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5mC 5-Methylcytosine 
ABL1 C-abl oncogene, non-receptor tyrosine kinase 
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APA Alternative polyadenylation 
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er binding factors E12/E47) 
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EZH2 Histone-lysine N-methyltransferase 
FDR False discovery rate 
GWAS Genome-wide association study 
HeH High hyperdiploidy 
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ncRNA Non-coding RNA 
NOPHO Nordic Society of Pediatric Hematology & Oncology 



 

NSC Nearest shrunken centroids 
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PBX1 Pre-B leukemia homobox 1 
PCA Principal component analysis 
PcG Polycomb-group 
PCR Polymerase chain reaction 
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TPMT Thiopurine s-methylstransferase 
TSS Transcription start site 
UTR Untranslated region 
WGA Whole-genome amplification 
WGBS Whole-genome bisulfite sequencing 
WGS Whole-genome sequencing 
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Introduction 

Over the last decade, the completed sequence of the ~3 billion nucleotides 
that comprise the human genome has provided the foundation for under-
standing human genetic variation in health and disease [1]. New high-
throughput methods made genome-wide discovery and analysis of such vari-
ation a feasible endeavor [2-4]. In studying malignancies, we are interested 
in identifying and understanding the causal and associated molecular chang-
es that contribute to malignant phenotypes. This thesis focuses on using new 
technologies for identifying such factors that may have a functional role in 
the regulation of gene expression, DNA methylation, and in the development 
of acute lymphoblastic leukemia in children.  

Acute Lymphoblastic Leukemia 
Acute lymphoblastic leukemia (ALL) is a malignant disease of the bone 
marrow that is characterized by the rapid clonal expansion of immature 
white blood cells. This expanded lymphoblast population is defective in their 
normal maturation and function and quickly crowd out the healthy function-
ing blood cells [5]. Thus, immediate treatment is required to restore normal 
functional bone marrow. ALL is the most common form of cancer in chil-
dren, with a peak incidence between two and five years of age [6]. Accord-
ing to the Nordic Society of Pediatric Hematology and Oncology (NOPHO), 
approximately 200 children are newly diagnosed with ALL in the Nordic 
countries (Denmark, Finland, Iceland, Norway & Sweden) each year [7]. 
With contemporary combination chemotherapy protocols for ALL, approxi-
mately 80% of patients achieve continuous complete remission (CR). De-
spite these improvements, for unknown reasons approximately 20% of chil-
dren do not respond to treatment, experience relapse, or suffer serious treat-
ment related complications [8]. 

ALL is a clinically and genetically heterogeneous disease that can initially 
be divided into two immunophenotypic subgroups based on the cellular 
origin of lymphoblastic cells. The most frequent immunophenotype arises 
from pre-B cell precursor cells (BCP-ALL) and accounts for approximately 
85% of cases. T-cell ALL (T-ALL) represents the remaining 15% of cases. 
ALL cells can be characterized at the molecular level by the presence of 
several recurrent structural and numerical chromosomal aberrations. Cyto-
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genetic subtyping in BCP-ALL has a significant impact on the clinical man-
agement of patients as some subtypes infer a better or worse prognosis [9].  

Cytogenetic Classification of ALL 
Cytogenetic characterization provides the basis for subtype classification of 
BCP-ALL cases. The known recurrent structural and numerical chromoso-
mal aberrations that define the cytogenetic subtypes of ALL are summarized 
in Table 1. Today, therapy decisions follow risk assessment based on clini-
cal features such as presenting white blood cell count, sex, age, and analysis 
of minimal residual disease (MRD) in addition to detection of genetic aber-
rations [8,10]. Thus, understanding the molecular mechanisms underlying 
the different cytogenetic aberrations will be fundamental in improving thera-
peutic options. 

Aneuploidies  
The most common cytogenetic subtype of pediatric ALL is high hyperdip-
loidy (HeH), which is characterized by the presence of >50 chromosomes in 
the nuclei of leukemic blasts. The number of chromosomal gains can vary, 
however classical trisomies involve chromosomes 4, 6, 10, 14, 17, 18, 21 
and X. HeH has a peak incidence around 2-5 years of age and infers one of 
the best prognoses [10]. Conversely, hypodiploidy is an uncommon subtype 
defined by a cellular chromosome count of less than 44 and a very poor 
prognosis [11].  

Intrachromosomal amplification of chromosome 21 (iAMP21) was identi-
fied by the observation of an amplification in the RUNX1 signal in routine 
screening for the t(12;21)ETV6/RUNX1 gene fusion [12]. The chromosomal 
structure of iAMP21 is complex and heterogeneous between patients, and is 
believed to be a primary cytogenetic event in this subtype [13]. iAMP21 is 
rare, tends to occur in older children, and infers an unfavorable prognosis.   

Translocations 
Several of the recurrent structural abnormalities in ALL are chromosomal 
translocations that result in functional fusion genes. The translocations affect 
genes that are important for cell-regulation and development. For example, 
in t(12;21), t(1;19) and t(9;22) ALL subtypes, the translocations result in the 
functional fusion genes ETV6/RUNX1 , TCF3/PBX1 and BCR/ABL1, respec-
tively [14,15].  

The t(12;21)ETV6/RUNX1 translocation (formally TEL/AML1), involving 
two critical genes for hematopoiesis, is the second most frequent cytogenetic 
aberration in ALL and the most common gene fusion [14]. It is unique to 
BCP-ALL and infers one of the best clinical outcomes. It is frequently found 
in younger children and the co-incidence in monozygotic twins is approxi-
mately 10% [16]. Interestingly, up to 1% of neonatal blood spots (Guthrie 
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cards) are t(12;21) positive, however very few children will go on to develop 
the disease [17,18]. This translocation is likely to be established in utero, 
however the low prevalence of the disease suggests that 
t(12;21)ETV6/RUNX1 is a required first hit, but alone it is not sufficient to 
cause overt leukemia [16,17]. 

The t(1;19)TCF3/PBX1 translocation (formally E2A/PBX1) occurs in ap-
proximately 5% of BCP-ALL cases. Originally classified as a poor prognos-
tic subtype, modern intense chemotherapy has now rendered TCF3/PBX1 is 
now among one of the subtypes with the best prognosis [12]. The low con-
cordance rate of this aberration in monozygotic twins and negative results 
from Guthrie card studies suggest postnatal initiation, as opposed to 
t(12;21)ETV6/RUNX1 [18].  

The discovery of the t(9;22)BCR/ABL1 gene fusion in chronic myeloid 
leukemia (CML) cells in 1960, also known as the Philadelphia chromosome 
was the first genetic abnormality identified to cause cancer [19]. Although 
more common in CML, t(9;22) is detected in roughly 5% of pediatric ALL 
cases. The resulting tyrosine kinase activity of the BCR/ABL1 fusion protein 
affects a number of downstream pathways such as cell death, Ras signaling, 
and growth factor independent proliferation [20]. The development of the 
drug Imatinib mesylate, which prevents the phosphorylation of substrates by 
BCR-ABL, is now considered a paradigm for molecular based therapies 
[21], and a revolution in the treatment of leukemias harboring the BCR/ABL1 
fusion gene. Imatinib was added to the NOPHO treatment regiment for 
BCR/ABL1 positive patients in 2003.  

Most children under the age of one year have a different distinct form of 
ALL that is characterized by associated translocations of the mye-
loid/lymphoid or mixed-lineage leukemia (trithorax homolog, Drosophila) 
gene (MLL) that results in chimeric proteins consisting of MLL fused to >40 
different genes. The fusion proteins have enhanced activity that affects the 
downstream expression patterns of genes in the HOX gene family [5]. 
Monozygotic twins with MLL-rearranged subtypes have a concordance rate 
close to 100%, indicating in utero manifestation of the disease and potential 
trans-placental transmission from one twin to the other [10]. Infants are 
among the group of patients with the worst overall-survival [11]. 

Although dic(9;20) is an established chromosomal aberration, no gene fu-
sion has been identified to date [22]. Whilst very little is known about the 
underlying molecular consequences, it is hypothesized that the loss of 9p 
and/or 20q material may be important. However, this has not been experi-
mentally verified in a large set of patients and the prognostic significance of 
this aberration remains unclear [23,24].  

