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Abstract

Over the past few years interest in epigentic mechanisms, especially DNA
methylation, has increased dramatically. The fundamental importance of
epigenetic changes has been established, particularly in oncology. Aberrant
DNA methylation occurs early in oncogenesis, is stable, and can be assayed
in tissues and body fluids. Therefore genes with aberrant methylation can
provide clues for understanding tumor pathways and are attractive candi-
dates for detection of early neoplastic events. However, large-scale analysis
of candidate genes has been hampered by the lack of high throughput assays
for methylation detection. The introduction of the first microarray for DNA
methylation analysis addressed this problem by allowing the measurement
of several hundred selected CpG dinucleotides in parallel. DNA microarray
technology has already revolutionized mRNA expression analysis. It also in-
troduced a plethora of statistical problems such as control and maintenance of
data quality and handling of high dimensional and usually under-determined
marker selection or classification problems.

In this thesis novel statistical methods for the analysis of DNA methyla-
tion microarray data are developed. Starting from a simple generative model
of the microarray measurement process algorithms for normalization, vari-
ance stabilization and DNA methylation rate estimation are derived. These
pre-processing methods allow for an optimal estimation of DNA methylation
patterns from the microarray hybridization intensities of a given biological
specimen. A methodology for microarray quality and process control is in-
troduced that estimates the quality of individual microarrays based solely
on the distribution of the actual measurements without requiring repeated
experiments. It can be used to reliably detect systematic experimental er-
rors resulting in an improvement of overall data quality. Subsequently it
is demonstrated how phenotypic classes can be predicted from microarray
measurements by combining feature selection and discriminant analysis. By
comparing several feature selection methods it is shown that the right di-
mension reduction strategy is of crucial importance for the classification per-
formance. Methods for DNA microarray quality control, feature selection
and class prediction are derived in a generic fashion that makes them equally
applicable to DNA methylation and mRNA expression microarray data.

The developed methods are applied in a large microarray study to iden-
tify DNA methylation markers specific for colorectal neoplasia. In this study
43 candidate genes were probed with DNA from 89 colorectal adenocarcino-
mas, 55 colorectal polyps, 31 inflammatory bowel disease, 115 extracolonic



cancers, and 67 healthy tissues. The 20 most discriminating markers are
highly methylated in colorectal neoplasia (AUC > 0.8; P < 0.0001). Normal
epithelium and extracolonic cancers reveal significantly lower methylation.
Results are validated on an independent sample set by real-time PCR. The
discovered markers with high specificity for colorectal cancer have potential
as blood-based screening markers whereas markers that are specific for mul-
tiple cancers could potentially be used as prognostic indicators or biomarkers
for therapeutic response monitoring. The results clearly demonstrate that
DNA methylation microarrays in combination with the developed analysis
methods constitute a valuable tool for the discovery of novel epigenetic tumor
markers and DNA methylation research in general.

Keywords:
DNA methylation, Microarray, Data analysis, Colorectal cancer

iv



Zusammenfassung

Innerhalb der letzten Jahre hat das Interesse an epigenetischen Mecha-
nismen, insbesondere der DNA-Methylierung, dramatisch zugenommen. Die
fundamentale Bedeutung epigenetischer Veränderungen wurde insbesondere
in der Onkologie etabliert. Aberrierende DNA-Methylierung entsteht in ei-
nem frühen Stadium der Onkogenese, ist stabil und kann in Geweben und
Körperflüssigkeiten nachgewiesen werden. Daher können Gene mit aberrie-
render DNA-Methylierung Hinweise zum Verständnis von Signaltransdukti-
onswegen in Tumoren liefern und sind attraktive Kandidaten für die Detekti-
on früher neoplastischer Veränderungen. Allerdings wurde eine groß angelegte
Analyse von Kandidatengenen durch einen Mangel an Hochdurchsatzmetho-
den zur Methylierungsmessung gehemmt. Die Einführung des ersten Microar-
rays zur Messung von DNA-Methylierung hat dieses Problem gelöst indem es
die gleichzeitige Messung mehrerer hundert ausgewählter CpG-Dinukleotide
erlaubt. DNA-Microarray-Technologie hat bereits die Analyse von mRNA
Expression revolutioniert. Sie hat allerdings auch eine Unmenge statistischer
Probleme wie die der Qualitätskontrolle, der Markerselektion und der Klas-
sifikation in hochdimensionalen Datenräumen aufgeworfen.

In dieser Arbeit werden neuartige statistische Methoden zur Datenana-
lyse von DNA-Methylierungs-Microarrays entwickelt. Ausgehend von einem
einfachen generativen Modell des Microarray-Messprozesses werden Algorith-
men zur Normalisierung, Varianzstabilisierung und Bestimmung der DNA-
Methylierungsrate hergeleitet. Diese Vorverarbeitungsmethoden erlauben ei-
ne optimale Schätzung der DNA-Methylierungsmuster einer gegebenen Probe
aus den Microarray-Hybridisierungsintensitäten. Es wird eine Methodik zur
Qualitäts- und Prozesskontrolle eingeführt, die es erlaubt die Qualität indi-
vidueller Microarrays nur auf der Basis der eigentlichen Messwerte und ohne
zusätzliche replizierte Experimente zu bestimmen. Dies erlaubt systematische
experimentelle Fehler zuverlässig zu detektieren und damit die Datenqualität
zu erhöhen. Weiterhin wird gezeigt wie phenotypische Klassen auf der Basis
von Microarraymesswerten vorhergesagt werden können indem Verfahren der
Merkmalsselektion und Diskriminanzanalyse verbunden werden. Durch den
Vergleich verschiedener Merkmalsselektionsverfahren wird gezeigt, dass die
richtige Strategie zur Dimensionsreduktion von entscheidender Bedeutung für
eine gute Klassifikationsleistung ist. Die vorgestellten Methoden zur Quali-
tätskontrolle, Merkmalsselektion und Klassifikation sind so generisch, dass
sie sowohl auf DNA-Methylierungs- als auch mRNA-Microarrays anwendbar
sind.



Die entwickelten Methoden werden auf eine große Microarraystudie zur
Identifizierung von DNA-Methylierungsmarkern für Kolorektalkarzinome an-
gewandt. In dieser Studie wurden 43 Kandidatengene auf DNA von 89 kolo-
rektalen Adenokarzinomen, 55 kolorektalen Polypen, 31 chronisch entzündli-
chen Darmerkrankungen, 115 nicht kolorektalen Karzinomen und 67 gesun-
den Gewebeproben gemessen. Die 20 meistdiskriminierenden Marker sind
hochgradig methyliert in kolorektalen Neoplasien (AUC > 0.8; P < 0.0001).
Normales Epithelium und nicht kolorektale Karzinome zeigen signifikant ge-
ringere Methylierung. Die Resultate wurden mittels real-time PCR auf einem
Satz unabhängiger Gewebeproben validiert. Die entdeckten Markergene mit
hoher Spezifitaet für kolorektale Karzinome sind potentielle Marker für einen
blutbasierten Früherkennungstest. Markergene die spezifisch für mehrere Ar-
ten von Karzinomen sind könnten als prognostische Indikatoren oder Bio-
marker für die Therapieüberwachung benutzt werden. Die Resultate zeigen
klar, dass DNA-Methylierungsmicroarrays in Kombination mit den entwickel-
ten Analysemethoden ein äußerst wertvolles Werkzeug zur Entdeckung neuer
Tumormarker und zur Erforschung von DNA-Methylierung im Allgemeinen
darstellen.

Schlagwörter:
DNA-Methylierung, Microarray, Datenanalyse, Kolorektalkarzinom
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Chapter 1

Introduction

Tremendous progress has been made in molecular genetics since Watson and
Crick published the double helix structure of DNA in 1953 [165]. Fifty years
later the complete sequence of the human genome with its more than 3 billion
bases is known and the annotation of known and predicted genes is stabilizing
[84, 24].

Building on this knowledge scientific focus moves to understanding gene
function and regulation. A thorough understanding of how the DNA code
is interpreted and translated into RNA and proteins is especially essential
for biomedical research since many human diseases are associated with al-
terations in gene sequence, gene expression, protein structure and protein
modifications.

The focus of many genomic research studies is the investigation of messen-
ger RNA (mRNA) or protein concentration in cells and tissues under varying
conditions [67, 4, 105, 128]. A whole toolbox of new technologies has been
developed to facilitate time and cost efficient experiments in this area. One
of the technologies with the highest impact on modern research is the DNA
microarray. It enables investigators to measure mRNA expression of several
thousand transcripts in parallel. The rapid development of this technology
has resulted in large, complex datasets but statistical methods to analyze
them are not well established. A minimum consensus on how to solve the
most basic problems in microarray data analysis has evolved over the last
few years but most problems remain topics of active research [5].

