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Abstract
Torabi Moghadam, B. 2017. Computational discovery of DNA methylation patterns
as biomarkers of ageing, cancer, and mental disorders. Algorithms and Tools. Digital
Comprehensive Summaries of Uppsala Dissertations from the Faculty of Science and
Technology 1520. 55 pp. Uppsala: Acta Universitatis Upsaliensis. ISBN 978-91-554-9924-2.

Epigenetics refers to the mitotically heritable modifications in gene expression without a
change in the genetic code. A combination of molecular, chemical and environmental factors
constituting the epigenome is involved, together with the genome, in setting up the unique
functionality of each cell type.

DNA methylation is the most studied epigenetic mark in mammals, where a methyl group is
added to the cytosine in a cytosine-phosphate-guanine dinucleotides or a CpG site. It has been
shown to have a major role in various biological phenomena such as chromosome X inactivation,
regulation of gene expression, cell differentiation, genomic imprinting. Furthermore, aberrant
patterns of DNA methylation have been observed in various diseases including cancer.

In this thesis, we have utilized machine learning methods and developed new methods and
tools to analyze DNA methylation patterns as a biomarker of ageing, cancer subtyping and
mental disorders.

In Paper I, we introduced a pipeline of Monte Carlo Feature Selection and rule-base modeling
using ROSETTA in order to identify combinations of CpG sites that classify samples in different
age intervals based on the DNA methylation levels. The combination of genes that showed up
to be acting together, motivated us to develop an interactive pathway browser, named PiiL,
to check the methylation status of multiple genes in a pathway. The tool enhances detecting
differential patterns of DNA methylation and/or gene expression by quickly assessing large data
sets.

In Paper III, we developed a novel unsupervised clustering method, methylSaguaro, for
analyzing various types of cancers, to detect cancer subtypes based on their DNA methylation
patterns. Using this method we confirmed the previously reported findings that challenge the
histological grouping of the patients, and proposed new subtypes based on DNA methylation
patterns. In Paper IV, we investigated the DNA methylation patterns in a cohort of schizophrenic
and healthy samples, using all the methods that were introduced and developed in the first three
papers.
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To my family 

“There are no incurable diseases; only the lack of will. There 
are no worthless herbs; only the lack of knowledge.” 
 

Avicenna 



 

 
 

“A soul in tension that is learning to fly 
Condition grounded but determined to try 
Can't keep my eyes from the circling skies 
Tongue-tied and twisted just an earth-bound misfit, I” 
 

Pink Floyd – Learning to fly 
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Biological background 

The human genome 
Around 3 billion base pairs make up the human genome, which are divided 
into 22 autosomal chromosomes and two sex chromosomes X and Y. There 
are two copies of each chromosome in the cell nucleus, each inherited from 
one of the parents. Only about 2% of the whole genome codes proteins 
known as the coding DNA. The rest of the DNA, i.e. non-coding DNA, in-
clude regulatory elements, retroviruses, transposable elements, introns and 
sections that encode non-coding RNAs. 

The long stretch of DNA is condensed and packed into a structure called 
chromatin. Chromatin consists of subunits called nucleosomes. Each nucleo-
some consists of 146 bp of DNA wrapped around a histone octamer. Chro-
matin structure is a key player during mitosis and for preventing DNA dam-
age. It is also strongly involved in gene regulation since its structure deter-
mines the accessibility of the DNA for transcription. Heterochromatin refers 
to the state of chromatin that is densely packed and euchromatin refers to the 
open state of chromatin. Figure 1 depicts various forms of DNA compaction. 
 

 
Figure 1. Major structures of compaction of DNA (by Richard Wheeler, from 
Wikimedia Commons). 
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The human epigenome 
The term epigenetics, literally meaning “on top of or above genetics”, refers 
to mitotically heritable patterns of gene expression without any change in the 
underlying DNA sequence. This explains how more than 200 cell types with 
various functionality and phenotypes differentiate consistently from the 
same DNA code [1,2]. The epigenome then is the combination of dynamic 
layers of molecular, chemical and environmental factors that along with the 
genome, determines each cell type’s unique functional identity [3,4]. 
Physical organization of the DNA, affected by the way it is packed into 
chromatin, is a key factor in epigenetic gene regulation as it determines the 
accessibility of the genomic code to transcription factors. 

Epigenetic regulation of gene expression is driven by four major mecha-
nisms: (1) cytosine methylation, (2) post-translational histone proteins modi-
fications like methylation or acetylation, (3) chromatin remodeling and (4) 
non-coding RNAs. 

In recent years, an increasing number of publications have reported the 
fundamental role of epigenetic alterations in pathogenesis and disease sus-
ceptibility, including cancer [5,6]. This has been a key motivation for large-
scale projects providing publically available resources of epigenomic maps 
for multiple tissues, namely the Roadmap Epigenomics Project [1] and 
Blueprint Epigenome Project [7]. 

Biomarkers 

A biomarker is any objectively measurable biological feature or characteris-
tic to be evaluated as a sign or mark of normal biological process, pathogen-
ic process, or pharmacological response to a therapeutic intervention [8]. 
Biomarkers can be divided into different categories based on the stage of a 
disease at which they can be used; for example risk biomarkers can be asso-
ciated to disease cause or latency, diagnostic biomarkers to the onset of the 
disease, prognostic biomarkers to clinical course, predictive biomarkers to 
response to treatment and finally exposure biomarkers can be associated 
with specific environments. In complex diseases biomarkers may be influ-
enced by a combination of genetic and environmental factors. The relation of 
exposure and diseases can be also reflected on biomarkers and they can be 
used in classifying patients according to the risk or prognosis. The chosen 
biomarkers must be measurable with high accuracy in multiple samples and 
across populations [9]. 
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DNA methylation 
Cytosine methylation is a DNA modification that involves the addition of a 
methyl group to 5’ position cytosine residues creating 5-methyl-cytosine, 
denoted as 5mC (Figure 2). This modification in mammals happens almost 
exclusively for the cytosines located 5’ to a guanosine, often denoted as CpG 
sites, where ‘p’ represents the phosphodiester bond linking cytosine and 
guanine [10,11]. However, non-CpG methylation (mCHG and mCHH, 
where H = A, C or T) has been observed in embryonic stem cells [12]. 
Methylated cytosine can be oxidized and converted into 5-
hydroxymethylcytosine (5hmc), which was first found in cerebellar Purkinje 
neurons and in embryonic stem cells, but its biological function is not fully 
understood yet [13]. 

 

 
Figure 2. A methyl group is added to 5’ position of cytosine, creating a 5-methyl-
cytosine (by Mariuswalter, via Wikimedia Commons). 

DNA methylation, first explained in 1975 [14,15], is the most studied epige-
netic mark in mammals, reported to have a major role in multiple biological 
phenomena including X chromosome inactivation, imprinting, cell differen-
tiation and development [16-18]. It has an important role in maintaining 
chromosomal stability, by its effect on repetitive regions like centromeres 
[19].