Undefined Subtypes 
In approximately 25% of BCP-ALL cases the underlying genetic alterations 
are either unknown or non-recurrent. However, by applying new techniques 
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for unbiased genome-wide profiling, genetic alterations can be identified in 
virtually all cases and novel subgroups with recurrent genetic alterations are 
currently being uncovered [25]. For instance, it has been suggested that a 
rearrangement of the CRLF2 gene or deletion of the ERG gene may be found 
in up to 14% of undefined cases [26,27]. In addition, another novel high-risk 
subtype has been discovered that harbors IKZF1 deletions and displays gene 
expression profiles mirroring BCR/ABL1 positive ALL [12]. Because of their 
recent discovery, they have not yet been incorporated into risk stratification 
in clinical trials [28] and their prevalence in the Nordic countries has yet to 
be determined.   

T-cell ALL 
In contrast to BCP-ALL, where the results of cytogenetic analysis impacts 
risk group classification, the cytogenetics of T-ALL is less well understood 
[29]. Detectable chromosomal abnormalities exist in approximately 50% of 
cases, albeit few are recurrent [25] and such abnormalities do not appear to 
have prognostic significance, as in BCP-ALL [29]. Instead, widespread dele-
tion of CDKN2A/2B and mutations in genes in the NOTCH1 pathways ap-
pear to be common across most T-ALL patients [25]. Several recent studies 
have identified a subset of high-risk, extremely aggressive T-ALL subtype 
termed “early T-cell precursor” ALL, which is classified by cell surface 
markers and a gene expression profile highly similar to hematopoietic stem 
cells [28,30]. 

 

Table 1. Summary of recurrent genomic alterations in acute lymphoblastic leukemia 
(ALL). 
 
Immuno-
phenotype 

Genetic feature Cytogenetic  
aberration 

Median age 
(years)*  

Frequency* 

T-ALL Various Various 9.4 13% 
BCP-ALL High hyperdiploidy >50 chromosomes  3.9 24% 
 ETV6/RUNX1 t(12;21) 4.5 21% 
 BCP-ALL “other” Various 7.8 13% 
 BCP-ALL “undefined” None detected 6.7 10% 
 MLL-rearrangement 11q23 and >40 fusion 

partners 
1.0 4% 

 BCR/ABL1 t(9;22) 10.0 ~3% 
 TCF3/PBX1 t(1;19) 11.1 ~3% 
 Dicentric chromosome dic(9;20) 2.6 ~3% 
 iAMP21 Amplification 21q 9.2 ~1% 
 Hypodioploidy <45 chromosomes  5.1 <1% 
* Based on data from the Nordic Society of Pediatric Hematology and Oncology for ALL 
patients diagnosed between 1996 and 2010. 
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Clinical Implications 
All patients diagnosed with ALL in the Nordic countries are treated with 
intensive combined chemotherapy including three therapy phases consisting 
of remission induction, periods of intensification (continuation), and mainte-
nance treatment according to NOPHO protocols [8]. The event-free and long 
term survival for the NOPHO-92 protocol after 10 years was 75% and 85% 
and for the NOPHO-2000 protocol after 5 years was 79% and 89%, respec-
tively [8]. The event-free survival of ~~800 Nordic ALL cases by cytogenet-
ic subtype is plotted in Figure 1. Patients with MLL-rearrangements, 
iAMP21, t(9;22) and hypodiploidy have the lowest event-free survival rate.    

Younger children have the best prognosis (excluding infants <1 year) 
since these patients often have specific chromosomal re-arrangements that 
are associated with better prognosis, such as HeH and t(12;21). However, 
with increasing age, these translocations become less common and conse-
quently teenagers and young adults rarely present with these “good progno-
sis” aberrations. While several genetic subtypes (MLL-rearrangements, 
t(9;22), and hypodiploidy) are associated with a higher risk of relapse, it is 
important to note that relapse occurs in all genetic subtypes. In sheer num-
bers many relapses occur in the large subtypes with favorable prognoses 
such as t(12;21)ETV6/RUNX1 and HeH. Thus, genetic subtyping is not suf-
ficient enough for accurate prediction of chemotherapeutic response. 

 

 
Figure 1. Kaplan-Meier curves representing the probability of event-free survival of 
~800 pediatric acute lymphoblastic leukemia (ALL) patients of the different im-
munophenotype and cytogenetic subtypes treated on the NOPHO protocols between 
1996 and 2010. 
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Chemotherapy and Drug Resistance 
Cure rates for pediatric ALL have improved steadily over the past 50 years 
with the advent of several effective chemotherapies, targeted therapy, and 
the use of uniform treatment protocols [8,10]. However, both the side and 
late effects of intensive chemotherapy continue to be a problem in ALL 
treatment, and 15 to 20% of ALL patients will experience a relapse. At re-
lapse, leukemic cells tend to be much more resistant to chemotherapies and 
thus the overall survival for relapsed ALL patients is merely 40%, complete-
ly opposite to the situation at first diagnosis [31]. There is a lack in mecha-
nistic understanding of what causes relapse in ALL, nevertheless with rapid 
advancements in genome-scale analysis, uncovering novel genomic, tran-
scriptomic, and epigenomic markers for relapse prediction and mechanistic 
understanding increasing [9,27,32,33]. 

Genetic Variation in the Human Genome 
The human genome contains 3.1 billion base pairs (bps) of genetic infor-
mation, encoding for roughly 20,000 protein-coding genes, and a diverse set 
of non-coding genes [34-36]. As a result of three major efforts; the Human 
Genome Project, the International Haplotype Mapping Project, and the 1000 
Genomes Project, the complete human genome sequence and the known 
variants are cataloged in publicly accessible databases [1,37-39]. Normal 
genetic variation ranges from single bp changes to very large chromosomal 
rearrangements. All somatic cells in a given individual contain approximate-
ly the same DNA sequence, but the cellular phenotypes differ dramatically 
due to differential expression of lineage-specific genes. Gene expression is 
tightly regulated by a number of genetic and epigenetic factors, including 
regulatory elements encoded in the DNA and non-coded elements such as 
the methylation of cytosine residues in CpG dinucleotides and non-coding 
RNAs (ncRNA). 

Single base differences in the DNA sequence are referred to as single nu-
cleotide polymorphisms (SNPs). The frequency of SNPs in the population is 
approximately 1 in every 300 bps in the human genome. Most SNPs are non-
pathogenic. These small differences between individuals result in normal 
phenotypic variation (why we are not all the same), but some changes are 
pathogenic and have important consequences in disease. A specific class of 
SNPs, called non-synonymous SNPs (nsSNPs) are found in coding regions 
of genes that cause a base change in a codon that alters the corresponding 
amino acid, which may be deleterious to the structure or function of the pro-
tein.  

One relevant example associated with ALL is the germline genetic varia-
tion in the thiopurine s-methyltransferase (TPMT) enzyme that catalyzes 
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inactivation of thiopurine drugs. Approximately 10% of the population has 
an inherited deficiency in TPMT. ALL patients that are heterozygous or 
homozygous for the variant allele require lower doses of mercaptopurine 
used during maintenance therapy to avoid serious side effects such as re-
duced bone marrow activity [8,9,40]. In a second example, results from a 
recent genome-wide association study (GWAS) of ALL suggested that sev-
eral SNPs in the SLCO1B1 gene were independently associated with clear-
ance of methotrexate, an antifolate agent used in the treatment of ALL [41]. 
These two examples demonstrate the importance of understanding the effects 
of germline genetic variation in applying treatment during the course of a 
disease to reduce toxicity and other unwanted side effects.  

A second class of variation known as structural variants (SVs) are defined 
as genomic rearrangements such as inversions, translocations, deletions, and 
insertions that affect >1 kb of consecutive DNA sequence [42]. Copy num-
ber variants (CNVs) are a form of structural variation that changes the num-
ber of copies of a DNA segment. Today, it has become apparent that SVs 
and CNVs are collectively common in the population and contribute to a 
large proportion of normal human variation and disease susceptibility [43].  