The DNA sequence gives the blueprint for all possible states of a cell
in terms of sequences that could be transcribed into mRNA and translated
into proteins. RNA expression and protein analysis give a snapshot of this
cell state at one point in time. In between the DNA sequence information,
which is constant for an individual, and the amounts of generated mRNAs



2 Chapter 1. Introduction

and proteins which vary for every cell and over time, complex organisms have
an additional epigenetic layer of information.

The term epigenetics defines all meiotically and mitotically heritable
changes in gene expression that are not coded in the DNA sequence itself
[46]. Epigenetics can, for instance, explain why the different cell types of an
organism share identical DNA sequences but show broad morphological and
functional diversity.

Methylation of DNA is the most extensively studied of epigenetic mecha-
nisms, and is associated with a wide range of critical biological processes. In
this thesis we will develop statistical methods that will allow us to measure
and interpret DNA methylation patterns with the help of DNA microarrays.

1.1 DNA methylation

1.1.1 Biology

DNA methylation in vertebrates is a chemical modification of the cytosine
nucleotide in which the 5-carbon position is enzymatically modified by the
addition of a methyl group, such that cytosines can occur in a methylated or
unmethylated state (see Fig. 1.1). Methylation of cytosines in higher eukary-
otes occurs only in the sequence context of cytosine followed by guanine, a
CpG dinucleotide, and is the only genetically programmed DNA modification
in mammals.

The CpG dinucleotide is underrepresented in the human genome, likely
because methylated cytosines are prone to deamination producing thymine,
resulting in a G/T mismatch. This mutagenic property is postulated to have
driven CpG depletion during evolution. Most of the CpG dinucleotides in
the human genome are methylated (between 60-70%). However, CpG rich
clusters of between three hundred and several thousand base pairs, so called
CpG islands, are found close to the 5’ regulatory regions of many genes and
are generally not methylated. CpG islands that have a majority of their CpG
dinucleotides unmethylated are referred to as hypomethylated whereas islands
with a majority of methylated CpGs are called hypermethylated.

Hypermethylation of a CpG island is usually associated with transcrip-
tional silencing of the neighboring gene (see Fig. 1.2). The symmetrical
addition of the methyl group changes the appearance of the major groove of
the double helix and directly influences transcription by altering the bind-
ing of sequence specific transcription factors, repressors and insulators [47].
An indirect reinforcement of the transcriptionally silent state is mediated
by proteins that can bind to methylated CpGs. These proteins, which are
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Figure 1.1: The four plus one bases. The DNA double helix is composed of 4 bases:
adenine (A), thymine (T), cytosine (C), and guanine (G). Each base on one strand forms
a bond with just one kind of base on the other strand, called a “complementary” base:
A bonds with T, and C bonds with G. A special form of cytosine, the 5-methylcytosine,
carries the methylation information. In higher eukaryotes it only occurs in the sequence
context of guanine as CpG dinucleotide. The complementary CpG dinucleotides on the
two strands have usually identical methylation status.

called methyl-CpG binding proteins, recruit histone deacetylases and other
chromatin remodeling proteins that can modify histones, thereby forming
compact, inactive chromatin termed heterochromatin [73, 162]. However,
methylation does not cause transcriptional silencing in every case. When a
negative regulatory element such as a silencer is hypermethylated expression
of the associated gene can actually increase [91]. Furthermore, there is a
group of genes that appear not to be regulated by DNA methylation, since
their promoter regions are hypomethylated in all cell types independent of
transcriptional activity [13].

DNA methylation has been shown to play a key role in the following
genetic mechanisms:

• Tissue differentiation. Cell specific methylation plays a key role in the
differentiation of cell types [6, 108].

• Silencing of repetitive elements and endogenous transposons [173].

• X chromosome inactivation. The silencing of one X chromosome in all
human female cells is associated with DNA methylation. In this case
hypermethylation of the complete X chromosome acts synergistically
with a noncoding RNA from the Xist gene. Activity of the other X
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Figure 1.2: DNA methylation as an epigenetic switchboard for gene deactivation. The
figure depicts the DNA double helix of one chromosome in the cell nucleus with the
CpG methylation status symbolized by red (hypermethylated) and green (hypomethy-
lated) switches. In hypomethylated areas transcription factors can bind and transcribe
the respective gene into messenger RNA (mRNA) that in turn gets translated into a
protein. For most genes the hypermethylation of their associated CpG island results in
transcriptional silencing. In some cases hypermethylation of a negative regulating element
such as a silencer can result in transcriptional activation. In both scenarios DNA methy-
lation effectively turns on or off the transcription of a gene into mRNA and thus also
controls the generation of the associated protein.
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chromosome is ensured by transcriptional silencing of its Xist gene via
hypermethylation [127].

• Imprinting. Hypermethylation of either the paternal or maternal allele
causes asymmetric expression of some genes in a parent of origin specific
manner [133].

• Gene - environment interaction. It has been shown that DNA methy-
lation patterns are changed by environmental effects like exposure to
xenobiotics during mammalian development [102], different diets [164],
and stress [143].

Experimental evidence shows that DNA methylation is essential for em-
bryogenesis and development in mammals [132]. It is maintained and prop-
agated to new cell generations by DNA methyl transferases (DNMT) [12].
The exact mechanism of how methylation patterns are initially established
during implantation of the zygote and later regulated is still unknown.

1.1.2 Cancer diagnostics

The medical significance of DNA methylation is illustrated in a number of
human carcinomas, for which dramatic changes of DNA methylation patterns
have been reported for tumors compared to normal tissues or cells. The most
common alterations are a genome wide hypomethylation and gene specific
hypermethylation. Genome wide hypomethylation mainly affects repetitive
sequences in satellite DNA and centromeres causing a general loss of genome
stability [89, 125].

Silencing of tumor suppressor genes by promoter hypermethylation usu-
ally affects genes involved in DNA repair, detoxification, cell cycle regulation
or apoptosis [53, 74, 92, 54]. Knudson’s two hit hypothesis postulates that
for the development of a malignant cell both alleles of a tumor suppressor
gene have to be inactivated [97]. Promoter hypermethylation leading to gene
silencing can be one of those hits. Together with other events like mutation
or loss of heterozygosity (LOH) promoter hypermethylation can completely
deactivate a tumor supressor gene and cause malignancy of a cell [70]. Since
in contrast to genetic mutations, epigenetic alterations of tumor DNA are po-
tentially reversible they could be interesting targets for future therapeutics
[94, 46].

An application of DNA methylation that is realizable in the near future
is the development of biomarkers for diagnosis of cancer. In particular the
hypermethylation of specific tumor suppressor genes has considerable advan-
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tages compared to tumor markers based on single nucleotide polymorphisms
(SNPs), mRNA or protein analysis:

• Promoter hypermethylation occurs early in tumoro-genesis and can be
specific for certain tumor types.

• Hypermethylation of certain genes does not exist in normal cells. For
these markers hypermethylation is a distinct qualitative and specific
sign of malignancy and can be detected in a background of normal
cells with high sensitivity.

• Compared to mRNA and protein measurements methylation patterns
are very stable over time.

• Methylation is a chemically stable modification of DNA and is not
affected by typical histopathological treatments such as paraffin em-
bedding.

• Methylation can be absolutely quantified in relation to the total amount
of DNA. This enables easy comparison between different measurements.

• The methylation signal is easily amplifiable via PCR.

• In contrast to single nucleotide polymorphisms (SNPs) DNA methyla-
tion signals occur at distinct and well defined genomic locations.

Therefore DNA methylation analysis can be used for a variety of appli-
cations in cancer diagnosis. One is the classification of tissue samples taken
either from a biopsy of a suspicious lesion or from a surgically removed tu-
mor [1, 115, 117, 111]. Typical diagnostic questions that have to be answered
based on these tissue samples are:

• Malignancy
Is the tumor benign or malignant?

• Prognosis
How aggressive is the tumor? Will the patient have a relapse after
surgery?

