCGA online database (cBioPortal.org) and
are reported in Table 3.3. A copy number alteration (homozygous deletion) in UBQLN1 and
HNRNPK in one case from T1 was identified. In T3, a missense mutation in GPR128 and a
truncating mutation in HNRNPK were identified in two separate cases. A copy number alteration
(homozygous deletion) in PIM3 and SCO2 was identified in the same case in T4. Lastly, a copy
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number alteration (amplification) in CREBBP and a TFG-GPR128 fusion was identified in two
different cases in T4.
To determine if the gene expression of the genes composing the identified fusions had
any impact on survival, I performed a Kaplan-Meier analysis on each gene to define a cutoff
gene expression level that stratifies patients into two separate groups (recurrent fusions shown in
Figure 3.7). For PIM3 and SCO2, the survival trends between the two cohorts were inconsistent.
For example, high expression of SCO2 was significantly correlated (P=9.50x10-3) with poor
survival in the PMP cohort. In contrast, high expression of SCO2 was significantly correlated
(P=5.00x10-2) with better survival in the TCGA cohort. For OAZ1 and DOT1L, the survival trend
between cohorts were alike, where OAZ1 expression did not have a significant impact on
survival and high expression of DOT1L was significantly correlated with poor survival for the
PMP cohort (P=0.013) and TCGA cohort (P=0.011). I concluded that assigning a cutoff
expression value to a single gene is not a robust method of predicting survival; therefore I
performed a differential expression analysis to identify gene sets that define each subgroup.
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Figure 3.4: Consensus clustering of CN-AML samples
Consensus matrices, silhouette-width profiles and Kaplan-Meier survival estimates for CN-AML samples in the a)
PMP and b) TCGA cohorts. The silhouette-width profiles were calculated from their respective consensus
membership matrices. The Kaplan-Meier survival plots compare the survival curves of each group. The overall
survival is measured in months and the patients surviving is displayed a fraction of the number of patients in each
group. A legend displaying the colour of each group is shown in the top right corner of the plot. A Chi-square test
was used to determine whether the grouping variable has a significant influence on survival time across all groups
(p-value shown in bottom left corner of plot). P-values were calculated for each group pairs and shown as a bar
graph in the top right corner, with asterisks indicating statistically significant differences before multiple hypothesis
correction.
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Figure 3.5: Unsupervised gene expression patterns for CN-AML cases
Unsupervised consensus clusters for the CN-AML cases in the A) PMP and B) TCGA cohorts. Shown from top to
bottom is the silhouette-width profile; a gene abundance heatmap; and covariates including observed mutations, with
P-values for associations corrected for multiple hypothesis testing at the far left and right. B-H denotes BenjaminiHochberg multiple-testing correction. The numbers refer to the silhouette-width profiles for which P-values are
provided. One asterisk denotes P<0.05, two asterisks denotes P<0.01 and three asterisks denotes P<0.001. The
colour scale for the heatmap is row-scaled log10(RPKM+1) (reads per kilobase per million mapped reads). The
scale-bar numbers (-4 for least abundant to 4 for most abundant) indicate the range of abundance values in the
heatmap.
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Figure 3.6: OncoPrint of fusions identified in CN-AML cases
The identified fusions in CN-AML cases (n=53) from the PMP cohort. The first gene represents the 5’ gene and the
second gene represents the 3’ gene in fusion partners. Each box in the OncoPrint represents a case and those boxes
containing a triangle indicate that the fusion in the corresponding line is present in that sample. The percentage of
cases containing the observed fusions was calculated and is reported beside the respective fusion gene. The recurrent
fusions are enclosed in a red rectangle.
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Table 3.2: Fusions identified in CN-AML cases in the PMP cohort
The 5’ gene and 3’ gene are listed for each fusion and the number of supporting reads is reported. Each fusion was
manually confirmed using the UCSC Genome Browser BLAT alignment tool against the human genome reference
19 (hg 19). The group assignment from the cluster analysis is shown and genes in red signify that they were
observed in more than case.