The distribution of methylation is not uniform across the genome. The 
mammalian genome is mostly depleted of CpGs due to spontaneous deami-
nation of 5mC converting it to thymine in the germline [20], while conver-
sion of unmethylated cytosine to uracil by spontaneous deamination is rec-
ognized and converted back by the DNA repair machinery [3]. Apart from 
the general lower than expected pattern of CpG dinucleotides over the ge-
nome, the frequency of CpG sites is higher than expected in some short re-
gions (approximately 1kb) known as CpG islands (CGI). In the human ge-
nome there are about 28 million CpG sites where 60-80 percent of them are 
methylated. The CGIs are usually associated with promoter regions of the 
genes, but later studies have shown that about 50 percent of them are located 
at intra or intergenic regions [21].
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DNAm establishment and maintenance 

A family of enzymes called DNA methyltransferases (DNMTs) are involved 
in setting up and maintaining DNA methylation. DNMT1, DNMT2, 
DNMT3a, DNMT3b and DNMT3L are the members of this family identified 
in mammals. DNMT1 is responsible for maintaining DNA methylation by 
recognizing hemi-methylated DNA molecules and copying the pattern from 
the parent strand to the daughter strand during replication. Two other mem-
bers of the family DNMT3a and DNMT3b are involved in de novo methyla-
tion, acting on unmethylated CpG sites, besides helping DNMT1 in the 
maintenance of DNA methylation during replication. DNMT2 is mainly in-
volved in methylation of RNA. DNMT3L was shown to stimulate de novo 
DNAm by DNMT3a and mediate transcriptional repressive state by interact-
ing with histone deacetylase 1 [22]. 

DNA demethylation mechanisms 

DNA demethylation occurs either in a gradual and passive way, where DNA 
methylation fails to be maintained after replication, or in a fast and active 
manner, where the exact mechanisms are not yet fully understood. Multiple 
enzymes such as Ten-Eleven Translocation (TET), activation-induced cyti-
dine deaminase (AID) and thymine DNA glycosylase (TDG) have been 
shown to be involved in active and passive demethylation [20]. 

DNA methylation functions 
Although DNAm is generally associated with gene silencing, it may have 
different effects on gene regulation depending on the CpG density and where 
they are located. The majority of CGIs located at TSSs are not methylated. 
The methylated CGIs at TSSs are associated with providing a long-term 
repressed state, such as X chromosome inactivation and imprinted genes. 

On the other hand, methylation within gene body is correlated with highly 
expresses genes. Hypermethylation of transposable elements and repetitive 
regions in the gene body, silences them and at the same time enhances tran-
scriptional elongation in the host gene. The regions up to 2kb upstream or 
downstream of CGIs, so called “CpG shores” have been reported to be the 
most differentially methylated regions in healthy cell types due to their tissue 
specificity and also in cancer cells and during aging [20]. Figure 3 depicts 
the general pattern of methylation over the genome. 
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Figure 3. The CpG sites are usually visualized using lollipops, with a global pattern 
of methylated sites at transposable elements and gene bodies and unmethylated sites 
at CpG islands and CpG-rich promoters (by Mariuswalter, via Wikimedia Com-
mons). 

DNAm may affect gene regulation with three different mechanisms: 
1) Changing binding affinity of transcription factors to gene promoters, 2) 

changing the binding affinity of methylation-specific recognition factors to 
gene promoters or gene bodies, and 3) modifying chromatin structure and 
accessibility of transcription factors [17]. 

There are two major mechanisms that lead DNA methylation to silencing: 
1) Methylated CpG in a CpG island is associated with the formation of a 

repressive chromatin structure where: 
• meCpG can be bound by methylated CpG binding proteins e.g. 

MeCP1 & MeCP2 
• MeCP proteins have a DNA binding domain and transcriptional 

repression domain 
• MeCP proteins can recruit other factors that condense the chro-

matin 
2) Methylated CpG can prohibit transcription factor binding, and alter 

gene expression, probably for rare transcription factors, in CpG-poor pro-
moters) 

DNA methylation and disease 
DNA methylation patterns need to be established and maintained properly 
for development and normal function of an adult organism in mammals. 
Embryonic stem cells with defective DNMTs do not survive when they want 
to differentiate [23]. Experiments on mice have shown that knocking out 
DNMT3a and DNMT3b results in early embryonic lethality, hence de novo 
methylation is an essential player of mammalian development [24]. 

One category of DNAm-related diseases is imprinting disorders. Genomic 
imprinting refers to an epigenetic modification where gene expression is 
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regulated in a parent-of-origin-specific way [25]. The imprinted allele is 
silenced and only the other allele is expressed. Imprinting control regions 
(ICRs), which regulate gene expression within imprinted domains, overlap 
with areas known as differentially methylated regions (DMRs) [23,26]. Gain 
or loss of DNAm may result in loss of imprinting (LOI) that affects normal 
allele-specific gene expression. LOI studies have provided evidence for the 
importance of methylation in imprinting. For example, the use of assisted 
reproductive technologies has increased the risk of several imprinting dis-
eases such as Beckwith-Wiedeman syndrome, Prader-Willi syndrome, An-
gelman syndrome, Albright heredity osteodystrophy (AHO) and transient 
neonatal diabetes mellitus (TNDM) [27-31]. 

The other group of diseases related to DNAm defects is the ones associat-
ed with repeat instability, for example de novo methylation of expanded 
CGG repeats in fragile X syndrome [32]. In addition, a wide range of diseas-
es have been reported to be associated with defective methylation patterns 
including autism [33], Alzheimer’s disease [34] and rheumatoid arthritis 
[35]. 

DNA methylation and cancer 
For a long time cancer has been considered the accumulation of genetic mu-
tations, but genetic alterations occur at low frequency, hence it is not an effi-
cient way for malignant transformation. It is now known that genetic and 
epigenetic mechanisms influence each other and cooperate together in cells 
showing hallmarks of cancer [36,37]. It is also known that environmental 
factors such as exposure to certain chemicals, toxins or heavy metals can 
alter the epigenome and result in an increased risk of cancer [9]. The epige-
nome is altered during tumor initiation and progression in multiple ways 
including aberrant DNAm patterns, alterations in nucleosome occupancy, 
and histone modifications, which determine tumor cell heterogeneity and 
tumorigenesis [38]. 

DNAm is the most studied marker in cancer epigenetics. We now know 
that the methylome of tumor cells is different from normal cells. A global 
DNA hypomethylation in cancer cell lines was reported about 3 decades ago 
[39]. This finding was later followed by a contrasting results showing hy-
permethylation of CpG islands in cancer, especially CG-rich promoters of 
tumor-suppressor genes [40]. These reverse patterns have been reported in 
various types of cancer [41]. It is been shown that cancer cells cannot sur-
vive without disrupted methylation of specific promoter regions [42]. 
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DNA hypomethylation in cancer 
DNAm contributes to genome stability by silencing repetitive genomic se-
quences and satellite sequences. Global loss of DNAm contributes to ge-
nomic instability, which is a hallmark of cancer and mutagenesis. This may 
happen by an increased chance of undesired mitotic recombinations and/or 
reactivation of transposable elements that can move to random places in the 
genome. Hypomethylation of Sat2 and Sat⍺ is associated with early tumor 
development in breast cancer, but is involved in tumor progression in ovari-
an cancer [43,44]. Some incorporated viral sequences can be also activated 
by loss of DNAm. For example in the case of genital human papillomavirus 
(HPV), the virus sequences that have been silenced by methylation, can be 
re-expressed and may lead to cervical cancer [45]. 