• Prediction of therapy response
How will the tumor respond to a certain treatment? Is a particular
chemo-therapy necessary? How much will it improve the patient’s odds
for not having a relapse?
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Technically, fresh frozen or paraffin embedded tissue samples are the optimal
source material for methylation analysis since they provide sufficient amounts
of DNA that comes almost completely from the tumor tissue of interest. The
disadvantage is that these samples usually require an invasive procedure that
carries a certain risk, is unpleasant for the patient and of course that the
tumor has to be actually diagnosed and located.

Another application of DNA methylation analysis is the detection of can-
cer in remote samples. Due to their uncontrolled growth and high rate of
cell necrosis tumors can shed relatively high amounts of their DNA into body
fluids such as blood or urine [100, 159]. By using sensitive detection methods
that can identify methylated tumor DNA biomarkers in an excess of normal
DNA, it is possible to diagnose cancer based on a simple blood or urine sam-
ple test. This kind of analysis does not require any invasive procedure, is
very convenient for the patient, and therefore promises a high compliance in
screening programs aimed at asymptomatic populations. Since many cancers
are curable when detected early, population wide cancer screening promises
a dramatic reduction in mortality and is the most promising way for fighting
this disease.

A third application of DNA methylation in cancer diagnostics is the iden-
tification of patients that are at risk of developing a cancer over the course
of their lives. This kind of predisposition can be caused by a loss of imprint-
ing (LOI). An example is the gene Insulin Growth Factor II (IGF2) that is
usually methylated on the maternal allele - resulting in expression of only
the paternal allele. The loss of maternal imprinting is found in children with
Wilms tumors [124] and it has been shown that loss of IGF2 imprinting in-
creases the risk to develop colorectal cancer [36, 35]. Since LOI is a defect
that arises during germline development, it is present in all patient cells and
can be conveniently detected in blood.

In this thesis we will present data from different areas of cancer diag-
nostics. The final part of the thesis will focus on the identification of DNA
methylation markers for the early detection of colorectal cancer.

1.1.3 Measurement of DNA methylation

For the analysis of DNA methylation, sensitive and quantitative methods are
needed to detect even subtle changes in the degree of methylation, as biolog-
ical samples often represent a heterogeneous mixture of different cells, e.g.
tumor and non-tumor cells. A variety of techniques for the study of DNA
methylation have been developed over the last years [61, 99, 149, 139]. All
methods have different advantages and disadvantages with regard to quan-
titative accuracy, sensitivity, genome coverage and precise investigations of
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individual CpG positions (see Fig. 1.3). Therefore the choice of method
mainly depends on the desired application. DNA methylation measurement
techniques can be roughly classified into methods analysing the total amount
of methylcytosine in a sample, those based on methylation sensitive enzy-
matic digestion of genomic DNA and those relying on bisulphite conversion.

One of the most widely used techniques for the monitoring of global
changes in the methylation level is HPLC following a quantitative hydrol-
ysis of the DNA sample to single nucleotides [48]. Increased sensitivity with
smaller amounts of DNA can be achieved by capillary electrophoresis or mass
spectrometry [62, 7, 63]. In situ hybridisation methods with methylcytosine
specific antibodies allow the detection of methylated sequences on a cell to
cell basis [114]. However, since global methylation analysis is per definition
completely unspecific it is not usable for most diagnostic purposes.

Traditionally methylation patterns have been analyzed by digestion of ge-
nomic DNA with methylation sensitive restriction endonucleases and subse-
quent detection by Southern blotting or PCR amplification [141]. Restriction
landmark genomic scanning (RLGS) permits the genome wide quantitative
assessment of epigenetic alterations between samples by digestion with a
methylation sensitive enzyme and subsequent radio labeling of the created
endonuclease sites [31, 137]. Differential methylation is analysed by com-
paring spot intensities on a two dimensional gel. Methods like methylated
CpG island amplification [150], methylation sensitive arbitrarily primed PCR
[68] and differential methylation hybridization [171] compare genome wide
methylation patterns between two samples or two pools of samples. They
are based on the restriction digest of DNA with methylation sensitive en-
zymes, followed by size fragmentation, PCR amplification and comparative
analysis of hybridisation patterns to a microarray with DNA probes for CpG
islands or gel spot patterns. Due to their dependence on restriction sites
accessible to methylation sensitive restriction enzymes, only CpG sites found
within these sequences can be analyzed and incomplete cleavage may give
rise to false positive results. Nevertheless restriction based analysis methods
are an excellent tool for the genome wide discovery of CpG sites that are
differentially methylated for a given diagnostic question.

The introduction of sodium bisulphite conversion of genomic DNA has
revolutionized the field of DNA methylation analysis [64]. Bisulphite treat-
ment of genomic DNA samples results in the hydrolytic deamination of non-
methylated cytosines to uracils, while methylated cytosines are resistant to
conversion [163]. After PCR amplification the methylation status at a given
position is manifested in the ratio C (former methylated cytosine) to T (for-
mer nonmethylated cytosine) and can be analyzed as a virtual C/T poly-
morphism in the bisulphite treated DNA.
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A B

Figure 1.3: Principles of DNA methylation analysis. A genomic DNA sample usually
consists of a heterogeneous mix of DNA molecules that are derived from many different
cells. In this figure, each horizontal bar represents an entire double stranded haploid
genome. Eight such haploid genomes are aligned above each other. Circles represent
cytosine residues in context of CpG dinucleotides on the top or bottom strand of the DNA
double helix. Methylated cytosines are represented by red circles, unmethylated cytosines
by gray circles. DNA methylation analysis methods measure either each individual CpG
methylation status (cloned bisulphite sequencing), the amount of methylated cytosines
at one CpG position - e.g. the number of red dots in column A (methylation sensitive
restriction methods, direct bisulphite sequencing, methylation microarrays), the amount
of specific cytosine methylation patterns at one set of CpG positions - e.g. the number of
completely red blocks in columns B (MSP, methylation microarrays) or the overall amount
of cytosine methylation - i.e. the total number of red dots (global methylation analysis).
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A commonly applied method for the assessment of the methylation status
is either direct sequencing or sequencing of subclones of bisulphite treated
DNA [64, 95]. It is so far the only method that allows a thorough analysis
of multiple, closely neighboring CpG positions. Cloned bisulphite sequenc-
ing can be regarded as the gold standard of methylation analysis since it
enables the measurement of the methylation status of every individual CpG
dinucleotide in a sample (see Fig. 1.3). However, cloning is extremely labor
intensive and costly and thus not suitable for large numbers of samples or
genomic locations. Direct bisulphite sequencing is an efficient alternative but
has relatively low accuracy and sensitivity [101].

Another popular method for the analysis of bisulphite converted DNA is
methylation-specific PCR (MSP). It permits the amplification of small blocks
of CpG sites with three pairs of primers for amplification, complementary to
the methylation pattern of interest (either methylated, nonmethylated or a
mixture) as well as a control for complete bisulphite conversion [75]. The
main advantage of MSP is the high sensitivity that enables the detection
of the target allele in the presence of a huge excess of other alleles and the
detection of differentially methylated positions in body fluids [75, 55]. The
biased amplification makes quantitation in a variable background difficult.
Quantitation is improved by fluorescence based real-time PCR assays like
MethyLight [45] or HeavyMethyl [32].

The detection method this thesis will focus on is the analysis of bisul-
phite converted DNA by hybridization onto microarrays[66, 1, 115]. In this
technology selected genes are amplified by PCR from the bisulphite treated
DNA using fluorescently labeled primers. Unmethylated CpG dinucleotides
are converted to TG and originally methylated CpG sites are conserved.
Pairs of PCR primers are multiplexed and designed complementary to DNA
segments containing no CpG dinucleotides. This allows unbiased amplifica-
tion of many alleles in one reaction. All PCR products from an individual
sample are then mixed and hybridized to glass slides carrying a pair of im-
mobilized oligonucleotides for each CpG position. Each of these detection
oligonucleotides is designed to hybridize to the bisulphite converted sequence
around a specific CpG site which was originally either unmethylated (TG)
or methylated (CG). Hybridization conditions are selected to allow the de-
tection of the single nucleotide differences between the TG and CG variants.
Oligonucleotide hybridization intensities can then be used to derive the pro-
portion of methylated CpG dinucleotides at the respective genomic locations.
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1.2 Analysis of DNA microarray data

1.2.1 Microarray technology

A DNA microarray (also referred to as gene chip, DNA chip, or simply just
chip) is a collection of multiple DNA segments attached to a solid surface,
such as glass, plastic or silicon chip forming an array for the purpose of mea-
suring DNA or mRNA concentrations. The affixed DNA segments are known
as probes (also referred to as oligomeres or spots), thousands of which can
be used in a single DNA microarray [146]. Each probe is designed to match
a specific sequence of the target DNA or mRNA transcript. By observing
the hybridization intensities of extracted and fluorescently labeled DNA or
mRNA from a biological specimen binding to these probes it is possible to
look at the sequence, the methylation status or the mRNA expression level
of thousands of genes at once. Therefore DNA microarrays are one of the
most popular technologies in molecular biology today [105]. Applications of
microarray technology include marker identification, tissue classification, and
discovery of new tissue subtypes [67, 4, 1].