Genetic Variation and Risk of ALL 
In general, ALL is considered a sporadic disease arising from the accumula-
tion of somatic aberrations in lymphoid progenitor cells. However, some 
genetic syndromes are associated with increased risk of developing ALL. 
The best example of this is Down’s syndrome, which confers a 20-fold in-
creased risk for ALL in comparison to the general population [16,25]. Inter-
estingly, the trisomy of chromosome 21, the characteristic genetic abnormal-
ity of Down’s syndrome patients, is the most frequently acquired chromo-
somal aberration in ALL followed by the t(12;21) chromosomal transloca-
tion [44]. Furthermore, in the less frequent subtype iAMP21, the q arm of 
chromosome 21 (21q) is amplified [13]. Together, these observations sug-
gest an important contribution of genes on chromosome 21, such as RUNX1, 
ERG, and ETS2 in malignant transformation of ALL cells [16]. 

Several GWAS have identified and verified risk alleles in genes important 
for B-cell regulation (IKZF1, ARID5B, CEBPE, CRLF2) with a predictive 
value for risk and clinical outcome in ALL [45-48]. These studies highlight-
ed variants that are associated with lower expression of the corresponding 
genes, signifying the importance of defects in B-cell development [16].  

Epidemiological studies have suggested a link between environmental 
exposures, such as prenatal exposure to environmental hazards or medica-
tions in utero and post natal infections, to the risk of developing ALL [49]. 
A Swedish population-based study revealed that although there is high con-
cordance among monozygotic twins, the evidence is weak for recessive pol-
ygeneic models of inheritance [50]. Current estimates are that underlying 
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genetic predisposition is present in less than 5% of cases [25]. Given these 
pieces of evidence, it is likely that the causative pathways are multifactorial, 
including a combination of environmental exposures, various low-
penetrance susceptibility variants, and potentially other unknown triggers. 
The promise of uncovering genetic risk variants for predisposition to ALL 
have spurred the formation of large international consortiums, such as the 
International Childhood Acute Lymphoblastic Leukemia Genetics Consorti-
um that aims to identify inherited susceptibility variants for ALL [51]. 

Somatic Genetic Variation in ALL 
Somatic mutations occur randomly throughout the numerous cell divisions 
that a cell goes through starting in utero and continuing throughout postnatal 
life, usually with no major consequences. However, some somatic mutations 
in key genes such as those that control cellular growth, proliferation, and 
death destabilize can the normal control machinery of a cell. These muta-
tions, referred to as “driver mutations” [52], give the cell the growth ad-
vantage to out compete neighboring cells and thus divide uncontrolled; ulti-
mately resulting in what is referred to as cancer. Along side the driver muta-
tions, there are also hundreds to several thousands of mutations of termed 
“passenger” in any given cancer. Passenger mutations occur sporadically 
across the genome, but driver mutations are likely to be clustered in a subset 
of cancer-driving genes, such as tumor suppressor or proto-oncogenes [52]. 
Recent estimates suggest that between 5-10 driver mutations are required for 
tumorigenesis, but fewer may be required for ALL [52,53]. 

Somatic single bp changes, or point mutations are referred to as single 
nucleotide variants (SNVs). Whole-genome and exome sequencing of leu-
kemia genomes at high resolution have revealed many SNVs in genes im-
portant for cellular development and signaling such as ETV6, RUNX1, GA-
TA3, FLT3, among several others [30,54,55]. To date, there appears to be a 
much lower mutational burden in ALL when compared to other pediatric and 
adult tumors [53].  

In addition to single base changes, a second class of somatic alterations 
that comprises large copy number changes are referred to as copy number 
alterations (CNAs) have been studied extensively in ALL. In ALL, approxi-
mately six somatic CNAs occur per individual [45]. Several key CNAs have 
been reported in genes required for normal B-cell development thus imply-
ing that arrest in lymphoid differentiation may be a key step in malignant 
transformation [12,27]. In 80% of t(9;22)BCR/ABL1 cases, the genomic re-
gion containing the key hematological regulator gene IKZF1 is deleted [56]. 
Furthermore, a number of CNAs are known to increase in relapsed ALL and 
some have been associated with increased drug resistance [57,58]. 
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Figure 2. The organization of chromatin within the nucleus. The basic units in the 
chromatin are the nucleosomes, which contain 147 bps of DNA wrapped around a 
histone octamer. Various DNA binding proteins, non-coding RNAs, modifications 
to the core histone proteins, and DNA methylation interact to influence the chroma-
tin structure. Figure adapted from reference number [59]. 

The Human Epigenome 

The various cell types that make up an organism have identical copies of 
their DNA sequence, yet they can have very different phenotypes. What 
drives this phenotypic diversity is non-genic or “epi(above)-genetic” 
memory that receives its instructions from developmental and environmental 
signals [60,61]. Thus, the various layers of epigenetic information are key 
regulators of gene expression. In contrast to the static nature of the DNA 
sequence, numerous molecules are involved in shaping and remodeling the 
epigenomic landscape during development and cellular differentiation such 
as the addition of methyl groups to cytosine residues (DNA methylation), 
histone modifications (methylation or acetylation), and expression of various 
ncRNAs [59] (Figure 2). Ongoing large-scale projects by the Roadmap 
Epigenomics Project [59] and Blueprint Epigenome Project [62] aim to pro-
duce public resources for normal human reference epigenomes. As the Hu-
man Genome Project [37], HapMap Project [38], and the 1,000 Genomes 
Project [39] have provided a resource for normal human genetic variation, 
these consortia provide a unique resource for epigenetic variation in numer-
ous cell types. This promises to be an invaluable source of data for the re-
search community and will help to broaden the understanding of the role(s) 
that epigenetics plays in health and disease [63]. 

Histone modifications 
The complexity and plasticity of the epigenomic landscape is modulated in 
part by covalent modifications to the histones that make up the core of the 
nucleosome. In simplified terms, histone proteins can be subjected to various 
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dynamic modifications like acetylation or methylation that are associated 
with induced or repressed gene expression. For example histone 3 lysine 4 
trimethylation (H3K4me3) is associated with actively transcribed regions, 
while histone 3 lysine 27 timethylation (H3K27me3) is associated with gene 
silencing [64,65].  

Polycomb group (PcG) proteins are regulators of embryonic stem cell 
pluripotency that act in multiprotein complexes to repress linage-specific 
genes, a process that is frequently controlled via histone mediation [66]. PcG 
proteins occupy the promoters of numerous genes, such as transcriptional 
regulators, signaling factors, and other genes important for cellular differen-
tiation [65,67]. In embryonic stem cells, such genes feature “bivalent” marks 
of both the active H3K4me3 and the repressive H3K27me3. This phenome-
na, known as bivalent chromatin, sets genes in a primed, yet controlled state, 
preparing the cell for differentiation by “poising” certain genes for expres-
sion [68].  

DNA Methylation 
DNA methylation of cytosine residues was first described in 1975 [69,70]. 
Since then it has been the most well-studied epigenetic mark, studied in great 
depth with regards to X chromosome inactivation in females, genomic im-
printing, tissue specific inactivation, and in cancer [71,72]. The cytosine 
residue in the CpG dinucleotide content is a target for methylation by DNA 
methyltransferases (DNMTs) (Figure 3). The addition of a methyl group 
provides an important mechanism for regulating gene expression and can be 
stably inherited by daughter cells. DNMTs are responsible for de novo DNA 
methylation during embryonic development and for maintaining the methyl-
ation mark by recognizing hemi-methylated DNA molecules after replication 
and copying the DNA methylation to the other strand [66,71]. 

There are approximately 28 million CpG dinucleotides in the human ge-
nome and this is where the vast majority of DNA methylation occurs. Alt-
hough, non-CpG DNA methylation has been observed in pluripotent cells, 
but appears to be rare in differentiated cell types [73]. Genome-wide, be-
tween 70-80% of CpG dinucleotides are methylated in healthy cells [74]. 
The genome is underrepresented in CpG dinucleotides due to an increased 
mutation rate caused by spontaneous deamination of 5-methylcytosine 
(5mC) to thymine. Conversely, the deamination of unmethylated cytosine to 
uracil is recognized and corrected by the mismatch repair machinery [66]. 
As a consequence of the increased mutation rate of 5mC to thymine, such 
spontaneous point mutations have led to an over-representation of C/T SNPs 
in the human genome.  
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Figure 3. The 5’ carbon of the cytosine ring in cytosine-phosphate-guanine (CpG) 
dinucleotides is frequently methylated to form 5-methylcytosine due to the addition 
of a methyl group by DNA methyltransferase (DNMT) enzymes. 