The genes affected by hypomethylation may be associated with different 
stages of tumorigenesis, based on their functions, and be involved in drug re-
sistance in cancer therapy; for instance, the multidrug resistance 1 gene (MDR1) 
whose promoter region is hypomethylated in breast cancer cells [22,46]. 

Although DNAm loss occurs in cancer, no enzyme for active demethylat-
ing has been identified yet. By contrast to expected reduction of DNMTs 
activity, it is overexpressed in cancer. To explain this phenomena, it has 
been proposed that some inactive variants of DNMT3B are involved in miss-
regulating the activity of DNMT3B [47]. 

DNA hypermethylation in cancer 
While a global pattern of DNA methylation loss is observed in cancer, some 
genes become silenced because of hypermethylation of CpG islands in their 
regulatory regions. The hypermethylation of the promoter region of the reti-
noblastoma tumor-suppressor gene (RB1) was the first evidence of this inci-
dent [48]. By support of various studies since then, it is now known that 
gene silencing through DNA methylation is a hallmark of all types of can-
cers in human, as a key player in tumorigenesis [49]. 

Among the genes that get affected by hypermethylation are the ones associ-
ated with DNA repair processes. For example, O-6-methylguanine (MGMT), 
which is responsible for controlling the negative effect of DNA alkylation, is 
silenced in many carcinomas [50]. The association of hypermethylation of 
promoter of MLH1 and defective DNA mismatch repair was reported in many 
cases of gastric cancers [51]. The promoter region of BRCA1, engaged in 
DNA repair of double-stranded breaks, transcription, and recombination, also 
gets hypermethylated in breast and ovarian cancer [52]. 

Loss of DNAm at tumor-suppressor genes or genes associated with tumor 
suppression, is much more common than mutations in these genes. While tens 
of genes are mutated in cancer cells, hundreds to thousands become hyper-
methylated [38]. 
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Epigenetic mechanisms can influence mutation frequencies, for example, 
epigenetic silencing of a mismatch repair gene named MLH1 significantly 
increases mutation rates [36]. Methylation of cytosines within exons is the 
major cause of C -> T transition mutations that account for around 30% of all 
harmful mutations in the germline [53], about 10-fold more frequent than any 
other SNV in the human genome [54]. The resulting substitution base, T: A, is 
not recognizable by the repair machinery, so this effect is more pronounced in 
highly proliferative tissues. Around 25% of all TP53 mutations occurring in 
human cancer are associated with this epigenetic phenomenon [36]. 

Hypermethylation of the promoter of some genes involved in cell adhe-
sion may affect tumor progression and metastasis; for example CDH1 and 
CDH13 genes [55,56]. The genes with pro-apoptotic functions that become 
inactive in this way affect cancer cell survival; for example, death-associated 
protein kinase 1 (DAPK1) [57]. 

The promoter methylation is cancer type specific and each cancer type 
can be characterized with a specific methylome. The DNAm patterns may 
depict different stage of tumorigenesis and also show different histological 
features and distinguish between subtypes of cancer [22]. 

DNA methylation and aging 
Aging is generally defined as gradual and time dependent downturn of bio-
logical function of living organisms. Understanding the aging mechanisms 
and possible ways of slowing it has long been a key undertaking in biologi-
cal research. Epigenetic alterations and genomic instability are among the 
proposed hallmarks of aging. This gradual loss or decline of function is the 
main risk factor in many human pathologies such as cancer, diabetes, cardi-
ovascular and neurodegenerative diseases [58]. 

Since DNAm is a more accessible mark for quantitative measurements, it 
is also a good biomarker to study the epigenetics of aging. 

DNAm alterations begin at conception and continue during life span [58]. 
Multiple studies reported that a gradual change of DNA methylation occurs 
genome-wide with aging especially at repetitive elements. For example, Alu 
and LINE-1, which are both repetitive elements, show decreased level of 
DNAm and increased variability by age [59]. This gradual loss of DNAm 
due to non-accurate maintenance of DNAm over cell divisions is referred to 
as “epigenetic drift” [60]. 

According to the results of various studies, the common pattern is that 
sites with general low methylation level, such as CpG-rich promoters, tend 
to become hypermethylated while the sites with general high methylation 
level such as intergenic non-island sites, tend to become hypomethylated 
(that may lead to genomic stability which is one of the hallmarks of aging). 
Since most CpG sites are hypermethylated, this mediates a general loss of 



 19 

DNAm and a shift toward the mean methylation level by aging [61]. How-
ever, the rate of changes is much higher in early life compared with elderly 
ages and the affected locations vary. The gain of DNAm in early life occurs 
more at island shores and intergenic regions, the general loss of DNAm in 
later life is accompanied by some gain at islands and shores [61]. 

Despite the tissue specific nature of DNAm, the overall pattern of in-
creased average methylation level in early life and gradual decline later in 
life is valid in most of tissues such as skin [62], muscle [63], blood [64] and 
brain [65]. 

In contrast to epigenetic drift that is defined as a set of age-related DNAm 
alterations within an individual, epigenetic clock refers to age-dependent 
sites that are consistent between individuals [66]. Some sites are better corre-
lated with age in a specific tissue showing that epigenetic clock is tissue 
specific but pan-tissue epigenetic clocks have been also proposed [67]. 

Since DNAm can be affected by external stimuli and can be heritable via 
cell divisions, it can be used as a lasting signature of prior exposures accu-
mulating over lifespan [68]. For instance, smoking cigarettes has been 
shown to make a modification in DNAm at AHRR locus in smokers and their 
children [69,70]. Childhood adversities have also been linked to DNAm 
changes lasting towards adulthood [71]. 

Epigenetic clock is a good biomarker of aging since it may reflect the 
age-dependent epigenetic changes that are shared between individuals [72]. 
However, some individuals may be epigenetically older or epigenetically 
younger than their chronological age, for example the study of centenarians 
with much younger epigenetic ages [73]. Furthermore, older epigenetic age 
of 5 years has been associated with 21% higher mortality risk [74], suggest-
ing the potential of using epigenetic age as a better indicator of health rather 
than chronological age. 

Gene expression pathways 

In complex disease including cancer, a combination of multiple genetic and 
environmental risk factors are involved. In this case, the phenotype or dis-
ease is not the outcome of one main player but multiple players influencing 
each other and in combination the outcome. 

A biological pathway is defined as a series of molecular actions within a 
cell that results in a new product or a change in the state of the cell. Cells 
react to different stimuli by interconnecting with each other via the signals 
that are sent through pathways. The major categories of biological pathways 
are the ones involved in metabolism, gene regulation, and signal transduc-
tion. Biological pathways are also interacting with each other forming a bio-
logical network. Identifying the genes, proteins and other molecules that are 
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involved and form a pathway is an ongoing field of research. As an example, 
the circadian entrainment pathway is shown in Figure 4. 

Studying phenotypes in the context of gene pathways helps to enlighten 
the interdependencies of underlying genes and proteins at the same time, 
enabling investigation of causal effects in the interrupted mechanisms related 
to a specific pathway. Databases such as KEGG [75] integrate and describe 
known pathways in different species. 