There are two principle types of DNA microarrays. In two channel mi-
croarrays (sometimes for historic reasons also referred to as spotted microar-
rays, even though both types of microarrays can be spotted), the probes
are synthesized oligonucleotides, cDNA (reverse transcribed DNA copies of
mRNA) or small fragments of PCR products corresponding to mRNAs. This
type of array is typically hybridized with cDNA from two samples to be
compared (e.g. patient and control) that are labeled with two different fluo-
rophores. The samples can be mixed and hybridized to one single microarray
that is then scanned, allowing the visualization of up- and down-regulated
genes in one experiment [140]. In single channel microarrays, the probes are
usually oligonucleotides that are designed to match parts of the sequence of
known or predicted mRNAs. These microarrays give estimations of the ab-
solute value of gene expression and the comparison of two conditions requires
the use of two separate microarrays [60].

Recently it has been shown that microarrays can also be used to de-
tect DNA methylation and that results are comparable to mRNA expression
analysis [66, 1, 115].

1.2.2 Preprocessing

Prior to the biological interpretation of the data a number of preprocessing
transformations are usually applied to the raw measurement values from a
microarray experiment. The major goals of these preprocessing steps are the
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minimization of noise caused by technical variations or systematic errors and
the transformation of the data into a format suitable for analysis.

Normalization

Typically, the first transformation applied to mRNA expression data is nor-
malization. It adjusts the individual hybridization intensities to balance them
appropriately so that meaningful biological comparisons can be made. There
are a number of reasons why data should be normalized, including unequal
quantities of starting RNA, differences in labeling or detection efficiencies
between the fluorescent dyes used, differences in hybridization or detection
efficiencies between microarrays, and systematic biases in the measured ex-
pression levels. There are many approaches to normalizing expression levels.
The simplest, total intensity normalization, assumes that the total amount
of mRNA in all samples is constant. It removes between array bias by rescal-
ing the hybridization intensities of all microarrays to have identical median
or mean [146, 131, 5]. Quantile normalization makes the even stronger as-
sumption that the distribution of mRNA concentrations is constant for every
sample and homogenizes array intensity distributions accordingly [146, 131].
Since mRNA levels in cells are generally not constant, some methods use only
a subset of genes (so called house-keeping genes) that are assumed to have
constant expression levels. There are a number of alternative approaches
such as linear regression, rank invariant methods [146], Chen’s ratio statis-
tics [26], centralization [174], or lowess normalization [42, 131]. Some meth-
ods not only remove between array bias but also address other systematic
sources of errors coming from different dyes, spotting robots, spotting pins
etc [42, 172, 131, 146].

Since in contrast to theoretically unlimited mRNA concentrations DNA
methylation is a proportion of a fixed DNA amount all these methods are
not directly applicable to DNA methylation chips and have to be adapted.
In this thesis we will introduce a form of total intensity normalization that
takes advantage of the methylation array specific complementary detection
probes for methylated and unmethylated DNA.

Variance stabilization

Many traditional statistical methodologies, such as regression or the anal-
ysis of variance, are based on the assumptions that the data are normally
distributed (or at least symmetrically distributed), with constant variance
not depending on the mean of the data. If these assumptions are violated,
the statistician may choose either to develop some new statistical techniques
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that account for the specific ways in which the data fail to comply with the
assumptions, or to transform the data. Where possible, data transformation
is generally the easier of these two options [18, 135].

Microarray data fail rather dramatically to conform to the canonical as-
sumptions required for analysis by standard techniques. They show a strong
dependency between average hybridization intensity and variance [134]. It is
therefore common practice to log transform microarray data prior to analysis
[142, 5, 146]. However, the simple log transformation is unable to stabilize
the variance for low intensity measurements due to the influence of additive
noise components in this regime. Several authors have proposed the use of a
generalized log transformation to address this problem [44, 80].

In this thesis we will derive and compare DNA methylation scores based
on the simple log transformation as well as an adapted version of the gener-
alized log transformation.

Calibration

Since nRNA and DNA concentrations are proportional to the observed hy-
bridization intensities microarrays can be used to compare concentrations
between different biological specimens. However, intercept and slope of the
linear relation between concentrations and hybridization intensities are dif-
ferent for every oligonucleotide, vary with experimental conditions and are
generally difficult to determine. An absolute quantification of DNA or mRNA
concentrations is therefore not trivial and requires some form of calibration.
Recent approaches calculate absolute mRNA expression levels based on pa-
rameter estimations from control measurements with spiked mRNA [50].

In this thesis we derive a method for the accurate estimation of DNA
methylation proportions based on a small number of global calibration mea-
surements of artificially methylated and unmethylated DNA.

1.2.3 Quality control

Despite the popularity of microarray technology, there remain serious prob-
lems regarding measurement accuracy and reproducibility. Considerable ef-
fort has been put into the understanding and correction of effects such as
background noise, measurement signal noise on a slide and different dye ef-
ficiencies [22, 152, 42, 5, 142, 146]. When error sources are systematic and
known one can try to reduce noise by normalization. However, it has not
been clear until now how to handle variations between single slides and sys-
tematic alterations between slide batches if the error sources are not known
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a priori since the above discussed normalization methods are not applicable
in this case.

Between slide variations are so problematic because it is difficult to ex-
plicitly model the numerous different process factors that may distort the
measurements. Some examples are concentration and amount of spotted
probe during array fabrication, the amount of labeled target added to the
slide and the general conditions during hybridization [152]. Other common
but often neglected problems are handling errors such as accidental exchange
of different probes during array fabrication [96]. These effects can arbitrarily
affect single slides or whole slide batches. The latter is especially dangerous
because it introduces a systematic error and can lead to false biological con-
clusions if confounded with phenotype annotations or treatment conditions.

There are several ways to reduce between slide variance and systematic
errors. Removing obvious outlier chips based on visual inspection is an easy
and effective way to increase experimental robustness. A more costly alterna-
tive is to do repeated chip experiments for every single biological sample and
obtain a robust estimate for the average signal. With or without chip rep-
etitions randomized block design can further increase certainty of biological
findings.

In this thesis we will introduce methods to better control the stability of
the microarray production process. Process stability control is well known
in many areas of industrial production where multivariate statistical process
control (MVSPC) is used routinely to detect significant deviations from nor-
mal working conditions. The major tool of MVSPC is the T 2 control chart,
which is a multivariate generalization of the popular univariate Shewhart
control procedure [112, 116]. We will show how this methodology can be
adapted for the quality control of high dimensional microarray data.

1.2.4 Data interpretation

After the raw microarray data has been preprocessed and quality approved
actual biological interpretation of the data can begin. Data interpretation
methods fall into two general groups depending on the use of data annota-
tions. Unsupervised methods ignore sample and gene annotations and just
identify common patterns in the measurement data. Supervised methods on
the other hand directly use data annotations like gene or sample classifica-
tions in combination with the measurement data itself to answer biological
questions. All analysis methods can be applied to either gene or sample
profiles.
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Clustering

Clustering algorithms are unsupervised methods that group gene or sample
profiles according to their similarity. Similarity is defined by a distance func-
tion, e.g. Euclidean distance, Manhattan distance or Pearson correlation.
Hierarchical clustering methods group profiles in a tree diagram (dendro-
gram) so that similar gene or sample profiles are connected to each other
[109, 49]. Partitional clustering methods like k-means clustering [41] or vec-
tor quantization identify a number of typical prototype profiles (also referred
to as cluster centers or codebook vectors) each representing one cluster. All
measurement profiles are then assigned to one of these clusters. Since clus-
tering is not hypothesis driven it is a purely exploratory analysis method.
It can be used to generate new hypotheses about gene or tissue subclasses
[49, 67].

In this thesis we will use hierarchical clustering to explore the methylation
patterns of colon tissue and colorectal neoplasia.