Functions of DNA methylation 
DNA methylation is often described as a mechanism for gene silencing. 
However this relationship largely depends on the context of the CpG sites in 
regards to CG density and relationship to gene annotation such as transcrip-
tion start sites and gene body [61]. Over 50% of protein coding genes in the 
human genome have short stretches of 200-1000 bp in their promoter regions 
with high CG density called CpG islands [61]. The CpG sites in CpG islands 
tend to be hypomethylated, and thus they have opposing methylation pat-
terns to CpG sites elsewhere in the genome. Unmethylated CpG islands and 
highly methylated gene bodies are correlated with highly expressed genes 
[61]. The DNA methylation in the regions up to two kb up- or down-stream 
from CpG islands termed CpG island “shores” have been found to be tightly 
regulated by the tissue of origin [75]. These regions are reported to be the 
most variable regions in healthy cell types [76], in cancer cells [75], and 
during aging [77]. To date, the function of CpG island “shore” methylation 
is largely unknown. 

The normal function of DNA methylation also extends to maintaining 
chromosomal stability. As mentioned previously, with the exception of CpG 
islands, the rest of the genome is globally methylated. This means that most 
CpG sites in intergenic regions, gene bodies, and repetitive regions in the 
genome are highly methylated [78]. Transposable elements that have inte-
grated into the human genome throughout the course of evolution are usually 
completely methylated. These potentially harmful elements are suppressed in 
a large extent by DNA methylation [61].  

DNA Methylation and Cancer 
Classically, the model of cancer progression involves the clonal proliferation 
of cells with driver mutations, which gradually accumulate more mutations 
as the malignant cell population expands. However, the classical model has 
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not been successful in predicting recurrent driver mutations for all cancers 
[53,79]. Changes in the epigenetic landscape preceding or during malignant 
transformation may offer at least a partial explanation. 

In 1983, Feinberg and Vogelstein made an important discovery that 
brought about the idea of an epigenetic contribution to cancer [72]. They 
identified a global pattern of hypomethylation (decrease in methylation) 
across the genome of cancer cells. Maintaining the integrity of DNA methyl-
ation at such regions plays a significant role in malignant development, as 
global hypomethylation can lead to increased instability resulting in translo-
cations and detrimental activation of growth enhancing genes such as growth 
stimulating proto-oncogenes [71]. In contrast, aberrant hypermethylation 
(increase in methylation) tends to occur in promoter regions, for example in 
the CpG islands of tumor suppressor genes [79-81]. In fact, between 5-10% 
of the CpG islands in the human genome become aberrantly methylated in 
cancer [82]. Such DNA methylation may be occurring due to an instructive 
or predisposed mechanism. Hypermethylation occurs in regions normally 
associated with PcG Repressive Complex during development [83]. This 
process has been coined “epigenetic switching [78], as cancer cells perma-
nently switch off key regulators of cell development. Abnormal expression 
of the Histone-lysine N-methyltransferase (EZH2) protein that is part of the 
Polycomb Repressive Complex may be directing aberrant hypermethylation 
in cancer cells [84].  

Epigenetics in ALL 
ALL has traditionally been considered as a disease that arises from genetic 
events, such as the recurrent cytogenetic events described previously. How-
ever, mounting evidence suggests that the pathogenesis and phenotypic 
characteristics of leukemic cells may be partially explained by aberrant regu-
lation of the epigenome [85]. Aberrant DNA methylation in BCP-ALL and 
T-ALL subtypes has been described [86,87] and cellular resistance to chem-
otherapy in ALL cells may be associated with increased promoter methyla-
tion [88]. Detection of such a methylation profile could be used at diagnosis 
to stratify patients with higher risk of resistance or relapse and importantly to 
better understand the mechanisms behind resistance in general. To date, nu-
merous candidate genes have been identified as biomarkers for subtype clas-
sification and prognosis of patients by CpG methylation status [33,89-92]. 
The MLL gene is a transcription factor with H3K4 methyltransferase activity 
involved in chromatin remodeling [93]. The ALL patients characterized by 
these rearrangements have very few additional genetic aberrations, thus is it 
speculated that this subtype might be driven by epigenetic deregulation [93].  
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Cooperation of Genetic and Epigenetic Mechanisms in 
Cancer 
It is becoming increasingly clear that genetic and epigenetic events are not 
separately acting entities, but together they contribute to malignant transfor-
mation through cooperative interactions. First, single base pair CèT transi-
tion mutations in the context of CpG dinucleotides are the most prevalent 
form of single base change in cancer, and account for nearly 30% of all dis-
ease causing variants [94]. These mutations can disrupt the CpG dinucleotide 
may also infer an epigenetic effect. Second, in light of several recent re-
sequencing efforts of various human cancers, multiple somatic mutations in 
genes responsible for epigenetic regulation have been characterized 
[30,66,95,96]. These mutations occur in genes involved in the maintenance 
and establishment of DNA methylation, histone modifications, and in chro-
matin remodeling [66]. One particular example is the observation of recur-
rent mutations within the EZH2 gene in T-ALL [30] and how the disruption 
of the EZH2 protein is enough to induce T-ALL in mice [97]. Third, the 
structure of the epigenomic landscape may be predisposing specific regions 
for increased mutation rates, such as those associated with the H3K9me3 
repressive mark [98]. Given these pieces of evidence, Knudson’s two-hit 
hypothesis for inactivation of tumor suppressor genes that has mainly fo-
cused on mutation and deletion events [99], could be extended to include 
epigenetic events as well [100].   

Gene Expression 
Gene expression is the process by which genetic information (DNA) is tran-
scribed into a functional product. It is the differential expression of RNA 
molecules that gives rise to cell-to-cell differences (phenotype). RNA mole-
cules consist of both protein coding messenger RNAs (mRNAs) and a varie-
ty of ncRNAs. Together, these molecules collectively consist of what we 
refer to as the transcriptome (Figure 4) [101]. It is now widely accepted that 
up to 70% of the human genome is transcribed, and that a large proportion of 
the transcribed regions are ncRNAs [34,36]. Many different types of 
ncRNAs exist including the highly transcribed ribosomal RNAs (rRNA) and 
transfer RNAs (tRNA) that are essential for translation of mRNA to protein. 
There are also many types of RNAs that are involved in regulation, particu-
larly in tissue specialization, development and in disease [102,103]. Such 
ncRNAs include; small nucleolar RNAs (snoRNAs), micro RNAs (miR-
NAs), spliceosomal RNAs (snRNAs), piwi-protein-interacting RNAs (piR-
NAs), and medium to large RNAs such as long ncRNAs and antisense RNAs 
[101,104,105].  
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Figure 4. An example of the complexity of the human transcriptome. A single hu-
man gene can have multiple coding transcripts (green/red lines) that originate from 
multiple alternative transcription start sites (arrows, green gene) and terminate at 
alternative polyadenylation sites (red gene). The two different alleles can be ex-
pressed at different levels (green gene). The exons of protein coding genes are 
shown as boxes. miRNAs and snoRNAs (orange) can originate from intronic se-
quences. Long and short antisense transcripts (blue) are transcribed from the oppo-
site strand of coding genes. Novel short RNAs (purple) cluster around the transcrip-
tion start and stop sites. Figure adapted from [101]. 

The functions of many of several of the ncRNA species are mostly unknown, 
however one interesting possibility is that they are involved in regulating 
several epigenetic processes [106]. For example, heterochromatin appears to 
be partly regulated by small RNAs, such as piRNAs and the RNA interfer-
ence process [106]. Bidirectional transcription of can result in double strand-
ed sense-antisense transcript pairs that are processed into small RNAs and 
direct epigenetic repression [107]. Alternatively, as hypothesized in the 
RNA-DNA interaction model, newly formed antisense ncRNAs can interact 
with DNMTs or recruit histone modifying enzymes to de-repress or repress 
sense RNA expression [108]. Notably, ncRNAs and anti-sense RNAs have 
been correlated with the development of cancer-specific DNA hypermeth-
ylation at gene promoters [102], and may be responsible for recruiting Poly-
comb Group proteins such as EZH2, which results in DNA hypermethylation 
[109,110]. 