 
Figure 4. Circadian entrainment pathway. The blue dashed arrows and black arrows 
show inhibition and activation relation between the genes, respectively. 

Measuring DNA methylation 
There are several methods to detect DNAm patterns genome wide, each with 
different strengths and weaknesses. Among them three approaches are wide-
ly used: 
 

a) Bisulfite sequencing  
b) Bisulfite microarrays 
c) Enrichment-based methods 

 
In bisulfite-treated DNA, unmethylated Cs are converted to Us and ampli-

fied as Ts by PCR, but 5mCs are protected from this conversion. Next gen-
eration sequencing of the bisulfite-treated sequence identifies the methylated 
and unmethylated CpGs usually referred to as whole genome bisulfite se-
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quencing (WGBS). While comprehensive genomic coverage is the ad-
vantage of this method, the high cost of whole-genome resequencing and 
difficulties in telling apart 5mC and 5hmC are its disadvantages. 

In bisulfite microarrays, a preselected set of CpG sites are targeted. This 
reduces the per-sample cost compared to WGBS, although we may loose 
some of the informative sites. 

Illumina provides different arrays with different number of targeted CpG 
sites: 

 
a) Infinum HumanMethylation27 BeadChip, profiling more than 

27,000 sites, usually referred as 27K array 
b) Infinium HumanMethylation450 BeadChip, profiling more than 

480,000 sites, usually referred as 450K array 
c) Infinium MethylationEPIC Kit, profiling more than 850,000 sites, 

usually referred as 850K array 
 
The analyzed data in this thesis have been profiled using the 450K array, 

except for the first paper where 27K array has been used. According to Illu-
mina’s technical notes, the 450K array covers 99% of RefSeq genes. It in-
cludes around 90% of the content of the 27K array and in addition covers: 

• Sites located outside of CG rich regions 
• Non-CG methylated sites found in human stem cells 
• FANTOM4 promoters 
• DNase hypersensitive sites 
• Sites identified as differentially methylated in cancer versus normal 

comparisons  
 
The limitation of these arrays is that they are available only for the human 

genome. 
Different methods are used to enrich DNA in enrichment-based methods. 

Methyl-DNA immunoprecipitation (MeDIP), methyl-CpG-binding domain 
(MBD) proteins or methylation dependent restriction enzymes can be used 
for enriching methylated DNA. On the other hand, restriction enzymes that 
specifically cut unmethylated DNA are used to enrich unmethylated DNA. 
The advantage of this method is the ability to distinguish 5mC from 5hmC 
and a relative low cost, but with a low accuracy at CpG-poor regions [76]. 

On Illumina’s methylation assays, a pair of probes is used to measure the 
intensity of methylated and unmethylated alleles at each targeted CpG site. 
The methylation level is then estimated as the measured intensities of meth-
ylated and unmethylated probes and is reported as a value between 0 and 1 
known as beta-value. The beta-value is the proportion of methylated probes 
to the sum of methylated and unmethylated probes. Illumina suggest adding 
a constant (default: 100) to the denominator to handle situations where both 
probe intensities are very low [77]. 
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Computational background 

Machine learning in life sciences 
The exponential expansion of biological data has broadened the use of ma-
chine learning algorithms and methods, aiming at finding needles in a hay-
stack, i.e. extracting meaningful information and hidden patterns from large 
and complex datasets. 

Machine learning is defined as constructing computer programs that au-
tomatically improve with experience [78]. 

Algorithms of machine learning aim at learning from the existing data or 
a training set, and optimize a performance criterion. The optimized criteria 
are assessed by accuracy, in modeling problems through the value of a fit-
ness function defining optimization problem. In a modeling problem, the 
algorithm aims at inducing a model out of the training dataset and deriving 
conclusions. The aim in an optimization problem is to find a near-optimal 
solution out of all possible solutions, which is a crucial task in a modeling 
problem [79]. 

Machine learning techniques have been applied successfully to different 
domains of genomics, such as gene prediction [80], detecting regulatory 
elements [81], biological sequence analysis [82] and identifying functional 
RNAs [83] and epigenetics domains such as epigenomic-based prediction of 
gene expression [84], prediction of allele-specific DNAm [85] and DNAm-
based age prediction [86]. It has also been used in systems biology for mod-
eling biological networks [87] and evolution for constructing phylogenetic 
trees [88]. 

Machine learning methods are usually divided into two major groups: su-
pervised and unsupervised methods. In both scenarios, the method investi-
gates a group of samples that have been characterized by a vector of features 
(attributes) to learn from it and infer knowledge out of it. 

Supervised learning 
In supervised learning, the samples are labeled as showing the group or class 
each samples belongs to. Hence the system is supervised by knowing the 
labels when it tries to find the patterns that are common between the mem-
bers of each group. 
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In classification as the main supervised learning application, the algo-
rithm aims at classifying the samples based on the values of their features. 
The learning process is done on the training set producing a classifier and a 
subset of data is used as the test set to evaluate the predictive power of the 
model. 

There are various methods and algorithms for classification with different 
advantages and disadvantages. We have used rule-based classification (Paper 
I), which is explained in detail in the following section. The case analyzed in 
[89] is used here to explain the method with examples. 

Decision trees 
A decision tree is an acyclic and directed graph containing nodes connected by 
edges that represents an algorithm for classification. The node at the top of the 
tree is called the root node, and the node(s) with no children is called a leaf 
node. At each non-leaf node, a condition is checked and based on the result the 
path is directed to either a leaf node, if there are no more conditions to check, 
or to another node to continue the algorithm until it reaches a leaf node. The 
tree expands using a training set. The classifier generated using this method 
may be overfitted and that is when the path to a leaf node specifies very few 
samples. For overcoming this problem these nodes are pruned. 

Decision trees are easy to implement and interpret, and also computation-
ally cheap. 

Rough sets 
The classification tasks in this thesis have been done using rule-based mod-
eling based on rough sets theory [90]. The fundament of rough sets is a tabu-
lar structure of data, called a decision system. In a decision system, all the 
samples (objects) are listed on the rows with values of the features (attrib-
utes) on the columns, where the last column holds the label of each sample 
known as the decision class. This construction is called a decision system. 
Table 1 shows an example of a decision system taken from [89], where fea-
tures are the methylation status of a targeted CpG site and the decision is the 
age of the sample. 

Table 1. A sample decision table, with samples on the rows and discretized methyla-
tion level of each CpG site on the columns. 

Sample 
ID/CpG ID 

CpG1 CpG2 … CpGN Class 

Sample 1 Methylated Intermediate … Unmethylated youngerThan0 
Sample 2 Methylated Methylated … Intermediate olderThan0 
… … … … … … 
Sample N Unmethylated Methylated … Intermediate youngerThan0 
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The rough set system aims at finding the minimal set of attributes that can 
discern between the samples of each decision class. This minimal set is 
known as a reduct [91]. A reduct can be extended to an approximate reduct 
where the objects are discernable to a certain threshold. For computing re-
ducts, discernibility functions are generated. A discernibility function is a 
Boolean function, i.e. returning either true or false. Input variables are Bool-
ean showing whether an attribute is included or not and each minimal solu-
tion of it represents a reduct. More details of the method can be found at 
[92]. 