Dimension reduction

Dimension reduction algorithms project high dimensional gene or sample pro-
files into a lower dimensional subspace. They can be used for visualization
purposes (usually a projection into 2 or 3 dimensions) or for preprocessing
purposes (e.g. prior to classification algorithms). Most dimension reduction
methods are unsupervised and do not take gene or sample information into
account. Principle component analysis (PCA) projects data into an orthogo-
nal subspace while retaining a maximum amount of variance [109]. Methods
like independent component analysis (ICA) [9] or factor analysis [109] can
also project into non-orthogonal subspaces. Correspondence analysis (CA) is
able to generate a projection into a lower dimensional subspace while retain-
ing associations between genes and samples [59]. Multi dimensional scaling
(MDS) [109] and self organizing maps (SOM) [98, 67] are popular methods
that embed high dimensional data into lower dimensions while retaining the
original data topology.

There are also some methods like principle component regression, canon-
ical correlation analysis (CCA) [109, 170] and partial least squares (PLS)
[123, 122] that combine dimension reduction with supervised data interpre-
tation tasks like classification or regression.

In this thesis we will use different variations of principle component anal-
ysis to derive algorithms for microarray quality control and feature selection.



16 Chapter 1. Introduction

Hypothesis testing and marker selection

The most common task in microarray data analysis is the identification of
genes that are differentially expressed in two sample sets with different phe-
notypic attributes (e.g. normal and cancer tissues). A gene is differentially
expressed if the mRNA expression levels of the samples from one set are
on average higher than in the other set. Differentially expressed genes are
referred to as mRNA markers. In analogy to expression we will call differen-
tially methylated genes or CpG positions methylation markers.

The major problem of marker selection is to distinguish between real
differential expression and differences in sample averages that are simply
caused by chance. A variety of statistical tests exist to address this problem.
They all compute the probability for the null hypothesis that an observed
difference in sample sets has occurred randomly. If this probability is small
the null hypothesis can be rejected and the respective gene has significant
differential expression. The most commonly used test is Student’s t-test.
It has the disadvantage that it relies on the normal distribution of the two
sample classes. A popular non-parametric alternative is the Wilcoxon or
Mann-Whitney test [57]. For experimental settings where more than two
classes have to be compared, analysis of variance (ANOVA) or the non-
parametrical Kruskall-Wallice test are used [30].

A fundamental problem of microarray data analysis is the high data di-
mensionality - thousands of genes are measured in parallel. For the identifica-
tion of differentially expressed genes that means several thousand hypotheses
have to be tested in parallel resulting in a huge multiple testing problem. The
significance level of each individual gene has to be corrected for the fact that
there are several thousand chances of generating a false positive result. A
variety of methods exist to address this problem [43, 157, 146]. A simple
approach is the Bonferroni correction. However, it is very conservative and
sacrifices a certain amount of statistical power. More practical and widely
used approaches are the re-sampling method of Westfall and Young [167] and
the false discovery rate (FDR) approach of Benjamini and Hochberg [11].

In this thesis we will use a multivariate generalization of the t-test to
define control limits for microarray quality control. We will also use the t-
test and the Wilcoxon test at several points for feature and marker selection.

Classification and Regression

One of the most important applications of microarray analysis is the pre-
diction of phenotypical sample properties from mRNA expression or DNA
methylation levels. Typical diagnostic applications are prediction of tissue
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malignancy [166, 39], tumor type [67, 1] or treatment response [111, 144, 126].
Classification and regression are supervised learning problems. From a given
set of annotated examples (training set, e.g. mRNA expression data with
classification into normal and tumor samples) a prediction rule has to be
learned. In the case of a classification problem the class of unknown samples
or genes can then be predicted by the learned prediction rule. In the case
of a regression problem it is a continuous value (e.g. patient survival time)
that can be predicted.

A rich literature on classification and regression algorithms exists [14, 109,
158, 27, 41]. Popular classification algorithms for microarray data analysis
are Fisher’s linear discriminant, k nearest neighbor methods, neural networks,
classification trees and support vector machines [10, 168, 23, 65].

In addition to classical statistical regression methods like linear regression,
generalized linear regression, principle component regression and partial least
squares (PLS) some classification algorithms like neural networks and sup-
port vector machines can be generalized to perform regression [14, 158, 41].
A special case of regression that is particularly important for diagnostic ap-
plications is a set of methods that can work with censored data. This problem
typically arises when observing the survival time of patients after a certain
treatment. For many patients monitoring until death is not possible. They
will only be monitored for a certain time until they leave the study for vari-
ous reasons. Cox regression is the most widely used method for this kind of
incomplete data [33, 148, 126].

The major problem of all classification and regression algorithms for DNA
methylation and mRNA expression data analysis alike is the high dimension
of the input space with hundreds or thousands of genes as compared to the
usually small number of available samples. Even the support vector machine
algorithm that is designed to overcome this problem still suffers from these
extreme conditions. Therefore selection of a minimal set of genes or features
with optimal predictive power is of crucial importance for good performance.
A wide variety of feature selection approaches exist in the statistical and
machine learning literature [14, 16, 168, 10]. One common approach is to
construct or rank features independent of the learning machine that does
the actual classification. These algorithms are called filter methods [16].
Another approach is to use the learning machine itself for feature selection.
These techniques are called wrapper methods and try to identify the features
that are important for the generalization capability of the machine [16].

There is a close relationship between the problems of marker and feature
selection. A differentially expressed or methylated marker can always be used
as a feature for a classifier and will have some predictive power. However,
there might be other markers that have as good or even better classification
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performance. On the other hand not every valuable feature has to be a
marker. One can construct theoretical examples of features that combined
give perfect classification but individually show no difference between classes
(e.g. an exclusive OR combination of two genes). Generally marker selection
aims at finding a set of genes that individually give the best univariate class
separation whereas feature selection aims at finding the set of genes that as
a multivariate classifier give optimal classification performance.

In this thesis we will show that simple differential methylation filters like
the Fisher criterion [14] constitute very powerful feature selection methods
and give excellent classification performance on DNA methylation data when
combined with a support vector machine.

1.3 Objectives and outlook
The objective of this thesis is to establish statistical methods that enable
researchers to use DNA microarrays to measure DNA methylation and draw
meaningful biological conclusions.

In chapter 2 we introduce a generative model for the microarray measure-
ment process and derive optimal preprocessing methods for the quantification
of DNA methylation from observed hybridization intensities. In chapter 3
we focus on quality control and develop statistical methods to identify and
avoid experimental errors in large-scale microarray studies. Chapter 4 shows
how DNA methylation microarrays can be used to reliably classify tumor
tissue samples by combining feature selection methods and support vector
machine classifiers. Chapter 5 applies the developed methods and demon-
strates how DNA methylation microarrays can be used to identify markers
for the early detection of colorectal cancer. Finally chapter 6 discusses the
presented results.



Chapter 2

Measuring DNA methylation
with oligonucleotide
microarrays

In this chapter algorithms will be derived that take the raw hybridization
intensity signals from a methylation specific oligonucleotide microarray and
use them to quantify the proportion of methylated DNA strands in a given
biological sample for a specific CpG position.

The process of measuring DNA methylation consists of several biotechni-
cal steps in the laboratory. On the one hand the biological specimen has to
be prepared to actually make DNA methylation visible and to amplify the
signal. On the other hand the DNA microarray as the measurement device
has to be prepared to facilitate the CpG dinucleotide specific quantitation of
methylation.

After biological sample and DNA microarray are independently prepared
they are brought together in the hybridization step. During this step the
different CpG dinucleotide specific probes on the microarray react with the
amplified sample resulting in methylation specific signals on the microarray.
These methylation signals can then be read by an optical scanner providing
the input for the analysis algorithms. Fig. 2.1 gives an overview of the whole
measurement process.

The following sections will give an overview of the biotechnical process
steps, quantify the measurement process with a generative statistical model
and finally derive algorithms to estimate methylation.
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Figure 2.1: Overview of microarray based DNA methylation measurement process. The
top row of grey boxes represents the main physical components of the microarray mea-
surement process: the original patient sample to be measured, the raw glass slide, PCR
primers and detection oligonucleotides. These components are processed and combined in
several steps shown as white boxes. In the last step the finished microarray containing the
final signals is scanned and can then be analyzed.
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2.1 Measurement process

2.1.1 Sample preparation
Most of the time the biological specimen that have to be analyzed are tissue
samples. Typical examples are biopsies of a surgically removed tumor, parts
of normal tissue adjacent to a removed tumor or blood.