Sample

Group

5'gene

3'gene

Support Reads

A08897

1

PIM3

SCO2

22

A08870

1

PIM3

SCO2

8

A08870

1

OAZI

DOT1L

13

A08894

1

OAZI

DOT1L

2

A08838

1

KAT6A

CREBBP

34

A08885

1

TFG

GPR128

165

A08855

3

PIM3

SCO2

5

A08879

3

PIM3

SCO2

5

A08868

3

OAZI

DOT1L

2

A08855

3

UBQLN1

HNRNPK

12

A15353

3

IQGAP1

ZNF774

48

A08862

2

KAT6A

SORBS3

173

A08864

2

RTF1

MAP1A

41

A08865

2

TTYH3

MAFK

10

43

Table 3.3: Genetic alterations in CN-AML cases from the TCGA cohort
Mutations in genes involved in the confirmed fusions from the subsequent analysis of the PMP cohort are reported
for the CN-AML cases from the TCGA cohort. These mutations include copy number alterations (homozygous
deletions and amplifications) as well as fusions, missense, and truncating mutations.

Sample

Group

Gene

Mutation Type

TCGA-AB-2971

1

UBQLN1

Homozygous deletion

TCGA-AB-2971

1

HNRNPK

Homozygous deletion

TCGA-AB-2921

3

GPR128

Missense (A548T)

TCGA-AB-2859

3

HNRNPK

Truncating (L68Rfs*25)

TCGA-AB-2955

4

PIM3

Homozygous deletion

TCGA-AB-2955

4

SCO2

Homozygous deletion

TCGA-AB-3009

4

CREBBP

Amplification

TCGA-AB-2877

4

TFG-GPR128

Fusion
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Figure 3.7: Kaplan-Meier survival analysis of gene expression
Kaplan-Meier survival plots for the A) PMP and B) TCGA cohorts for recurrent fusions identified in the previous
analysis. A Cox proportional hazard model was fitted to each gene and survival variable, and the optimal cutoff was
selected by maximizing the significance assessed by the log-rank test that stratified patients into two groups. The
overall survival is measured in months and the number of patients surviving is displayed a fraction. P-values were
calculated and shown in the top right corner of each plot. The red indicates high expression and the black indicates
low expression.
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3.4

Gene expression of discriminatory gene sets classify CN-AML
To identify differentially expressed genes between CN-AML subgroups, two-class