Allele-Specific Gene Expression  
Another form of RNA regulation is the allelic imbalance in gene expression 
or allele specific gene expression (ASE) of two loci (alleles) of a gene in an 
individual [111,112]. It is commonly observed in imprinted genes and in X 
chromosome inactivation where only one of the two inherited alleles is ac-
tive in females [113], but has also been observed in non-imprinted genes 
[114]. Current estimates suggest that the ~20% of genes expressed in a given 
cell type display ASE, whereas at the population level ~50% of expressed 
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genes display ASE [115]. ASE can be used as a guide for identifying genes 
regulated by cis-regulatory elements such as regulatory SNPs [116] or DNA 
methylation [117]. ASE and allele specific CpG site methylation may be 
controlled in a similar fashion by the same cis-regulatory variants, for exam-
ple by a SNP disrupting a CpG methylation site [118].  

Gene Expression Profiling in ALL 
Over a decade ago, Golub et al published their seminal study that demon-
strated for the first time that subclasses of leukemia could be classified by 
district gene expression patterns [119]. Since then several microarray-based 
expression studies have established that cytogenetic subtypes of ALL have 
unique gene expression signatures [120-122] and have also discovered new 
subtypes of ALL [27]. In addition, several reports have suggested that the 
gene expression profiles of ALL samples taken at diagnosis can have prog-
nostic significance [32]. Consequently, gene expression profiling has been 
explored as a potential tool for diagnostics and prognosis in ALL. However, 
owing to limitations related to the collection of the small amount of pure 
leukemic cells, RNA storage, and data interpretability its wide-spread appli-
cation has been hindered [123]. Nonetheless, such expression analyses have 
led to a considerably better molecular understanding of ALL subtypes.  

Technologies for Genome-Scale Analysis 
With the completion of the Human Genome Project [124], the advancement 
in technologies for high-throughput DNA analysis with high-density micro-
arrays [2,125] and DNA sequencing quickly followed [3,4]. Today, we can 
measure genetic and epigenetic variation at the single nucleotide level in 
thousands of samples at a reasonable cost and the long awaited 1,000 USD 
genome is now within reach [126]. New applications for sequencing RNA 
(RNA-seq) have provided a revolution in terms of dynamic range and single-
base resolution for gene expression studies that were previously hampered 
by cost, throughput, and a priori design [127].   

Array-Based Technologies 
The advent of microarray-based technologies has transformed the setting of 
high-throughput molecular biological studies. Microarrays have been 
adapted for large-scale SNP genotyping, copy number analyses, gene ex-
pression analyses, determining transcription factor binding sites, and more 
[43,125,128]. Although the improvements in new sequencing technologies 
have made whole-genome sequencing (WGS) a possibility, the cost of such 
efforts in not reasonable for studies of hundreds to several thousands of indi-
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viduals. Therefore, microarray-based studies are still the most feasible 
choice for study designs where many individuals are to be interrogated.   

SNP genotyping arrays are built by a combination of different methods: 
First, DNA is amplified by whole-genome amplification (WGA) in order to 
have ample DNA for subsequent reactions. Second, the amplified DNA is 
hybridized to oligonucleotide probes in solution or directly onto a microar-
ray. Third, by reactions specific to each array, the SNP alleles are distin-
guished from one another. Lastly, the signal from the SNP allele is and de-
tected [2]. Currently, a single SNP up to 5 million SNPs can be assayed sim-
ultaneously, depending on the platform used. SNP detection assays can be 
further applied for detection of CNVs and ASE. Both CNV and ASE anal-
yses involve the analysis of raw intensity signals obtained from the arrays 
used for SNP calling [43,115].  

The array-based techniques used for analyzing SNPs can also be used to 
determine the methylation status of cytosine within CpG dinucleotides. 
However, an additional step involving the addition of bisulfite treatment of 
DNA is required. 5mC has special properties in comparison to unmethylated 
cytosine in that the methylation protects the residue from conversion to ura-
cil when the DNA is treated with sodium bisulfite [129]. Therefore, after 
sodium bisulfite treatment, CpG sites can be genotyped as C/T polymor-
phisms since uracil is transformed into thymine during PCR. Array-based 
assays such as the Golden Gate and Infinium DNA methylation Arrays allow 
for simultaneous “epigenotyping” of 1,536-485,000 sites in multiple DNA 
samples in a single experiment (Illumina Inc). 

Sequencing-Based Technologies 
The terms next generation sequencing (NGS) or “massively parallel” se-
quencing describes technologies for sequencing many short DNA fragments 
in parallel. The advent of such technologies marked a dramatic shift away 
from automated Sanger sequencing towards methods that significantly in-
crease the number of sequences produced in a single experiment, at a frac-
tion of the cost [3]. These platforms are not yet capable of producing reads 
as long with traditional Sanger sequencing, but with rapid technology ad-
vancements several of the platforms are expected to reach the same read 
lengths in the coming year. NGS technologies have circumvented issues with 
short sequencing lengths due to the sheer amount of sequences produced. 
The dominating commercial systems available today are built on three basic 
steps: Template preparation, clonal template amplification, and sequencing. 
In this thesis, we utilized the sequencing by synthesis, single base extension 
technology on the Genome Analyzer/HiSeq/MiSeq sequencing machines 
from Illumina Inc (San Diego, CA, USA) for sequencing short cDNA tags 
for digital gene expression analysis. 
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NGS has decreased the cost and increased the throughput of sequencing-
based gene expression methods [3,4,130]. With such improvements, meth-
ods like serial analysis of gene expression (SAGE) [131], which was previ-
ously hindered by the low-throughput of cloning and high cost of Sanger 
sequencing, are now feasible for high-throughput genome-wide expression 
analysis [132]. Sequencing-based methods measure gene expression by digi-
tal counting of the RNA molecules in a sample, whereas with microarrays 
the expressed genes are detected by hybridization to pre-designed probes and 
measurement by fluorescence intensity. Sequencing methods outperform 
microarrays in the increased dynamic range and in detection of novel tran-
scripts [132]. Additionally, ASE can also be studied by digitally counting the 
occurrence of the different alleles in RNA sequence data. Such digital counts 
can be achieved by interrogating heterozygous SNPs in mRNA sequences 
achieved with RNA-seq [133] or by capturing the heterozygous information 
by using padlock probes in DNA and cDNA followed by sequencing [134]. 

WGS and whole-genome bisulfite sequencing (WGBS) are now common-
ly used to interrogate the entire 3.1 billion bp of the human genome and the 
28 million CpG sites in healthy and diseased DNA samples [4,30,77,96]. 
Although WGS has become feasible in the recent years, it is still an expen-
sive procedure, especially when multiple samples are to be studied. An alter-
native approach is to use enrichment methods to “fish out” specific regions 
of the genome of interest, and sequence only those regions. Several strate-
gies based on this approach are available, such as target capture by custom-
designed oligonucleotide microarrays, solution-based hybridization, and 
chromatin immunoprecipitation (ChIP) with antibodies against specific his-
tone modifications or transcription factors [4,135].  

In summary, array-based and NGS technologies have transformed the ge-
netic and epigenetic study of human diseases. The vast improvement in the 
understanding of the mutational burden in cancer cells, the expression of 
genes that deregulate important pathways, and the disruption of epigenetic 
machinery will undoubtedly increase exponentially as more diseased ge-
nomes are analyzed daily. 
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Present Investigations 

Thesis Aims 
The aim of this thesis was to utilize modern methods for genome-wide anal-
ysis to discover and characterize gene expression and DNA methylation 
patterns in primary ALL cells. The long-term aim of these studies was to 
advance the understanding of the genes, their variants, and the molecular 
pathways underlying the etiology of ALL and the clinical diversity between 
ALL patients. The specific objectives of the work in this thesis were to de-
termine:  

 
• Genome-wide gene expression patterns in five common subtypes 

of ALL. 
• Allele-specific gene expression caused by cis-acting DNA meth-

ylation in ALL cells.  
• DNA methylation signatures in ALL at diagnosis, remission, and 

at relapse. 