Rule-based modeling using ROSETTA 
ROSETTA [93,94] is a software system that implements rough-sets methods 
and calculates the reducts using some approximation algorithms. Here the 
classifier consists of a set of IF-THEN rules, which are a presentation of the 
computed reducts. 

Rules may have one or multiple conditions in the IF part and the decision 
is shown in the THEN part of the rule. The rules with one condition are 
called singleton rules and the ones with more than one condition are called 
conjunctive rules. Each rule can be evaluated by two factors: support, shows 
the number of samples in the training set for which both IF part and THEN 
part matches; accuracy is defined as support divided by the number of sam-
ples for which only the IF part matches. 

An example of a conjunctive rule: 
 
IF cg26158194=methylated AND 

cg12078929=intermediate THEN ‘olderThan50’ 
Accuracy=0.95, support=21 
 
This rule can be read as: if the conditions in the IF part are satisfied for a 

sample, the model predicts it to be older than 50 years old. The reported 
accuracy means that 95% of the samples that have these conditions are actu-
ally ‘older than 50 years old’, i.e. 20 samples out of 21 that were predicted 
by the model to have that age were classified correctly. The performance of 
the classifier is usually summarized in a table called confusion matrix, where 
the number of samples in each class and the number of samples classified 
correctly, or incorrectly classified as other classes is shown (Table 2 shows 
an example). 
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Table 2. A sample confusion matrix. The total number of samples in each class is 
shown in parenthesis. The columns specify the number of samples classified by the 
model as a specific class. The last column shows the accuracy of the model for pre-
dicting each separate class and model’s general accuracy. 
 
Observed class Classified as 
 Class A Class B Class C Accuracy per 

class 
Class A (25) 20 4 1 80 % 
Class B (40) 0 40 0 100 % 
Class C (30) 5 5 20 66.6 % 
Model accuracy    82.2 % 

Feature selection 
In many biological problems, a large number of features have been quanti-
fied for a limited number of samples. For instance, thousands to millions of 
CpG sites or millions of SNPs are analyzed for a hundred or a few hundreds 
of samples. In these cases, many features might be redundant or non-
informative, i.e. adding no predictive power to the model and they would 
exponentially increase the computational time. Feature selection methods are 
applied to save the computational time and to improve the model quality by 
including only informative features. Feature selection can employ univariate 
methods evaluating each feature separately or multivariate methods that take 
feature dependencies into account. 

Monte Carlo Feature Selection 
The feature selection method used in this thesis is named Monte Carlo Fea-
ture Selection (MCFS) [95]. MCFS is a multivariate technique that identifies 
features that contribute significantly to classification and ranks the features 
according to this criteria. Monte Carlo method as the fundament of MCFS is 
based on sample randomization techniques. 

Figure 4 summarizes the MCFS procedure. Out of a set of all (d) features 
in the original dataset, s subsets with the same number of samples but m 
(where m << d) features are selected randomly. Then each subset is split into 
t training and testing sets. For each of these pairs, a decision tree classifier is 
trained on the training set and tested using the test set. The classification 
ability of each tree is then assessed by calculating its weighted accuracy:  

 

wAcc = 1
c

nii
ni1+ni2+...+nic

i=1

c

∑  
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In this formula, c represents the number of classes and nij the number of 
samples from class i classified as class j. 
 

 
Figure 5.Summary of the MCFS procedure. Reprinted with permission from Oxford 
University Press. 

Using the weighted accuracy the Relative Importance (RI) is calculated for 
each feature: 
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In this formula, s * t trees are generated; for each tree (τ) the weighted ac-

curacy (wAcc) is calculated as explained before, c shows the number of deci-
sion classes, IG(ngk (τ)) represents the information gain for node ngk (τ), 
no.in ngk (τ) shows the number of samples in node ngk (τ), no.in τ is the num-
ber of samples in the root node of the τ-th tree and u and v are optional 
weighting parameters, usually set to 1 as default value.   

Unsupervised learning 
In unsupervised learning the goal is to segment the samples into groups or 
clusters based on their similarity evaluated from the values of their features. 
The main difference with supervised learning is that the label of the samples 
is not known, i.e. we do not know how many classes there are, or the labels 
are known, but we want to check possible subgroups within the samples of 
the same group. There are different approaches in unsupervised learning 
such as clustering and Neural Networks. 
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Clustering is the most widely used method in unsupervised learning aim-
ing at finding hidden patterns or groupings in the data. The evaluation of the 
similarity of different samples is done by a defined distance function that 
could be Euclidean distance or other probabilistic distances. Multiple algo-
rithms can be used for clustering, such as hierarchical clustering, k-means 
clustering, self-organizing maps, and hidden Markov Models. 

K-means clustering 
K (equal to the number of clusters) random objects are chosen as the cen-
troids of the clusters. Then, other objects are assigned to the nearest centroid. 
This process continues by finding the centroid of newly formed clusters and 
reassigning the objects according to the new centroids, until no object’s clus-
ter changes. Since the selection of centroids in the first place may be ran-
dom, re-running the clustering algorithm may give a different outcome. 

Hierarchical clustering 
There are two approaches in hierarchical clustering. In the first approach 
known as bottom-up, or agglomerative, objects are considered as separate 
clusters and then the two most similar ones are merged into a new cluster. 
This iterates until the number of clusters reduces to the targeted number of 
clusters. In the second approach known as top-down or divisive, all the ob-
jects are assumed as one cluster and in each iteration one cluster is divided 
into two until the desired number of clusters is reached. 

Self Organizing Map 
Artificial Neural Networks are a computational model, designed based on 
inspiration from the way the neurons were hypothesized to work in the brain. 
The neurons, or nodes, are the highly interconnected processing elements 
that work simultaneously, organized in layers, and are configured via a 
learning process in order to solve a specific problem. 

A Self-Organizing Map (SOM) is a type of artificial neural network that 
is based on competitive-and-cooperative learning (instead of error-correction 
learning), where only one neuron is the winning neuron at any given input, 
updating all other neurons through a topological distance function. As a re-
sult the neurons organize themselves according to the input patterns during 
the learning process to optimally present the input space given the connec-
tions between the neurons, often organized as a hypertorus. One main aim of 
a SOM is to reduce the dimension of the input patterns into a lower-
dimensional discrete structure known as a map, where the SOM uses a 
neighborhood function to keep the topological properties of the transformed 
space. 
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Sample Input data builds the map in the training mode, and in the map-
ping mode, the new input data are classified. 

Hidden Markov Model (HMM) 

A stochastic or random process is a collection of random variables. A sto-
chastic process is called a Markov process when the future status of the pro-
cess depends only on the present state, and not any of the preceding events 
before the present state. A hidden Markov model (HMM) refers to a model 
where the system is a Markov process with hidden or unseen states. By itera-
tively optimizing the overall fit through Dynamic Programming at a defined 
cost function, followed by updating the parameters, Hidden Markov models 
can be used to model spatial or temporal processes. 