DNA extraction

The first process step for any kind of tissue sample is the extraction of the
DNA. In order to do this the cell boundaries have to be crushed and the
DNA has to be separated from all the other cell components. The concrete
protocols for doing this vary and depend on the type of tissue sample. How-
ever, the two most important factors influencing the measurement quality
are always amount and degradation of the extracted DNA.

DNA degradation describes the problem that DNA strands can break
during sample preparation impeding the following amplification step. For
the typically used fresh tissue samples DNA degradation is not a problem.
However, it becomes a critical factor when using paraffin embedded tissue
[145].

The amount of extracted DNA NDNA simply describes the number of
DNA strands available for analysis. For a given CpG position p a cer-
tain number NDNA+

p of strands will be upmethylated and a certain number
NDNA−

p will be downmethylated. However, independent of the CpG position
p their sum is always the total amount of DNA

NDNA = NDNA+
p + NDNA−

p .

Note that the two complimentary DNA strands from the same allele have
identical methylation. Depending on which DNA strands our detection tech-
nology measures we count only 3’ or 5’ strands or both. In the later case
NDNA, NDNA+

p and NDNA−
p would all be even numbers.

What we want to estimate from our DNA sample is mp, the expected
proportion of methylated DNA in a certain tissue of interest at CpG position
p. Given our DNA sample the obvious way to estimate mp is to simply
compute the proportion of methylated DNA

m̂p =
NDNA+

p

NDNA
= 1−

NDNA−
p

NDNA
=

NDNA+
p

NDNA+
p + NDNA−

p

. (2.1)

In practice there will always be a difference between the observed methylation
rate m̂p and the expected methylation rate mp of the pure tissue of interest.
This difference is caused by the following two sampling processes.
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On the lowest level there is the process of DNA sampling. Given a ho-
mogeneous tissue consisting of an infinite number of cells, NDNA strands get
selected as specimen. In a pure tissue sample each of these alleles is with
probability mp methylated at CpG position p. The probability of observing
a certain methylation rate m̂p is given by the following binomial distribution

P (m̂p) =

(
NDNA

m̂pNDNA

)
mm̂pNDNA

p (1−mp)
(1−m̂p)NDNA

. (2.2)

The estimator m̂p is unbiased and has a standard deviation of
√

mp(1−mp)

NDNA

[21].
In the current microarray process implemented at Epigenomics the re-

quired minimum amount of DNA is 10 ng per sample and PCR reaction (see
section on PCR below). Assuming a weight of 0.004 ng for one allele of hu-
man DNA this corresponds to 2500 different 5’ or 3’ strands. That means
the standard deviation of the methylation estimate is bounded by

SDV [m̂p] =

√
mp(1−mp)

2500
≤
√

0.52

2500
= 0.01,

which is neglectable for most practical purposes. However, it should be noted
that for applications that measure paraffin embedded tissues or body fluids
the amount of target material can be considerably lower and DNA sampling
becomes a critical issue.

Unfortunately in practice the fewest tissues are homogeneous. A real
tumor sample for instance can consist of 90% fat or adjacent normal tissue
and only as few as 10% tumor cells. The tumor cells themselfes can also be
highly inhomogeneous and represent different pathological subtypes. This
inhomogeneity of real tissues results in the problem of tissue sampling. Bias
and variance of m̂p introduced by tissue sampling can be very severe and
depend on the concrete tissue type, method and quality of surgery and quality
of pathological analysis and dissection. It is hard to estimate and remains as a
major noise component in the data. The only way to avoid bias and variance
caused by tissue sampling is by doing micro dissection. With this method
single tissue cells of interest are selected under the microscope. Although
it can improve data quality dramatically, it is very labor intensive, needs
special equipment and produces only small amounts of DNA.

Bisulphite treatment

Because methylation is a relatively minor modification of DNA it is practi-
cally invisible for all classical methods of DNA analysis, particularly PCR
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Figure 2.2: Cytosine conversion by bisulphite treatment. The double-stranded genomic
DNA from the original patient sample is first separated into individual strands (denat-
uration). Then all Cytosines (blue symbols) that are not protected by a methyl group
(grey molecules) are converted to Uracil which looks like Thymidine (red symbols) to
the TAQ-Polymerase. Note that Cytosines can only be methylated in CpG context (i.e.
the C is followed by a G). After bisulphite treatment all unmethylated Cytosines in the
two DNA strands are converted to Thymidines. The two DNA strands are therefore not
complimentary anymore.

and hybridization. After the DNA is extracted its methylation signature has
therefore to be converted into sequence information that is visible to the
following steps of the measurement process. This is achieved by treating
the extracted genomic DNA with bisulphite which converts all unmethylated
Cytosines into Urazil. The Urazil molecule in turn is read by the following
PCR amplification as Thymidine. This results in an effective translation of
all unmethylated Cytosines into Thymidine. Fig. 2.2 shows an example of
the complete conversion process. Note that the two DNA strands are not
complementary anymore after bisulphite treatment.

Control experiments performed at Epigenomics indicate that the bisul-
phite conversion is not always perfect. Depending on the sequence context
and resulting secondary structures of the DNA the bisulphite reaction can
be inhibited. This can result in bisulphite DNA strands with unmethylated
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Cytosines which would create a bias toward upmethylation in the following
measurement procedure. However, in almost all cases bisulphite conversion
rates are above 95%. Therefore we will ignore imperfect conversion here.

PCR

After the methylation signal of the target DNA is made visible as sequence
alteration by bisulphite treatment it has to be amplified with the polymerase
chain reaction (PCR). PCR generates an exponential amount of copies of
small stretches of DNA specified by a forward and a reverse primer. In the
same reaction it also attaches a flouorecent label to the generated copies.
See Fig. 2.3 for a detailed explanation of PCR. Note that methylation in-
formation is not copied by PCR since the polymerase does not discriminate
between methylated and unmethylated Cytosines. Only the bisulphite in-
duced sequence changes remain after amplification.

The primers for PCR are designed such that they do not contain any CpG
sites. In this way it is assured that there is no bias in amplifying methylated
or unmethylated DNA.

The small excerpts of DNA copied by PCR are called fragments. The
specific set of fragments generated by one PCR on one DNA sample is called
amplificate. It represents the amplification of one specific genomic region
defined by the respective primer pair. The term amplificate is therefore
often used in a more abstract meaning as a synonym for the genomic region
itself.

For the standard microarray process at Epigenomics 64 of these amplifi-
cates with a length between 100 and 800 base pairs are used. The design of
these amplificates is an essential step in the experimental design and has to
focus on genomic regions (usually promotor areas of genes or adjacent CpG
islands) with known importance to the biological question of interest. Note
that PCR primers can be designed for both bisulphite DNA strands resulting
in 2 different possible amplificates. See Fig. 2.6 for an example. The a priori
information about interesting genomic regions can either come from specific
whole genome discovery experiments [31, 68] or from the literature.

Performing all 64 PCR reactions per sample individually would be far
too labor intensive. Instead one can perform several PCR amplifications in
one reaction by pooling the primer pairs. The choice of the primer pairs
to pool for this multiplex PCR (mPCR) is non-trivial and has to be opti-
mized in order to minimize cross-reactivity between the different primers and
amplification products [136].

In the microarray process currently implemented at Epigenomics primers
are pooled to 8-plexes. To generate the full set of 64 amplificates 8 of these
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Figure 2.3: Polymerase chain reaction (PCR). The PCR reaction consists of a series of
25 to 35 cycles. Each cycle consists of three steps. (1) The double-stranded genomic or
partially double-stranded bisulphite converted DNA has to be heated to 94-96C in order
to separate the strands. This step is called denaturing; it breaks apart the hydrogen bonds
that connect the two DNA strands. Prior to the first cycle, the DNA is often denatured for
an extended time to ensure that both the template DNA and the primers have completely
separated and are now single-strand only. Time: 1-2 minutes. (2) After separating the
DNA strands, the temperature is lowered so the primers can attach themselves to the
single DNA strands. This step is called annealing. The temperature of this stage depends
on the primers and is usually 5C below their melting temperature (45-60C). A wrong
temperature during the annealing step can result in primers not binding to the template
DNA at all, or binding at random. Time: 1-2 minutes. (3) Finally, the TAQ-Polymerase
has to fill in the missing strands. It starts at the annealed primer and works its way along
the DNA strand. This step is called elongation. The elongation temperature depends on
the TAQ-Polymerase. The time for this step depends both on the TAQ-Polymerase itself
and on the length of the DNA fragment to be amplified. As a rule-of-thumb, 1 minute per
1000 base pairs. There is one primer for each of the two complimentary strands. Every
cycle each primer initiates the generation of a new complimentary strand starting from
its own binding site towards the 3’ end. Both primers together result in an exponential
amplification of the DNA fragment between them.
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Figure 2.4: Gel electrophoresis for mPCR control. Lane 1: 100 bp marker; Lane 2-11:
multiplex PCR performance of one primer set on 10 test samples. Lane 12: positive
control (Promega DNA), Lane 13: H2O control. Each of the 10 test samples is checked for
presence of all amplification products. This is done by comparing the bands between the
test samples and the positive control (Promega DNA). In this example samples C235A
and C312A show insufficient amplification.