unpaired differential expression (DE) analyses of target groups compared to all other groups
were performed for both cohorts (Figure 3.8). For example, P1 was compared to P2 and P3; P2
was compared to P1 and P3, and so forth. The DE analysis identified genes with significant foldchanges (P<0.05) between groups including genes with both high expression (red) and low
expression (green) (Figure 3.8). In total, 3419, 2872, and 105 significant genes were identified in
P1, P2, and P3, respectively (Figure 3.8A). For TCGA, 4094, 1563, 900, and 3148 significant
genes were identified for T1, T2, T3, and T4, respectively (Figure 3.8B)
To establish whether these differentially expressed genes were shared among groups
between the two cohorts, multiple pairwise Fisher’s exact tests were performed to compute the
probability of having a significant number of genes shared between group pairs (Figure 3.9). The
genes with either high or low expression were compared independently. I identified a significant
number of shared differentially expressed genes (Fisher’s exact test, P<0.001) between P1 and
T1 and between P2 and T2 as well as P2 and T4 (Figure 3.10).
To identify the most biologically significant genes shared among groups between the two
cohorts, I analyzed the top fifteen genes with the greatest positive and negative fold-changes
(FCs) for each group in the PMP and TCGA cohorts (Figure 3.11). MEST (Mesoderm specific
transcript), an imprinted gene encoding a hydrolase, was identified as highly expressed in both
P1 and T1. GATA1 is a transcription factor that is involved in erythroid development and was upregulated in P1 and down-regulated in P3 and T2. The basic leucine zipper transcription factor,
MAFB, was down-regulated in P1 and T1 and up-regulated in P2 and T2. MAFB has an
important role in the regulation of lineage-specific hematopoiesis. VCAN, a versican
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proteoglycan involved in cell adhesion, proliferation and migration, was down-regulated in P1
and T1, and up-regulated in P2, T2, and T4.
To determine gene sets that define each group, I performed random forest classification
and identified the smallest number of genes that could accurately classify a group. The classifier
for P1 contained eleven genes, and was characterized by high expression of DMXL2, FN1, and
RAB1A (Figure 3.12, P1). DMXL2 is a regulator of Notch signaling, and studies have implicated
the Notch pathway as a tumour suppressor in myeloid malignancies.122 FN1 encodes a
fibronectin involved in cell adhesion and migration, and RAB1A is a member of the Ras
superfamily GTPases. P2 contained six genes in its classifier, two of which were zinc-finger
proteins involved in transcription regulation. P2 was characterized by high expression of
ARHGAP15 (Rho GTPase activating protein) and UBE2G2 (ubiquitin-activating enzyme), and
low expression of MAST3 (microtubule associated serine/threonine kinase) (Figure 3.12, P2).
P3’s classifier contained three genes including HBA1 and HBA2, which are part of the human
alpha hemoglobin gene cluster (Figure 3.12, P3).
For TCGA, T1 was classified with seven genes including C17orf87, NLRP12, and CD4,
which are involved in various immune responses, and SIRPB1, which is a signal regulatory
protein involved in tyrosine kinase-coupled signaling processes (Figure 3.12, T1). The classifier
for T2 contained three genes: EPB41, HBB, and ALAS2. EPB41 functions to maintain
erythrocyte shape; HBB is the hemoglobin beta subunit; and ALAS2 is an enzyme that catalyzes
the first step in the heme biosynthetic pathway (Figure 3.12, T2). T3 contained ten genes in its
classifier, six of which are ribosomal proteins that catalyze protein synthesis, and two long noncoding RNAs, GAS5 and SNHG8 (Figure 3.12, T3). The classifier for T4 required seventeen
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genes, including the tumour protein P53 binding protein 1 (TP53BP1) and an apoptotic inducing
protein (ACIN1) (Figure 3.12, T4).
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Figure 3.8: Differentially expressed genes in the PMP and TCGA cohorts
Quantile plots of the observed relative difference versus the expected relative difference of gene expression in each
group from the A) PMP and B) TCGA cohorts. The solid line denotes where the observed relative difference is
identical to the expected relative difference. The dotted lines represent the threshold, Δ, and were calculated for an
FDR = 0.05. Each dot represents a gene; the red and green dots represent significant differentially expressed genes
that are outside the Δ threshold.
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Figure 3.9: Significant associations of differentially expressed genes between groups
Heatmaps illustrating the number of A) genes with high expression and B) genes with low expression shared
between groups across the PMP and TCGA cohorts. The rows represent the gene lists for the groups in the PMP
cohort and the columns represent the gene lists for the groups in the TCGA cohort. A Fisher’s exact test, corrected
for multiple hypothesis testing using Benjamini-Hochberg, was used to test for a significant number of shared
differentially expressed genes between each pair of groups’ gene lists and three asterisks denotes P<0.001. The
colour scale for the heatmap is log2(Odds Ratio), where 0 (white) represents no association and 6 (dark blue)
represents the strongest association.
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Figure 3.10: Differentially expressed genes of significant group associations
Venn diagrams of the number of genes with A) high expression and B) low expression shared by each of the
significant associations evaluated from the Fisher’s exact test. The cohort and group labels are beside each oval and