Hypothesis-free pattern recognition using Saguaro 
Saguaro [96] is an unsupervised pattern recognition method combining a 
HMM and multiple SOMs. Input is presented as a stream of vectors, contain-
ing either discrete or continuous variables, where missing data is permissible 
if indicated as such. The HMM segments the data into regions such that the 
sequence of SOMs, which are the states in the HMM, yield the overall opti-
mal statistical representation of the data. SOMs are split based on their to-
pology by identifying the least best modeled regions, which are recognizable 
as neurons that are farthest from the “center of gravity”. As a result, both the 
SOMs, represented by “cacti”, as well as the segmentation of the data are 
given as output. 

Visualization 
The complement to the data mining algorithms and methods that discover 
hidden patterns from noisy multidimensional biological data is the ability to 
interpret the discovered models. Visualization helps significantly in this 
phase by enabling researchers to see structures or patterns in the data being 
analyzed and to make sense of the statistical models [97]. 

Visualization can be in many various forms ranging from a simple histo-
gram for example showing the distribution of the data, to complex graphical 
platforms containing multitudes of methods for presenting data analysis re-
sults. Figure 4 shows how visualization enhances detecting the cutoff of 0.2 
and 0.8 for discretizing the beta values. 
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Figure 6. Histogram of the beta values for all the CpG sites on 450K array (exclud-
ing sites on chromosomes X and Y). 

In rule-based modeling, visualization can show how a rule works in separat-
ing the samples of the targeted class (Figure 6), or can be used to detect and 
highlight rule interactions (see [98]). 
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Figure 7. The way a conjunctive rule generated by ROSETTA separates the samples 
belonging to the targeted class is visualized. Adapted from Torabi Moghadam et al. 
2016, BMC Bioinformatics. 

In clustering problems, visualization can be also used to translate the dis-
tance matrix into a human readable presentation (Figure 7). 

Visualization also allows for imputing the status or value of some samples 
with missing values or unknown status, based on the distribution and pattern 
of the other samples. For example in Figure 8, the mutation status of the IDH 
gene for the samples with a missing state (NA) can be inferred as wild type 
(WT) according to the DNAm pattern in gene CFLAR across the samples. 
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Figure 8. Visualization of the methylation patterns using an unsupervised learning 
method (methylSaguaro), where the samples are marked with their histological la-
bels, showing that histology is not accurate to classify samples. 

 

 
Figure 9. The IDH mutation status of the samples with an NA (not available) status, 
can be inferred to be wild type (WT) according to the methylation levels of other 
samples. 
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Aims 

The overall aim of this thesis was to investigate, detect and understand DNA 
methylation data as a key player of the epigenetic regulation of gene expres-
sion. The specific goals of this thesis were: 

1. Investigating the patterns of DNA methylation in the human brain 
and the way these patterns change over the lifespan using super-
vised learning methods. 

2. Developing a visualization-based analytical tool that enhances the 
investigation of DNA methylation and gene expression data over 
gene pathways. 

3. Improving cancer subtyping and classification based on DNA 
methylation pattern using unsupervised learning methods. 

4. Identifying differentiating patterns of DNA methylation between 
schizophrenic and control samples using supervised learning, un-
supervised learning and visualization methods that were intro-
duced and developed in the first three stages. 
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Methods and Results 

This thesis is based on the results of four papers that are summarized togeth-
er with the methods applied for achieving them in this section. Paper I de-
scribes a machine learning method for identifying combinatorial patterns of 
DNAm over the lifespan in the human brain. Paper II presents a novel inter-
active visualization tool for browsing DNAm and gene expression data over 
gene pathways. Paper III introduces a machine learning method for detecting 
cancer subtypes based on DNAm data. Finally Paper IV investigates differ-
entiating patterns of DNAm in a cohort of schizophrenic and control samples 
using the methods and tools introduced in the first three papers. 

Paper I 
In Paper I, we introduced a method to explore the combinations of CpG sites 
and associated genes contributing to changing patterns in the methylation 
levels of human healthy brain as the age changes. Our rule-based classifier 
reports combinations of CpG sites together with their methylation status in 
the form of easy-to-read IF-THEN rules, which allows for assaying the 
genes associated with the underlying sites. 

Background 
DNA methylation is a major player in multiple biological phenomena such 
as development, chromosome X inactivation, cell differentiation and regula-
tion of gene expression. DNA methylation patterns are tissue specific and 
several studies have reported that these patterns change over the life span. 
Detecting these changes over the lifetime of an individual can be used for 
different applications, such as the identification of genes and their interac-
tions and what processes they are involved in, as well as for forensic genet-
ics and disease prevention. The dominant form in mammals is the methyla-
tion of 5’ cytosine in the context of CpG dinucleotides. Considering the 
complexity of the mechanisms controlled by DNA methylation, we aimed at 
finding combinations of CpG sites that could characterize different stages of 
aging. 
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Data 
We used DNA methylation data from 108 healthy samples published by 
Numata et al. [99], with ages ranging from fetal period to elderly ages up to 
84 years old. The methylation data has been profiled using Illumina’s Infini-
um HumanMethylation27 Beadchip that targets 27,578 sites. 

Methods 
We first filtered out the sites with any of the following conditions: (a) locat-
ed on chromosome X, (b) located on a polymorphic probe, (c) located on a 
non-uniquely mapped probe and (d) having a standard deviation of beta val-
ues over all samples smaller than 0.02. 

We then discretized the beta values into three methylation levels: (a) un-
methylated, if the beta value is smaller than or equal to 0.2, (b) intermediate, 
if the beta value is bigger than 0.2 and smaller than 0.8, and (c) methylated, 
if it is bigger than or equal to 0.8. 

We next constructed binary decision tables for each age, labeling samples 
as younger than a certain age or older or equal to a certain age, starting from 
0 to 60 years old. Figure 9 summarizes the method schematically. The sig-
nificant features returned by MCFS [95] were selected from each age-
specific decision table. Since the number of samples in each class was great-
ly different we performed a 100-fold undersampling to avoid the effect of 
overrepresented samples of one group. A rule-based classifier was generated 
using ROSETTA [93] for each undersampled decision table and the results 
were merged into one classifier for each age. 

In order to study patterns of changes in DNAm in more general age inter-
vals, we computed the Jaccard distance between all age decision tables based 
on the number of overlaps between the Significant Features set for Age i 
(SFAi) and Age j (SFAj) for each individual two-class decision table. 

Distance (SFAi, SFAj) = 1 – ((SFAi ∩ SFAj) / (SFAii ∪ SFAj)) 

Results 
The filtering steps resulted in 11,000 sites to be included in the analysis. Out 
of these sites a union of 283 were selected by MCFS [95] for different age 
classes were the number of significant sites dropped as the age increased, 
indicating that there were fewer sites to discern between the samples in older 
ages. This confirmed the previous results that DNAm changes were more 
strongly pronounced at early ages, especially at fetal period and decrease as 
the age increases.  
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Figure 10. A schematic review of the steps done for feature selection and classifica-
tion. Adapted from Torabi Moghadam et al. 2016, BMC Bioinformatics. 

We then annotated the sites showing up in each age class using ANNOVAR 
[100] and checked the genes that were unique for classifying a specific age 
and the overlapping genes. 

The hierarchical clustering of the sets of significant features of each age 
class divided the samples into four age intervals: ‘fetus’, ‘age0-4’, ‘age5-27’ 
and ‘age28plus’. These groupings were employed to construct a new four-
class decision table, and running ROSETTA [93] generated a classifier with 
accuracy mean of 90%, were fetus and ‘age0-4’ classes had a 100% accuracy 
and ‘age5-27’ was the most difficult one to classify. 