8-plex mPCRs are performed for each sample. Because the mPCR reactions
are so complex and depend heavily on DNA quality each individual ampli-
fication result is controlled for presence of desired amplificates and absence
of undesired byproducts by gel electrophoresis. See Fig. 2.4 for an exam-
ple. However, gel electrophoresis is only a very crude control. Because of
its limited resolution with regard to different amplification products there
remains still a high likelihood of undetected additional byproducts or miss-
ing amplificates. Although additional byproducts may later cause undesired
cross-hybridization signals (see Section 2.2.3) they are not as critical as miss-
ing amplificates. An only weakly amplified fragment will cause a more noisy
methylation estimate later on. A completely missing fragment will cause an
undefined methylation measurement in the later process steps and result in
an outlier.

A practical approach to at least detect amplificates with a high likelihood
of failure is to perform capillar electrophoresis measurements on a set of
randomly selected samples. See Fig. 2.5 for an example. Amplificates with a
high likelihood of failure can then be excluded from the later analysis steps.
However, with the current technology it is not possible to avoid a considerable
amount of noise and outliers caused by different amplification efficiencies and
completely failing amplifications.

In the following we will assume a perfectly unbiased and efficient PCR
resulting in identical proportions of bisulphite converted methylated DNA
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Figure 2.5: Capillar electrophoresis for mPCR control. Each row represents the mPCR
product of a individual test sample or control (sPCR - mix of single PCR products, up-
Prom - artificially upmethylated Promega DNA, downProm - artificially downmethylated
Promega DNA). The sPCR row shows the amplificate peaks that should be present. In
the regular mPCR samples additional peaks corresponding to unwanted byproducts can
be observed. However, the main quality control criteria is the presence of all 8 single PCR
peaks in the multiplex PCR products of the test samples.
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before and after amplification. With 100% PCR efficiency the number of
total fragments NPCR after nC PCR cycles is given as

NPCR = 2nCNDNA.

Since the methylation pattern was translated into simple sequence informa-
tion and the PCR primers themselfes do not cover any CpG sites we can
assume unbiased amplification of all methylation patterns. Therefore the
numbers of originally methylated and unmethylated fragments for a given
CpG position p are NPCR+

p = 2nCNDNA+
p and NPCR−

p = 2nCNDNA−
p re-

spectively. According to Eq. 2.1 the proportion of methylated DNA can be
estimated as

m̂p =
NDNA+

p

NDNA+
p + NDNA−

p

PCR
=

2nC

2nC

NDNA+
p

NDNA+
p + NDNA−

p

=
NPCR+

p

NPCR+
p + NPCR−

p

.

(2.3)
Ignoring outliers caused by not working amplifications m̂p is still distributed
according to Eq. 2.2.

2.1.2 Microarray preparation
Bisulphite treatment converts the methylation signal to a change in DNA se-
quence. Unmethylated CpG positions are converted to TpG, whereas methy-
lated CpG positions remain unchanged. PCR amplifies this methylation de-
pendent sequence alteration for DNA fragments of interest and attaches a
fluorescent label. DNA methylation can now be measured by designing oligo
nucleotide probes complementary to the methylation induced sequence alter-
ations and by placing these specific oligo probes at different locations on a
microarray.

Oligo nucleotide design

Oligo nucleotides (also called oligomeres or short oligos) are synthesized short
stretches of “artificial DNA” that can bind (hybridize) to the fragments pro-
duced by PCR. The length of the detection oligo nucleotides used at Epige-
nomics is usually around 20 base pairs. In order to measure methylation
oligo nucleotide probes have to be designed either to detect unconverted
(originally methylated) CpG positions or to detect CpG positions converted
to TpG (originally unmethylated CpG positions). Here we will call the class
of oligo nucleotides designed to detect methylated CpG positions CG-oligos.
The class of oligo nucleotides designed to detect unmethylated CpG positions
will be called TG-oligos.
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Figure 2.6: Oligo and primer design. The figure shows how a double-stranded genomic
DNA is bisulphite converted and amplified. This results in 2 different amplificates with 4
different kinds of fragments that can be detected via complementary detection oligomeres.
Typical primer, CG and TG oligo examples are shown for the first bisulphite strand and
its resulting amplificates. Note that detection oligos are usually designed for the C rich
strand because of higher achievable melting temperature differences. However, a design
for the G rich strand is possible as well and example detection oligos are shown in the
figure. The non-methylation specific detection oligo is in this case not really a TG oligo
but has an AC dinucleotide in its center.
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Figure 2.7: Example of designed primers and detection oligo families for the Homo sapiens
estrogen receptor 1 (ESR1) gene. Figure shows genomic sequence, bisulphite converted se-
quence (t = converted Cytosines not in CpG context, red C = Cytosine in CpG context),
designed primer sequences (printed bold face) and designed detection oligos (different col-
ors representing different melting temperatures). The oligos covering the CpG at position
44 are marked and will be used in later examples.
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CG- and TG-oligos are always designed to cover one or more CpG posi-
tions and several adjacent base pairs invariant to methylation. Fig. 2.6 shows
a detailed example for an oligo design. The non-CpG base pairs of an oligo
make it specific for a certain CpG position in the DNA. The CpG base pairs
determine the oligo class (CG- or TG-oligo) and make the oligo sensitive to
changes in methylation. The right proportion between sequence specific and
methylation sensitive base pairs is crucial for a good working oligo. Typical
oligos cover between 1 and 3 CpG dinucleotides and have a total length of
16 to 22 base pairs.

We call a set of neighboring CpG dinucleotides a CpG cluster. In the
following we will assume that neighboring CpG sites are co-methylated (ei-
ther all CpG sites in the CpG cluster are methylated or all CpG sites are
not methylated). Mathematically we will treat a CpG cluster equivalent to a
single CpG position. The cluster will simply be represented by methylation
state and position of its first CpG dinucleotide.

Usually it is possible to design different oligos of at least theoretically
identical quality by shifting, shrinking or expanding the sequence. We call a
set of oligos querying the same set of CpG positions an oligo family. Fig. 2.7
shows an example of oligo families for the Homo sapiens estrogen receptor
1 (ESR1) gene. What is important is that every detection oligo is designed
to query the methylation information of exactly one CpG position or CpG
cluster. That means we can define a unique mapping from oligos to CpG
positions:

p(q) := CpG position p ∈ P that oligo q is binding to, (2.4)

where p is the genomic location of a CpG dinucleotide or CpG cluster and
q is an index specifying an oligo (i.e. a specific oligo sequence). Since there
can be several oligos querying the same CpG site this mapping is generally
not one-to-one and therefore not invertible.

Optimal oligo design is a complex task and has to take into account
sequence context around the CpG position of interest, sequences of all other
amplificates measured with the same microarray and chemical conditions of
the hybridization reaction. For this thesis optimality criteria for oligo design
will be ignored. However, we will have to model the statistical behavior
of real oligos. This includes methylation sensitivity and at least partially
sequence specificity.

We refer to oligos that are designed to measure DNA methylation at a
specific CpG position as detection oligos. They constitute the majority of all
oligos on a microarray. In order to control the conditions of the hybridization
reaction it is usefull to include some control oligos beside the detection oligos.
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These control oligos have sequences that do not match any part of any PCR
fragment.

The simplest control oligo is a negative control. Since its sequence does
not match with any of the amplificates it should show no signal. In practice
it can be used to measure the degree of sequence unspecific hybridization as
well as unspecific background signal and background noise.

The second type of control oligo used in the Epigenomics array process
is the positive control. This oligo type is designed to hybridize with another
control oligo or control PCR fragment of known concentration that is added
into the original PCR mix. The addition of an artificial control oligo or
amplificate with fixed concentration is called spiking. Positive control oligos
and their hybridization reaction with the spiked control oligos or fragments
can be used to verify that hybridization conditions are specific enough.