Materials and Methods 
Samples 
The primary ALL samples analyzed in Papers I-IV were collected at collab-
orating institutions within the Nordic Society of Pediatric Hematology and 
Oncology (NOPHO). Bone marrow aspirates or peripheral blood samples 
from patients at diagnosis, relapse, and remission were collected from over 
800 children diagnosed with ALL between 1996 and 2010. Ficoll-isopaque 
centrifugation (Pharmacia) was performed on all samples. All of the patients 
were enrolled in the NOPHO 1992 or 2000 treatment protocols [8]. The Eth-
ics Committee of Uppsala University approved the study, and the patients 
and/or their guardians provided written informed consent.  

For papers III-IV, several types of non-leukemic control cells were ana-
lyzed including healthy cells from matched remission bone marrow samples 
taken from the same ALL patients during routine follow-up screening for 
MRD within one year of diagnosis. In paper IV, CD19+ B-cells and CD3+ 
T- cells were isolated from peripheral blood mononuclear cells from healthy 
Swedish blood donors using positive selection and MACS cell separation 
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reagents (Miltenyi Biotec). Pooled CD34+ cells isolated from five healthy 
blood donors were purchased from 3H Biomedical (Uppsala, Sweden). 

DNA and RNA were extracted from pelleted or cryopreserved samples of 
0.2-30 million cells using the AllPrep DNA/RNA Mini kit or the Qiamp 
Blood mini kit (Qiagen). RNA quantity and integrity was assessed by capil-
lary electrophoresis on RNA 6000 Nano LabChips (Agilent). DNA quantity 
was measured by UV absorbance (Nanodrop) or fluorescence intensity with 
the Picogreen Assay (Invitrogen).  

 
Figure 5. Summary of the protocol for digital gene expression (DGE) tag profiling. 
Polyadenylated RNAs are captured from 1 µg of total RNA on magnetic oligo(dT) 
beads and double stranded cDNA is synthesized. The cDNA is digested with the 
restriction enzyme NlaIII. Adapter one containing the recognition sequence for  the 
restriction enzyme MmeI is ligated to the construct. MmeI cuts the construct down-
stream from the recognition sequence, leaving 17 bp of “tag” sequence. A second 
adapter is ligated and the construct is amplified by PCR. The PCR products are gel 
purified and quantified on a Bioanalyzer (Agilent). The library is subsequently se-
quenced on an Illumina Genome Analyzer (Illumina Inc).    
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Digital Gene Expression Profiling (Paper I) 
Digital gene expression (DGE) libraries for genome-wide RNA expression 
were generated using the commercially available Digital Gene Expression 
Profiling with NlaIII kit from Illumina, Inc. Twenty-one RNA samples of 
high quality from five subtypes of ALL were selected for analysis. The de-
tailed protocol for DGE profiling is outlined in Figure 5. Using this bead-
based protocol with chronological addition of adapters enables strand-
specific interrogation because the information about which DNA strand the 
original polyadenylated RNA molecule originated from is retained. Each of 
the DGE libraries was sequenced on a single lane of a flow cell on the Ge-
nome Analyzer II (Illumina, Inc). 

 

 
Figure 6. Allele-specific gene expression (ASE). (A) Two copies of a gene are tran-
scribed, one from each allele (allele 1 and allele 2). The gene is indicated as down-
wards arrows and the mRNAs are indicated as wavy lines. In this hypothetical ex-
ample, the mRNA is expressed in four copies from allele 1 and one copy from allele 
2. Using the equation in (B), the ASE value is calculated by subtracting the allele 
fraction in DNA (1/1+1) from the allelic fraction in RNA (4/(4+1)). This hypothet-
ical gene has a quantitative ASE value of 0.3.  

SNP Genotyping of DNA and RNA (Paper II) 
Allele-specific gene expression (ASE) is measured by genotyping heterozy-
gous SNPs in DNA and RNA. In this method, the RNA (cDNA) level for 
each SNP allele is compared to the corresponding DNA from the same sam-
ple (Figure 6). The commercially available NS-12 SNP genotyping Bead-
Chip from Illumina, Inc was utilized for the detection of ASE. The NS-12 
BeadChip is based on allele-specific primer extension for the analysis of 
13,900 SNPs annotated to approximately 8,000 genes. Prior to genotyping, 
RNA was reverse transcribed into cDNA with oligo-dT primers (Ambion). 
High quality DNA and cDNA from 197 ALL samples were simultaneously 
analyzed in triplicate. Detection of SNPs was performed in a one-color assay 
by allele-specific primer extension with biotinylated dNTPs and streptavi-
din-phycoerythrin sandwich staining.  
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DNA Methylation Analyses (Papers II, III & IV) 
For the analysis of DNA methylation at single CpG site resolution we de-
signed a custom GoldenGate DNA methylation panel to assay 1,536 CpG 
sites and also utilized the Infinium Human Methylation 450k Array that as-
says a predefined set of ~485,000 sites across the genome (Illumina, Inc). In 
papers II-III, the custom selected 1,536 CpG sites were chosen to be within 
2 kb upstream and 1 kb downstream from the transcription start sites (TSS) 
of 416 genes. In total, 400 of the genes were chosen based on observed ASE 
and several candidate genes were included based on previously previous 
implication in hematological diseases. In both assays, genomic DNA was 
treated with sodium bisulfite (Zymo Research), which converts all un-
methylated cytosines to uracils, while methylated cytosines remain uncon-
verted.  

CpG sites are interrogated by genotyping the bisulfite converted DNA for 
U(T)/C SNPs at the sites of interest by a two-color detection system (Figure 
7). The GoldenGate assay is based on hybridization of two allele-specific 
oligos that are labeled with two different fluorophores, which were measured 
using an Illumina Bead Station GX scanner. In the Infinium assay, two dif-
ferent probe types are utilized for maximum coverage of the genome. Type I 
probes are based on allele-specific hybridization of the two alleles to two 
different bead types, one for the methylated allele and the other for the un-
methylated allele. The type II probe design is based on allele-specific primer 
extension where the methylated/unmethylated base is interrogated by fluo-
rescent signals in two color channels. The fluorescence signals were meas-
ured using the Illumina iScan system. 

Bioinformatics and Statistical Analyses (Papers I-IV) 
Bioinformatic and statistical analyses were performed using custom de-
signed scripts in the Perl and R languages [136]. Statistical packages were 
downloaded from Bioconductor (www.bioconductor.org) including “edg-
eR”, “pamr” and “limma” [137-139]. Special consideration was given to the 
underlying distributions of the data. For example, DNA methylation obser-
vations are confined to values between 0.0-1.0, and in cancer samples espe-
cially, the β -value distribution is typically not normally distributed. There-
fore, we performed non-parametric tests, such as the Wicoxon rank-sum test 
(also known as the Mann-Whitney test) and the Wilcoxon signed-rank test 
for paired analyses. In addition, multiple tests were performed on genome-
scale data in each of the studies. An important step in the data analysis is the 
adjustment for performing multiple tests. We utilized three different methods 
for controlling spurious findings due to multiple testing that included strict 
Bonferroni adjustment, controlling false discovery rate (FDR) with the Ben-
jamini-Hochberg approach, and permutation testing [140]. 
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Figure 7. Schematic depiction of DNA methylation assays. (A) Bisulfite is applied 
to genomic DNA to convert unmethylated cytosines to uracils. In the GoldenGate 
Assay, the methylation levels are assayed using allele-specific oligos that hybridize 
to the site of interest. Ligated constructs are then amplified by PCR with three uni-
versal primers: Two fluorescently labeled allele specific primers (shown in red and 
green) and a reverse primer universal to each template (shown in gray). The PCR 
products are hybridized to BeadArrays by their complementary address sequences 
(yellow) and the methylation status is deduced by the signals from the two fluoro-
phores. (B) Thirty percent of the 450k probes on the Infinium Human Methylation 
450k BeadChip are type I, based on allele-specific hybridization followed by single 
base extension with fluorescently labeled nucleotides that measure the methylation 
status of CpG sites with two different bead types in one color channel. (C) The re-
maining (type II) probes are based on allele-specific base extension by fluorescently 
labeled nucleotides. Type II probes are analyzed in two color channels, one color for 
methylated and the other for unmethylated cytosines on one bead type.  