Our results showed that the patterns of methylation changes in a healthy 
individual’s brain were highly complex and interdependent. The CpG sites 
present in the significant rules were annotated to genes involved in brain 
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formation, general development, as well as genes linked to cancer and Alz-
heimer’s disease. 

Paper II 
In Paper II, we have developed an open-source interactive tool for visualis-
ing and analysing DNA methylation and gene expression data in the context 
of gene pathways. Public datasets of DNAm and gene expression of two 
different types of brain cancers, namely glioblastoma multiforme and lower 
grade glioma, were investigated with PiiL as a use case to show the func-
tionalities, where previously proven patterns were confirmed. 

Background 
Gene networks or pathways depict a group of regulatory interdependent 
genes involved in a certain biological phenomenon. Besides, DNAm is a 
major player in the regulation transcription machinery. Since there are mil-
lions of CpG sites that can be altered the relation between DNAm and ex-
pression of its host gene or surrounding genes is complex. Hence, providing 
a tool that can investigate the patterns of DNAm and gene expression at the 
same time in the context of gene pathways, enhanced by visualization utili-
ties, is invaluable. We developed PiiL (Pathway interactive visualization 
tooL), an interactive regulation browser that facilitates specific hypothesis 
testing by quickly assessing large data sets. 

Data 
We used publicly available DNAm and gene expression public data generat-
ed by The Cancer Genome Atlas project [101], from 65 patients with glio-
blastoma multiforme (GBM), published by [102], and 100 patients with low-
er grade glioma (LGG), published by [103], as a use case. 

Methods 
PiiL has been designed with focus on providing a user-friendly interface. It 
is platform independent, developed in Java and available under the GPL 
license from: https://github.com/behroozt/PiiL.git 

PiiL loads and visualizes pathways and gene networks directly from the 
KEGG database [104]. The user then loads the DNAm and/or gene expres-
sion data and the genes that have a match in the opened pathway are color 
coded according to the methylation or expression level for a specific sample. 
PiiL facilitates exploring the data by navigating through the samples in a 
static way as stacked boxes or by showing them consecutively to validate or 
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discover patterns in the data. Additional information for the samples can also 
be loaded to enable the user to use the group-wise view, where any charac-
teristic of the samples can be used to group them. In this view mode, the 
average methylation/expression of the members of each group are shown for 
each gene in the pathway.  

To make sense of the genes in a pathway, the user can directly check their 
functional annotation in GeneCards (http://www.genecards.org), NCBI 
Pubmed (http://www.ncbi.nlm.nih.gov/pubmed) or Ensemble 
(http://www.ensembl.org), being displayed in a web browser. A summary of 
the data for each gene is also available as barplots and histograms by a single 
click. 

As there are usually multiple CpG sites associated with a single gene, av-
eraging the beta values of all sites to determine methylation level of a gene 
may weaken the differentiating signal. To address this problem, PiiL pro-
vides a function to include or exclude a subset of CpG sites in the analysis. 
The sites can be filtered based on standard deviation, range of the beta val-
ues, the genomic annotation (for example include only intronic sites), or 
selecting a set of informative sites that have been computed by other meth-
ods such as MCFS [95], methylSaguaro (Paper III) or other techniques. 

Also worth mentioning is the multiple-tab structure of the platform that 
enables the user to investigate multiple pathways and various datasets at the 
same time. The pathways and color-coded data can be exported to vector-
based images. 

Results 
We analyzed publicly available DNAm and gene expression data for two 
types of brain cancers: lower grade glioma and glioblastoma multiforme 
([103] and [102]) to show the functionalities and features of PiiL. 

Using PiiL’s “group wise” view we could easily and quickly investigate 
the differentiation patterns between samples grouped by different clinical 
features, such as IDH mutation status, MGMT promoter status and TERT 
promoter status. We confirmed Noushmehr et al.’s [105] findings that IDH 
mutation status should be used to classify samples rather than their histolo-
gy. The visualization technique helped us to impute IDH mutation status of 
the samples with a missing or unknown status. 

Applying different filters in PiiL, we could investigate the effect of in-
cluding/excluding a specific subset of CpG sites that hit a specific gene. For 
example Figure 10 shows the effect of selecting only exonic sites versus 
upstream (promoter region) sites. 
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Figure 11. Part of “TNF signaling pathway” where only the sites located at upstream 
of the genes are selected (top) versus where only exonic sites are selected. Blue 
represents hypomethylation and red shows hypermethylation. 

Furthermore, we loaded a list of informative sites, computed by methylSa-
guaro (Paper III), as the sub selection of CpG sites. This enabled us to high-
light the key regulator genes and the subset of the CpG sites that show a high 
correlation with the expression of their host gene (Figure 11). 
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Figure 12. a subset of CpG sites found by methySaguaro was selected using PiiL 
from all the CpG sites hitting the genes in this part of the TNF signaling pathway. 
This highlighted CASP8 with a high negative correlation between methylation and 
expression among the genes leading to apoptosis. 

Paper III 
In paper III, we introduced a novel machine learning method for identifying 
subtypes of cancers based on DNAm patterns.  

Background 
Since DNAm is involved in transcriptional regulation, its aberrant patterns 
have been observed in various diseases, among them, various types of can-
cer. Thus detecting differentially methylated regions can provide biomarkers 
for cancer subtyping and help to identify the genes and gene pathways in-
volved in pathogenesis and outcome. However this comparison requires 
labeling the samples, where in complex and heterogeneous diseases like 
cancer is not known a priori. 

Use of unsupervised learning methods comes to help in these scenarios 
where all the samples have the same label so a supervised learning method is 
not applicable. 

Data 
We took the publically available DNAm datasets from the TCGA project 
[101], which were profiled using the 450K array, for different cancer types 
as listed: 
 

a) Brain tumors namely: glioblastoma multiforme (GBM) and lower 
grade glioma (LGG), published by [102] and [103] respectively. 
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b) Three types of kidney tumors namely: kidney renal clear cell 
(KIRC), kidney renal papillary cell (KIRP) and kidney chromo-
phobe (KICH), published by [106], [107] and [108] respectively. 

c) Acute Myeloid Leukemia (AML) published by [109] 
d) Colon cancer published by [110] 

 
These datasets were published by The Cancer Genome Atlas (TCGA) pro-
ject and DNAm profiled using the same array for diagnostic and follow-up 
samples with Chronic Lymphocytic Leukemia (CLL) was published by 
[111]. 

Methods 
methylSaguaro, developed in this paper, uses DNAm data and identifies a set 
of CpG sites with a predictive power of cancer subtypes. This method builds 
on Saguaro [96], a software that was first designed to detect selective forces 
in whole genome population analyses by combining hidden Markov models 
and Neural Networks. 

In this method the base concept is a cactus, which a symmetric n*n (n 
equal to the number of samples) matrix of pairwise comparisons, where each 
element shows the distance between two samples relative to all other sam-
ples. Here, the input is all CpG sites from 450K methylation array sorted by 
their genomic position. The aim of each cactus is to represent the segments 
of the genome, covering at least 3 consecutive CpG sites, match with the 
pattern of that cactus. The HMM is responsible for the segmentation, and the 
SOM is then utilized for pattern recognition and unsupervised classification 
to decide the shape of the cactus. The SOM here aims at generating a set of 
cacti that shows a differentially methylation pattern, summarizing the local 
patterns in at least one cactus. 