the number of shared genes is overlaid on the diagrams.
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Figure 3.11: Greatest fold-changes in groups from the PMP and TCGA cohorts (next 2 pages)
Top 30 genes with the greatest positive and negative fold-changes between groups from each DE analysis performed
for the A) PMP and B) TCGA cohorts. Each colour corresponds to a gene that was observed in both datasets at least
once (legend in top right corner). The (a, b, c, d) notation shows the number of groups in which the gene had a
positive FC or negative FC for each cohort, where a and b represent the number of PMP groups with positive and
negative FCs, and c and d represent the number of TCGA groups with positive and negative FCs.
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Figure 3.12: Discriminatory genes for groups in the PMP and TCGA cohorts (next 7 pages)
Using random forest classifiers, discriminatory genes were identified using the RPKM data. Genes that help a
classifier separate or discriminate a group of samples from all other samples tend to have higher or lower expression
in samples in that group. For example, refer to the beeswarm/box-whisker plot for RPL7A (low) and RAB1A (high)
for P1, in which each gene’s RPKM distribution for P1 is highlighted by a red rectangle. For each group, panels
show (left to right, top to bottom): A) The importance of genes in a classifier are correlated to Kruskal-Wallis Pvalues for genes being differentially expressed; B) Profile of the estimated classifier error rate as a function of the
number of most important 20 genes C) Table of discriminatory genes, ranked by importance (Gini), with genes that
were discriminatory in bold D) Beeswarm/box-whisker plots of expression across the groups for a the top highlyranked genes (up to 6) E) Estimated overall error rate
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Chapter 4: Discussion
The overall objective of this thesis was to define subclasses of CN-AML. Given the
heterogeneous nature of AML and variable treatment responses of CN-AML patients, I
hypothesized that CN-AML would be separated into two or more subgroups and that these
subgroups would have distinct gene expression and mutation profiles. Further stratification of
CN-AML patients by their underlying genetic differences would be clinically significant for
developing risk-adapted treatment approaches.
A cohort-level clustering analysis of 124 AML cases (including CN-AML) in the PMP
cohort revealed that CN-AML samples separated into two subgroups based on distinct gene
expression signatures. Of the two subclasses of CN-AML, the first (Group 3) was significantly
associated with mutations in NPM1 and DNMT3A. This was notable, since NPM1-mutated AML
has previously been reported to have a distinct molecular signature that is characterized by the
activation of specific HOX cluster genes that are involved in hematopoietic development.123
Conversely, the second subgroup (Group 4) was significantly associated with biallelic mutations
in CEBPA. CEBPA double mutations have also been linked to distinct gene expression profiles
including down-regulation of HOXA and HOXB genes and up-regulation of GATA1 and EPOR,
which are involved in erythroid differentiation.65,107 A number of studies have shown that
biallelic CEBPA mutations and NPM1 mutations are mutually exclusive and therefore these
mutated genes offer a possible explanation for why these two subgroups were separated into two
distinct clusters in my analysis.124 This data shows that CN-AML is separated into at least two
subgroups that are characterized by unique gene expression signatures.
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The known cytogenetic subtypes including t(15:17)/PML-RARA for acute promyelocytic
leukemia (APL) as well as t(8;21)/RUNX1/RUNX1T1 and inv(16)/CBFB-MYH11 for corebinding factor AML were also separated into a distinct cluster. This is consistent with previous
studies, where other independent research groups have shown that these particular cytogenetic
rearrangements are discriminated from all other cytogenetic subtypes.105,106 Valk et al.
demonstrated that the growth factors, HGF, MST1, and FGF13 were specific to cases with
t(15;17). They also reported that RUNX1T1 was discriminating for t(8;21) and MYH11 was
discriminating for inv(16).22 These transcription factor fusions are prognostic predictors of a
favourable outcome and my analysis corroborates this prediction, where Group 1 is enriched for
these cytogenetic rearrangements, and has a better overall survival compared to the groups
enriched with CN-AML and sAML cases (Figures 3.2 and 3.3). Although there was no
significant survival difference between the two groups enriched with CN-AML samples, this
may have been affected by the other samples that are present in these clusters. This data suggests
that the two CN-AML groups, while genetically distinct, have a similar prognosis.
A clustering analysis of the CN-AML cases from the PMP and TCGA cohorts identified
three subgroups and four subgroups, respectively. P2 was observed to have lower overall
survival compared to P1 and P3, which is most likely explained by the fact that P2 was
significantly associated with FLT3-ITDs. ITDs in FLT3 are known to adversely affect a patient’s
clinical outcome and are considered when determining risk of CN-AML patients.125 In TCGA,
there was a significant survival difference between T3 and T4, although no significant
associations with mutations were identified. This suggests that several mutations are contributing
to the overall survival of the patients in each group.
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Fusions such as PML-RARA, RUNX1-RUNX1T1, and CBFB-MYH11 encode oncogenic