 33 

Results 
Genome-Wide Gene Expression in ALL Cells (Paper I) 
We generated digital gene expression (DGE) profiles from RNA extracted 
from blood or bone marrow taken at diagnosis from 21 ALL samples with 
either BCP ALL (four subtypes) or T-ALL: High Hyperploidy (HeH) (n=8), 
t(9;22) BCR-ABL1 (n=3), t(12;21) ETV6-RUNX1 (n=3), dic(9;20) (n=3) and 
four patients with T-cell lineage ALL (T-ALL). We obtained between 4.9 
and 23.7 million sequence reads for each library, of which approximately 
70% were uniquely annotated to the human reference transcriptome se-
quence.  

DGE combined with supervised classification by nearest shrunken cen-
troids (NSC) proved excellent for distinguishing the subtypes of ALL (Paper 
I, Figure 2). Due to the strand-specific nature of DGE profiling, we detected 
antisense transcripts for ~48% of the expressed genes. Again, implementing 
supervised classification with NSCs, we found that a subset of the antisense 
transcripts was expressed in a subtype-specific manner (Paper I, Figure 2).  

Alternative polyadenylation (APA) changes the length of the 3’ untrans-
lated region (UTR), resulting in shorter and longer mRNA isoforms that are 
detectable as multiple expressed 3’ tags using DGE. The detection of multi-
ple DGE tags in 3’ UTR gene regions indicated APA for 38% of the genes 
expressed) in our analysis. Of the APA observations with exactly two tags in 
the 3’ UTR, 17% were supported by the presence of a predicted polyA 
cleavage site between the tags [141]. Interestingly, genes with evidence of 
APA highly correlated with the presence of miRNA binding sites (p-value < 
0.0001) and the presence of antisense transcripts in the same gene region (p-
value < 0.0001), suggesting that antisense transcripts, alternative polyad-
enylation, and the presence of miRNA binding sites may be spatially con-
nected. 

Allele-Specific Gene Expression in ALL Cells (Paper II) 
To discover genes that display differential expression of the two alleles in 
primary leukemia cells, we screened heterozygous SNPs in the coding re-
gions of ~8,000 genes in 197 diagnostic ALL samples. In order for a SNP to 
be informative for the detection of ASE, the SNP must be heterozygous in 
DNA and expressed in RNA. In our study, 32% (n = 3,531) of the SNPs in 
2,529 genes were informative and ASE was detected in 470 SNPs in 400 
genes.  

To determine whether ASE correlated with DNA methylation, we quanti-
fied the methylation levels of CpG sites in the promoter regions and 1st in-
tron of the genes with ASE. Applying three different approaches, we found a 
strong correlation between ASE and CpG site methylation.  
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Firstly, we noted that there was a difference in the magnitude of ASE be-
tween one-directional (the same allele always over-expressed) and bidirec-
tional (different alleles over-expressed) ASE. Genes with bidirectional ASE 
had significantly larger variability in methylation than genes with one-
directional ASE (p-value = 2.2 x 10-5) (Paper II, Figure 4). 

In a second approach, we compared ASE-levels for genes with two 
groups of samples displaying different methylation patterns. The first group 
contained samples with variable CpG methylation (β-values from 0.25-0.75) 
and the second group contained samples with high or low CpG methylation 
(β-values > 0.75 and < 0.25). For 35 genes (Paper II, Table 2), we observed 
significantly higher ASE-levels for the first group, which contained samples 
with variable CpG methylation (p-value < 0.05).  

In the third approach, we looked for quantitative correlation between 
ASE-level and β-values. This analysis highlighted 24 genes (Paper II, Table 
3) with quantitative correlation (p-value < 0.05). Twelve common genes 
were highlighted in this analysis and all were from the 35 genes highlighted 
above.  

DNA Methylation at Diagnosis of ALL and Remission (Paper III) 
Next, we continued our investigation of the 1,536 CpG sites by determining 
the methylation levels in 20 bone marrow samples taken at diagnosis of ALL 
and matched bone marrow samples taken from the same patients at remis-
sion. In addition, we measured the methylation levels in non-leukemic pedi-
atric bone marrow samples as controls. We found that the ALL cells had 
methylation profiles that were clearly distinct from the bone marrow cells at 
remission (Paper III, Figure 2). The methylation profiles of the cells at re-
mission were highly similar to those of bone marrow cells from children 
without leukemia. For 28 CpG sites, we observed large DNA methylation 
differences (∆β-value ≥0.3, corrected p-value < 0.01) between the paired 
diagnostic and remission samples (Paper III, Table 2). Thus the observed 
differential methylation patterns most likely reflect de novo methylation 
gains/losses in the ALL cells in comparison to mononuclear cells present in 
healthy bone marrow. 

Genome-Wide DNA methylation Analysis in a Large ALL 
Cohort (Paper IV) 
Human Methylation 450k BeadArrays were used for genome-wide epigeno-
typing of >1,000 samples, including 850 ALL samples and 150 control sam-
ples (Paper IV, Table 1). The control samples consisted of DNA from 
matched bone marrow samples taken from 86 ALL patients at remission and 
hematopoietic stem cells, B-cells, and T-cells from healthy blood donors. 
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The 450k assay provides quantitative methylation levels for ~485,000 CpG 
sites in >99% of human genes, >96% of “CpG islands” on all human auto-
somes and the X/Y chromosomes. Stringent filtering was applied to both the 
CpG sites and DNA samples analyzed. First, DNA samples were quality 
controlled by determining how many CpG sites passed a detection p-value 
filter of < 0.01. Second, each DNA samples was controlled for complete 
bisulfite conversion, by a set of control probes that interrogate cytosine resi-
dues that are expected to be unmethylated and completely converted to ura-
cil. All samples passed these quality filters. Additionally, we identified unre-
liable probes that may introduce bias into the data. We removed all probes 
annotated on the X and Y chromosomes, as X-inactivation would cause 
skewed β -values in females. Then we removed all probes with a SNP or 
indel with >5% minor allele frequency (dbSNP v135) annotated within 3 bp 
of the 3’ end of the probe due to highly variable β -values. Non-reference 
genetic variation is not accounted for in the 450k probe design. Lastly, we 
removed probes that aligned to the genome in multiple places (Paper IV, 
supplementary figure 2). After stringent quality control and filtering, 
440,923 CpG sites remained for analysis (Paper II, supplementary figure 12).  

We evaluated the β-values for reproducibility. Of the 1,536 CpG sites that 
we measured with the GoldenGate assay (Papers II-III), 207 CpG sites were 
also assayed on the 450k array. In total, methylation values for 364 primary 
ALL samples included in Paper IV were also measured with the GoldenGate 
assay (Papers II-III or [33]). We found extremely high correlation in β -
values measured at these sites between the two assay types (correlation > 
0.9). Biological and technical replicates also proved that the β-values deter-
mined by the array were highly reproducible (Paper IV, supplementary fig-
ures 13-14).  

As CpG sites are known to display different patterns by relationship to 
CpG islands, we utilized annotation data on the 450k to split sites into four 
categories referred to as CpG “islands”, “shores” (0-2 kb from an island), 
“shelves” (2-4 kb from an island), and “open sea” for CpG sites outside of 
CpG island regions [75]. In general, CpG islands are unmethylated, shores 
display bimodal patterns (either methylated or unmethylated) and “shelves” 
and “open sea” are usually completely methylated (Paper IV, supplementary 
figure 3). Coordinately, we found that the different cytogenetic subtypes of 
ALL displayed highly divergent clustering based on subtype and class of 
CpG site analyzed (Paper IV, Figure 1 & supplementary figure 4). In all 
comparisons, the control cells clustered together. The methylation patterns in 
ALL cells were highly divergent from that of the tightly controlled patterns 
of the four different control cell types consisting of healthy bone marrow 
mononuclear cells, CD34+ hematopoietic stem cells, CD19+ B-cells, and 
CD3+ T-cells. 
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Discussion 
Papers I-IV describe how the implementation of new technologies for ge-
nome-wide analysis, such as sequencing-based expression profiling by 
“massively parallel” sequencing technology, detection of allele-specific gene 
expression by genotyping SNPs in DNA and RNA, and array-based technol-
ogies for determining the methylation status of thousands to hundreds of 
thousands of cytosine residues across the genome can enhance our understat-
ing of the molecular phenotypes of ALL cells. To achieve this, an exception-
ally unique, well-characterized, international collection of primary ALL cells 
were analyzed in the four papers included in this thesis. 