Since it is an unsupervised approach, no a priori assumption is required 
and the system learns the classification from the data. This enabled us to 
detect the possible effects of a genetic alteration, such as a mutation on 
DNAm patterns, without knowing the alteration beforehand. 

Results 
In the brain tumors data, our method confirmed the association between mu-
tation in the IDH gene and DNAm levels. Previous research has suggested 
this for classifying tumors rather than their histological categories [105]. We 
also observed the reported [112] subtypes of CLL based on the mutation 
status of the IGHV gene. 

Analyzing the kidney tumors data, we found that KICH samples markedly 
differ from KIRC and KIRP samples DNAm wise. Among the differentially 
methylated genes are CLDN8, an immunohistochemical marker for the dif-
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ferential diagnosis of CRCC and renal oncocytoma; the homeobox genes 
HOXB5, HOXC4, and HOXD8; and genes linked to tumorgenesis or tumor 
suppression, including CASZ1, ITGA6, ZMIZ1, and EBF3. 

In AML, we found complex DNAm patterns that coincide with current risk 
assessment based on cytogenetics, but possibly provides improved resolution. 

Paper IV 
In Paper IV, we investigated DNA methylation data for biomarkers of schiz-
ophrenia using the tools and methods that we introduced and examined on 
the same type of data in papers I, II and III. 

 

Background 
Schizophrenia is a common mental disorder that has a strong tendency in 
becoming chronic. This complex disease affects about 0.5-1% of the popula-
tion and shortens the life expectancy by ten to twelve years because of asso-
ciated high suicide rate and physical problems. While it has been shown to 
have a strong genetic component with a complex and non-Mendelian inher-
itance [113], the reported association between environmental factors and 
psychotic disorders including schizophrenia such as parental infection [114], 
maltreatment and trauma during childhood [115] and use of cannabis [116] 
suggests the possibility of epigenetics factors in developing schizophrenia. 

Data 
Frontal cortex post mortem brain tissue samples collected from international 
brain banks were profiled using 450K array for 73 patients diagnosed with 
schizophrenia and 52 healthy samples. 

Methods 
In order to investigate differentially methylated patterns between schizo-
phrenic and healthy samples, we applied the three methods that we intro-
duced and developed for analyzing DNAm data and mining differential pat-
terns, namely: 

 
a) Supervised learning by combining feature selection using using 

Monte Carlo Feature Selection and rule-based modeling using 
ROSETTA, classification 

b) Unsupervised clustering of the samples using methylSaguaro 
c) Pathways based analysis of the data using PiiL 
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In the classification analysis, in addition to the beta value discretization 
described in Paper I, where beta values were discretized as unmethylated 
(beta values smaller than or equal to 0.2), intermediate (beta values between 
0.2 and 0.8) and methylated (beta values greater than or equal to 0.8), we 
also divided the intermediate class into two equal bins as intermedi-
ate_unmethylated and intermediate_methylated and trained the model. 

Results 
Although DNAm was shown to be an adequate biomarker in tracking age-
related changes over the lifespan and identifying cancer subtypes using our 
methods, it turned out not to be the marker reflecting differences between 
schizophrenic and healthy samples. 

MCFS did not return any CpG site as significant, with any of the beta 
value discretization methods. Furthermore, methylSaguaro generated one 
cactus with two clusters that do not match with the schizophrenic state. Pro-
jecting the data over KEGG’s “dopaminergic synapse” pathway also con-
firmed that the difference between the beta values of the samples was very 
small and in cases that there was some difference it was not a reflection of 
the schizophrenic state. 

Since the methods we applied in our previous papers worked successfully 
on the same type of data, the reason we obtained no results here could be 
that DNAm is not a suitable biomarker in studying schizophrenia at least 
with the configuration of this study. The configuration includes the methyla-
tion array resolution, region of the brain that has been profiled or generally 
using methylation arrays that are not able to tell apart 5mC from 5hmC, if 
that is the case in schizophrenia. 
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Concluding remarks and future prospects 

DNA methylation, as an important player involved in epigenetic regulation 
of transcription machinery, has become spotlight in epigenetics research. In 
this thesis, we have introduced and developed computational methods for 
mining DNAm data and discovering differential patterns in different biologi-
cal phenotypes. 

The story started with analyzing DNAm data in order to investigate the 
patterns during the lifespan and detect biomarkers of ageing. The extreme 
changes between prenatal period and after birth was reflected in highly accu-
rate singleton (having one condition) rules and in the early ages; but predict-
ing the age appeared to be less accurate in elderly ages. We believe that do-
ing this analysis with a higher resolution array, i.e. targeting more CpG sites 
would help identifying the patterns to tell apart older samples since the dif-
ferences are subtler.  

The combinatorial analysis of the first dataset generated conjunctive rules 
consisting of a set of CpG sites that change together in order to classify sam-
ples. This motivated us to check if the annotated genes (where the sites are 
part of) are involved in any common biological processes and how they af-
fect the expression of their host genes. To address this hypothesis, we devel-
oped open-source software, PiiL, which facilitates hypothesis testing by 
quickly assessing large datasets of DNAm and gene expression. This tool 
provides a handful of analytical functions offered as a user-friendly interface 
that helps biologists to confirm and discover patterns by visually translating 
data to easy to detect signals. Among the functions is a unique feature that 
include/exclude a subset of multiple CpG sites related to a gene based on a 
criteria and enhances pattern recognition and checking the correlation with 
expression of the host gene for each selected subset. PiiL is being updated 
frequently and tries to adapt all widely used technologies of measuring 
DNAm and gene expression. 

In Paper III, we showed how differentially methylated patterns can be 
used as biomarkers of detecting cancer subtypes. We developed a state-of-
the-art method for detecting tumor subtypes using DNAm data without any a 
priori assumption. Using this method we confirmed some previous findings 
and based on that proposed new subgroups in various cancer types. We hope 
that this helps better understanding of cancer mechanisms and provides bet-
ter diagnosis for patients leading to a proper treatment. 
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While DNAm appeared to be a good biomarker of ageing and cancer, we 
did not find that clear signal when we applied our methods on schizophrenic 
samples. This may be because of the region of the brain that has been pro-
filed or the technology limitations such as lack of discernibility between 
discernibility between 5mC and 5hmC. 

In conclusion, by the work accomplished in this thesis, we have contrib-
uted to discovering DNAm patterns as biomarkers of ageing and cancer sub-
typing by developing novel bioinformatics methods and tools. We note that 
most datasets analyzed have been generated and published previously by 
other groups, yet our algorithms were able to find hidden treasures that con-
ventional approaches have missed entirely. This illustrates the importance of 
continuously developing novel algorithms to overcome the limitations and 
shortcomings of existing methods, and that great improvements are possible 
in many areas. While we have targeted DNAm in this project, some of our 
methods can be tailored and applied to mine other types of biological phe-
nomena, where we expect similar gains over conventional analyses in future 
projects. 
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