chimeric proteins that have critical roles in driving AML tumourigenesis and are invaluable in
predicting treatment response and overall survival.26 Some fusions are cytogenetically cryptic
and thus are not detected using standard karyotype analysis; therefore I focused on identifying
novel fusions between genes that are < 5 million base pairs apart. Transcriptome assembly and
variant analysis identified novel fusions. Two recurrent fusions, PIM3-SCO2 and OAZ1-DOT1L,
were present in P1 and P3 and absent in P2. The PIM3-SCO2 fusion has previously been
reported as highly prevalent in childhood AML in approximately 80% of cases.126 PIM3 is a
serine/threonine kinase and is an important regulator of signal transduction. Other PIM family
genes have been found to be up-regulated in a variety of malignancies. In childhood AML, PIM3
was found to have variable expression across all subtypes, including CN-AML cases.
Furthermore, the fusion transcript was detected at low levels in normal bone marrow.126 This is
interesting because it has been reported that known oncoproteins, BCR-ABL from t(9;22) in CML
and BCL2-IGH from t(14;20) in Follicular lymphoma, have also been detected at a low
frequency in healthy individuals.127,128 This suggests that chromosomal aberrations can occur in
normal hematopoietic cells and that the PIM3-SCO2 fusion may be involved in normal
hematopoietic development and is highly deregulated in AML. Further work would be required
to elucidate its potential role in myeloid malignancies.
The other recurrent fusion, OAZ1-DOT1L, is a novel observation in AML. However,
DOT1L has been implicated in the development of KMT2A-rearranged leukemia.129 DOT1L is
the only histone H3 lysine 79 (H3K79) methyltransferase in mammals130 and has been shown to
cause aberrant H3K79 methylation of the HOX cluster genes that results in leukemic
transformation.51 It is possible that the OAZ1-DOT1L fusion transcript could cause misdirection
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of the DOT1L protein to methylate other genes, perhaps even the genes that were identified as
differentially expressed. The downstream effects of the fusion transcript should be explored in
more detail to determine the genes that are methylated at H3K79 and any consequences that they
may have on AML pathogenesis.
I observed a TFG-GPR128 fusion in one sample in P1 that was caused by a 111 kilobase
tandem duplication.120 TFG-GPR128 has been reported in AML, although has not been
associated with any obvious clinical phenotype. TFG (TRK-fused gene) is a known target of
acquired chromosomal translocations including a TFG-ALK fusion in anaplastic large cell
lymphoma.131 TFG is thought to have a role in signaling because it interacts with PTEN and the
proteins in the NF-κB pathway. GPR128 is a member of the adhesion subfamily of G-protein
coupled receptors.131 Additional analyses into the normal functions of TFG and GPR128 are
required to understand the functional consequences the TFG-GPR128 fusion gene product.
In one sample in P1, I have identified an established fusion, KAT6A-CREBBP, from
t(8;16), that is a rare occurring fusion in therapy-related AML.132 KAT6A is a histone
acetyltransferase that acts as a co-activator for many transcription factors.133 Previous studies
have shown that KAT6A is essential for self-renewal of hematopoietic stem cells.134 To date, six
KAT6A fusions have been reported in leukemia with the following partners: CREBBP, EP300,
NCOA2, NCOA3, ASXL2, and LEUX.121 These fusion genes have been shown to produce the
same monocytic leukemia phenotype and that the fusion proteins enable the transformation of
myeloid progenitors into leukemic stem cells.134 Other studies have shown that KAT6A
cooperates with KMT2A to overexpress HOXA9, HOXA10, and MEIS1, which drive
leukemogenesis.135 In addition, I identified a novel fusion, KAT6A-SORBS3, in one sample in P2
with 173 supporting reads spanning the breakpoint. I expect that the KAT6A-SORBS3 fusion
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would have similar effects to the previously described KAT6A fusions, although mechanisms of
leukemogenesis for KAT6A-related AML are still not fully understood. Furthermore, KAT6A
fusions should be explored for their prognostic significance and whether it is beneficial to
incorporate these fusions into current AML risk stratification.
Two other fusions including UBQLN1-HNRNPK and IQGAP1-ZNF774 were identified
in samples from P3. The genes, UBQLN1 and HNRNPK, are part of the commonly deleted
region in del(9q) AML.136 UBQLN1 is an ubiquitin-like protein that regulates protein
degradation via the ubiquitin-proteasome system and HNRNPK is a nuclear ribonucleoprotein
that specifically binds to poly(C) tracks and is thought to play a role in cell cycle progression.
Studies have shown UBQLN1 is down-regulated in both del(9q) and CN-AML compared to
CD34-positive controls.136 Studies have shown that the decreased activity or haploinsufficiency
of critical genes may contribute to leukemogenesis, which may be the case for del(9q) and CNAML cases with decreased expression of UBQLN1. There have been no reports regarding the
genes involved in the IQGAP1-ZNF774 fusion in AML, although IQGAP1 has various roles in
cellular functions such as cell-cell adhesion and transcription.137 This IQGAP1-ZNF774 fusion
could disrupt the normal binding of IQGAP1 to target proteins resulting in deregulated
transcription and may possibly increase the likelihood of metastasis.
In P2, I identified two fusions: RTF1-MAP1A and TTYH3-MAFK in two separate
samples. The chromatin modifier, RTF1, is a component of the PAF1 complex (PAF1C), which