The results from Papers I-II document the detection two previously un-
explored expression patterns in primary ALL cells. In Paper I, the identifica-
tion of widespread antisense transcription was possible by use of a strand-
specific sequencing protocol. Methods based on randomly-primed cDNA 
synthesis like most RNA-seq [142] and array-based [128] protocols cannot 
distinguish between transcripts from opposite strands expressed at the same 
genomic locus. In addition to difficulty quantifying overlapping transcripts, 
such methods potentially skew the quantitation of sense transcription due to 
transcripts arising from the opposite strand [132,142]. For many years, it has 
been known that cytogenetic subtypes of ALL express mRNA molecules in 
subtype-specific patterns [119]. Although several studies have shown that 
antisense transcription is prevalent in healthy and in cancer cells and several 
examples of antisense transcripts at tumor suppressor loci in leukemic cells 
lines [102,143], antisense expression had yet to be addressed genome-wide 
in ALL. We not only found evidence to suggest that antisense transcripts are 
both prevalent in ALL cells (up to 49%), but that a cytogenetic subtypes of 
ALL express a subset of antisense transcripts in a subtype-specific manner. 
Such genes included important regulators of B- and T-cell development 
known to be involved in ALL pathogenesis such as notch 3 (NOTCH3), 
paired box 5 (PAX5), B-cell CLL/lymphoma 9 protein (BCL9), B-cell 
CLL/lymphoma 11B (BCL11B), T-cell leukemia/lymphoma 1A (TCL1A), 
among others (Paper I, supplementary tables S7-S8). The length and struc-
ture of the antisense transcripts remains unclear since DGE profiling only 
yields 21 bp of sequence.  

Allele-specific expression outside of the X-chromosome and imprinted 
genes appears to be common in the human genome. Today, several studies 
have described this occurrence in non-diseased cells [115,144]. A major 
advantage of using measuring ASE by SNP arrays as described in this thesis 
(Paper II), is that the levels of the two alleles are simultaneously measured 
relative to each other, within the same sample. This approach controls for 
environmental factors that may cause differences between samples by com-
paring the allelic ratio in RNA to DNA, which serves as an internal control 
[115]. ASE was observed in several interesting genes related to leukemia 
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(Paper II, supplementary table 2), including the NOTCH3 gene that was 
mentioned in Paper I. 

Together, Papers I -II suggest that complex regulatory mechanisms play a 
role in gene regulation in ALL. Whether these transcripts are aberrantly ex-
pressed in the ALL cells, as non-leukemic cells were not included in either 
analysis, remains to be addressed. To gain further insight into the function of 
the antisense and ASE patterns, a comprehensive analysis of the entire cod-
ing and non-coding transcriptome could to be performed using new strand-
specific deep RNA sequencing methods [145]. Today, array-based ASE 
studies can also be extended using genome-wide SNP chips since the pres-
ence of unspliced RNAs can add to the confidence in calling ASE by in-
creasing the heterozygous markers measured in each sample [115,146]. Ex-
panding to genome-wide SNP arrays would also allow for measuring ASE in 
ncRNAs [147]. Thus, focusing on SNPs outside protein coding regions may 
provide a more complete genome-wide picture of ASE.   

In Paper II, we identified a subset of genes with ASE that are regulated 
by DNA methylation. One striking observation was that CpG sites outside of 
CpG islands exhibited a larger degree of variation in methylation than those 
within CpG islands. In related paper by our group [33] in which we charac-
terize the subtype-specific methylation patterns and overall outcome in ALL, 
we also found that these variable sites were the most informative. The im-
portance of methylation patterns of CpG island “shores” has been noted in 
several other studies [75,148]. In Paper IV, we analyzed the CpG sites based 
on annotations in CpG islands, “shores”, “shelves” and “open sea” we found 
that different cytogenetic subtypes display different clustering patterns de-
pending on which sites were interrogated. Shores are strongly correlated to 
gene expression and are where the majority of tissue-specific methylation 
occurs [75], but how “shore” methylation is directed remains unclear. 

In Papers III-IV we investigated how DNA methylation is perturbed in 
ALL cells compared to non-leukemic cells. Paper III can be viewed as a 
pilot study for large-scale analysis of DNA methylation in Paper IV. In Pa-
per III, we measured the methylation levels of ALL cells at diagnosis and 
healthy bone marrow mononuclear cells 1-4 months after initial treatment, 
while the patients were in morphological remission. In this paper, we includ-
ed additional bone marrow mononuclear cells from children without leuke-
mia or any other hematological disease to control for chemotherapy-induced 
difference in the bone marrow, which was not observed in the sites we as-
sayed. An important consideration in this study design was the use of control 
material. As DNA methylation is known to be highly correlated to cell type 
[76], individual genotype [144], and is known to differ throughout the life-
time of individuals [77], with especially large changes during childhood and 
adolescence [149], the selection of appropriate control cells is essential. 
There is inadequate knowledge of the “leukemia-initiating cell” to define 
which cell type should be used in such studies [150]. The mononuclear cells 



 38 

that comprise healthy bone marrow stem from all normal hematopoietic cell 
lineages, i.e. lymphoid, myeloid and erythroid progenitor cells at varying 
stages of differentiation. In Paper IV, we chose to expand the control types 
and therefore we chose to analyze three additional specific controls includ-
ing purified B-cells, T-cells, and hematopoietic stem cells from healthy indi-
viduals. One general, but important observation was that in both studies, the 
ALL cells were clearly different from all types of control cells, thus giving 
us the confidence that the majority of the differential methylation observed 
were ALL-specific. 

In Paper III, we found that 28 CpG sites annotated to 24 genes consistent-
ly displayed differential methylation in 20 diagnosis-remission pairs. Among 
the differentially methylated sites in Paper IV, several CpG sites in each of 
the genes from Paper III were validated by analysis in additional ALL sam-
ples and controls. Nine of the genes (CR1, WDR35, ZNF502, EYA4, 
RUNDC3B, FAM83B, DBC1, MYO3A, SEC14L1) were hypermethylated 
across all cytogenetic subtypes of ALL and unmethylated in each control cell 
type (Paper IV, supplementary table 2). These results indicate that aberrant 
DNA methylation of these genes is likely a general event in ALL. Hyper-
methylation of EYA4 is particular is interesting because it is observed in 
other malignancies [151] and has been recently implicated among epigenetic 
drivers in cancer [152].   

One striking observation from the combination of these four studies is a 
profound overlap in gene lists. For example, NOTCH3 displays antisense 
transcription in T-ALL cells (Paper I) and ASE (Paper II). Over 30 of the 
genes with ASE (Paper II) were found to have differential methylation be-
tween ALL cells and controls (Papers III-IV), possibly indicating that the 
ASE observed in a subset of the genes in paper II was due to de novo hyper- 
or hypermethylation in ALL.  

Concluding Remarks 
 In conclusion, the results presented in this thesis identify new patterns that 
will aid in unraveling the complexity and variability of ALL at the molecular 
level. With the accumulating knowledge of inherited and somatic variation 
that drives human malignancies and advances in sequencing, “personalized” 
medicine is likely to become a reality in the forthcoming years. However, we 
are only at the beginning of understanding how and if the different genetic 
and epigenetic marks contribute to leukemic initiation and affect long-term 
survival for the patients. In sheer numbers, the epigenetic events are far more 
frequent than genetic events. It can be argued that epigenetic profiling may 
be just as, or more important for diagnostics, prognostication, and therapeu-
tic stratification of leukemia patients in the future [153]. Importantly, with 
the increasing content available on microarrays and sequencing technologies 
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that are rapidly improving output every day, in order to utilize the growing 
data improvements in computational infrastructures and the adaptation of 
statistical analyses and algorithms are needed. Today and in the future, the 
challenges will be not in generating the data, but in interpreting the results 
and drawing conclusions from the underlying biology. 
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