is involved in histone modifications including methylation of genes at H3K4me3 to maintain
stem cell pluripotency. PAF1C is also involved in transcriptional elongation and is required for
the transcription of Hox and Wnt target genes. Furthermore, PAF1C has been shown to promote
AML tumourigenesis by regulating the transcription of KMT2A.138 MAP1A encodes a
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microtubule-associated protein. It is possible that the RTF1-MAP1A fusion may disrupt the PAF1
complex and cause aberrant expression of KMT2A or Hox and Wnt target genes, thus
contributing to AML pathogenesis. A more detailed analysis of the specific function of RTF1 in
the PAF1 complex is required to elucidate its direct role in leukemogenesis. The genes involved
in the TTYH3-MAFK fusion include TTYH3, which functions as a chloride anion channel, and
MAFK, a basic leucine zipper transcription factor. MAFK has been shown to impair erythroid
maturation and altered expression of MAFK has been reported in the inv(16) AML subtype.139 If
the TTYH3-MAFK fusion transcript is translated, then the MAFK gene would be under the
control of the promoter of TTYH3, which may result in aberrant expression of MAFK, thus
causing impaired erythroid differentiation and contributing to AML tumourigenesis. Overall, the
PMP subgroups did not have any significant defining mutations, although PIM3-SCO2 and
OAZ1-DOT1L were recurrently mutated in P1 and P3.
In addition to structural genetic alterations, shifts in expression of specific genes can
impact the prognosis of AML patients. For example, overexpression of EVI1 has been observed
in all AML cases with inv(3)/t(3;3) as well as a subset of other AML subtypes, including CNAML cases. High expression of EVI1 has been correlated with a poor outcome, specifically in
the normal cytogenetics class.140 Other single gene expression predictors include high expression
of the BAALC and ERG genes, which are both prognostic predictors of poor overall survival.140
Moreover, expression of specific genes are linked to treatment response. For example low levels
of expression of MN1 has been connected to better response to ATRA treatment in elderly
patients with APL.110,141 I observed that high expression of DOT1L correlated with poor survival
in both the PMP and TCGA cohorts. However, after testing all the genes observed in the
identified fusions, I concluded that Kaplan-Meier analysis of expression of single genes is not a
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robust measure of survival. AML is a heterogeneous and complex disease that cannot be defined
by the expression of one gene, thus I performed differential expression analysis to determine
significant genes in each subgroup.
A significant number of differentially expressed genes were shared between P1 and T1 as
well as P2 and T2, and P2 and T4. The gene MEST was up-regulated in P1 and T1. MEST is a
hydrolase and a paternally expressed gene that is regulated by imprinting. Loss of imprinting of
this gene has been linked to different cancers. For example, decreased MEST expression has been
associated with glioblastoma,142 whereas increased MEST expression is associated with breast
and lung cancer.143
High expression of the zinc-finger transcription factor, GATA1, in P1 and low expression
in P3 and T2 was observed. GATA1 has a role in differentiation of hematopoietic cells and is
usually only expressed in erythroid cells, megakaryocytes, eosinophils, and mast cells. However,
recent studies have demonstrated that AML patients express GATA1 in myeloid progenitor cells
and that high expression of GATA1 has a negative impact on survival.144 Other studies have
shown that CEBPA double mutations are linked to the up-regulation of GATA1. I did not detect
any CEBPA mutations in P1, thus GATA1 up-regulation must be caused through a different
mechanism.
I detected high expression of MAFB in P2 and T2 and low expression in P1 and T1.
MAFB overexpression is a well-established marker for an unfavourable prognosis of t(14;20) in
multiple myeloma patients.145 The t(14;20) translocation gives rise to an IGH-MAFB fusion,
although only aberrant MAFB overexpression is observed. In multiple myeloma, MAFB acts as
an oncogene. However, in AML a deletion of the q arm of chromosome 20 has been reported and
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loss of MAFB confers a proliferative advantage to myeloid cells.146 This implies that MAFB has
tumour suppressive roles in AML.
High expression of VCAN in P2, T2, and T4 and low expression in P1 and T1 was
detected. VCAN is a component of the extracellular matrix and is involved in modulation of cell
adhesion, proliferation, and migration. High expression of VCAN has been implicated in breast,
ovarian, and lung cancer but has only been described in an AML cell line.147

4.1

Conclusions and future directions
In summary, the work presented here reveals the genetic complexity of CN-AML. My

work emphasizes the heterogeneity of CN-AML and demonstrates that gene expression
signatures are correlated with specific genetic abnormalities. I conclude that CN-AML can be
further stratified into multiple subgroups and that these subgroups have differences in treatment
responses and outcome. I found two recurrent fusions, PIM3-SCO2 and OAZ1-DOT1L, which
were present in two of the subgroups and absent in the third. Further mutation analysis of a larger
cohort of CN-AML patients with normal control samples would be required to determine
whether these fusions are significant mutations that define CN-AML subgroups. I think that
identification of novel fusions will help delineate subgroups of AML with different prognoses
and yield new potential targets for AML therapy.
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