Spotting

After the designed oligo nucleotide probes are synthesized they are spotted
onto glass slides. A standard glass slide is 75 mm high, 25 mm wide and
1 mm thick. It can hold 2048 spots for detection oligos, each with a diameter
of about 580µm. The standard Epigenomics 64 gene chip contains spots for:

• 64 amplificates corresponding to up to 64 different genes

• 4 CG oligos per amplificate

• 4 TG oligos per amplificate

• 4 repetitions for each individual oligo,

resulting in a total of 64 ∗ (4 + 4) ∗ 4 = 2048 spots per chip.
Control oligos are spotted in between 8x8 blocks of detection oligos and

do not reduce the number of 2048 detection oligo spots. There are typically
several different negative control oligos spotted in 4-fold redundancy. The
number of different positive control oligos is usually between 1 and 3 but
spotted in 32-fold redundancy.

The concrete process of transferring and fixating the synthesized oligos
onto the glass slides is rather complex. It involves several pipeting and spot-
ting steps performed by specialized robots as well as several additional com-
pounds for slide activation and oligo immobilization. In principle the concrete
spotting process has no influence on the final interpretation of the methy-
lation data. However, if production conditions are changed (e.g. oligos get
resynthesized with a different concentration or an immobilization buffer is
exchanged) or if errors occur (e.g. two spotting plates with different oligo
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Figure 2.8: Methylation specific hybridization on microarray. The figure shows how methy-
lated and unmethylated fragments bind to their respective CG and TG detection oligos.
On the left hand side a bisulphite converted unmethylated amplificate (CG converted to
TG, corresponding to CA on the complimentary strand) binds to its matching TG oligo.
On the right hand side a unconverted methylated amplificate (CG stays CG, corresponding
to CG on the complimentary strand) binds to its matching CG oligo.

sets get confused) then this has an immediate and severe effect on the final
data. Usually very typical outlier patterns are generated. Chapter 3 will give
several examples and show how to systematically control for problems in the
microarray production process itself.

2.1.3 Hybridization and image analysis

In the final step of the microarray process the bisulphite treated and PCR
amplified sample DNA is dissolved in a hybridization buffer and washed over
the spotted glass slide.

During this process the dissolved amplificates will bind to the spotted
oligos. This binding process is called hybridization. Fig. 2.8 visualizes the
binding of amplificates to spotted oligos. The temperature of the hybridiza-
tion reaction is kept constant at a level that is below the melting tempera-
ture of matching oligo-amplificate pairs but above the melting temperature
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Figure 2.9: Grid finding and spot intensity estimation. In order to identify the specific
oligonucleotide spots on a microarray and estimate their respective intensities the following
steps are performed by the chip evaluation software: A1) Rotation and translation of the
known grid are estimated. Each cell of the alligned grid should contain exactly one spot.
A2) Within each grid cell the pixels belonging to the respective spot are identified. B)
Median spot intensity, spot diameter and median background intensity are computed for
every spot.

of miss-matching oligo-amplificate pairs. Typical hybridization temperatures
are around 42C.

Over time the hybridization reaction converges to an equilibrium where
the rate at which new oligo-amplificate duplexes are formed is equal to the
rate at which the already formed duplexes dissolve. This equilibrium is usu-
ally reached after several hours. A typical hybridization time in the Epige-
nomics chip process is 16 hours. After the hybridization time is over the
glass slide is taken out of the hybridization buffer and washed so that only
amplificates that are bound to an oligo are left on the surface.

After hybridization and washing are finished the microarray is scanned
by a laser scanner. The dye labels attached to the amplificates which in
turn are bound to their matching oligos on the microarray are excited by
the laser and emit light of a certain wave length (e.g. Cy5 labels with peak
emission at 670nm). Typically all amplificates are labeled with the same
dye. By scanning the whole microarray an image is created whose intensities
are proportional to the number of bound amplificates at the respective array
position.

The first data analysis step is to identify the oligo spots on the microarray
image and estimate their intensities. Spots are identified by alligning the
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Figure 2.10: Measures for hybridization intensity. A single spot is characterized by its
median intensity INT , its diameter d (measured in nm) and the local background intensity
BG. From these characteristics the following three alternative hybridization intensity
measures can be computed. Median Intensity: MI = INT . Effective Median Intensity:
EMI = INT −BG. Effective Median Volume: EMV = 0.4πd2(INT −BG).

known spotting grid to the observed image. Then a circular region that
covers the bright pixels within the respective grid cell is identified as the
spot itself. The rest of the grid cell is assumed to be background. Fig. 2.9
shows a typical scan of an Epigenomics microarray with the alligned spotting
grid.

For each identified spot we can measure the spot intensity INT by com-
puting the median intensity of all pixels within the circular spot region. We
can also measure the background intensity BG and the spot diameter d. With
these three parameters we can define the following alternative measures for
hybridization intensity and the amount of bound amplificates:

MI = INT

EMI = INT −BG

EMV = 0.4πd2(INT −BG), (2.5)

where MI stands for median intensity, EMI for effective median intensity and
EMV for effective median volume. See Fig. 2.10 for a schematic visualization.
In the following sections these three measures will be compared with regard
to their usefullness for estimating the proportion of methylated DNA in a
sample.
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2.2 A statistical model of hybridization
In order to estimate methylation from hybridization intensities we have to
understand the systematic and stochastic sources of error of the microarray
process. In the following sections we will derive simple generative models
for hybridization signals. First we will quantify stochastic variations for
hybridization intensities on a single microarray (within chip noise) and on
different microarrays (between chip noise). Then we will derive a simple
model for systematic deviations of hybridization intensities.

2.2.1 Within chip noise
A generative model

What we observe in a microarray experiment are oligo intensities Oq, with
index q specifying the oligo and the value of Oq itself given by one of the
three measures defined in Eq. 2.5. These hybridization intensities can be
used to measure DNA methylation because of the following dependencies:

• DNA methylation is proportional to the amount of originally methy-
lated amplificates in a sample: mp ∝ NPCR+

p (see Eq. 2.3).

• For a given volume of the hybridization reaction the concentration of
a originally methylated amplificate is proportional to its amount.

• The absolute number and concentration of stable oligo-amplificate du-
plexes at equilibrium is proportional to the concentration of the respec-
tive target amplificate [169].

• Assuming that the microarray image scanner is linear the theoretically
expected hybridization intensity Iq is proportional to the number of
bound labeled amplificates at oligo q.

• The observed hybridization intensities are on average proportional to
the theoretically expected hybridization intensity: E[Oq] ∝ Iq (see
noise model below).

Since every oligo can be mapped to a specific CpG site (Eq. 2.4) and we
assume that only the intended target CpG site on the target amplificate
binds to the oligo we get the following correlations between oligo intensities
and CpG methylation:

E[Oq] ∝ Iq ∝ NPCR+
p(q) ∝ mp(q) for CG oligos

E[Oq] ∝ Iq ∝ NPCR−
p(q) ∝ 1−mp(q) for TG oligos (2.6)
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As for every measurement device the dependence between the expected hy-
bridization intensity Iq and an actual observed hybridization intensity Oq is
distorted by systematic and stochastic errors. In order to optimally estimate
Iq and ultimately the methylation frequency mp from a set of repeated hy-
bridization observations of the same oligo q Oq = {Oq,i, i = 1 . . . nr} we have
to understand and model these sources of error.

When we look at a set of repeated measurements from several spots of the
same oligonucleotide on the same chip we observe that the standard deviation
linearly increases with the average hybridization intensity of the oligo. This
dependence between variance and intensity can be observed on most DNA
microarray platforms and seems to be independent of the particular oligo
sequence [134, 106]. For a standard Epigenomics microarray this relationship
is shown in Fig. 2.11.

The ratio between standard deviation and average intensity for a given
oligonucleotide is refered to as the coefficient of variance

CVq =

√
V ar[Oq]

E[Oq]
. (2.7)

The easiest generative model with a linear dependence between standard
deviation and intensity is a log normal distribution:

Oq = Iqe
ηq , (2.8)

where ηq = N(0, σηq) is a normal distribution with mean 0 and standard
deviation σηq . Mean and variance of this log normal intensity distribution
are given as [56]:

E[Oq] = E[Iqe
ηq ] = Iq

√
eσ2

ηq

V ar[Oq] = V ar[Iqe
ηq ] = I2

q eσ2
ηq (eσ2

ηq − 1). (2.9)

It follows that the coefficient of variance for this model is constant:

CV LN
q =

√
V ar[Oq]

E[Oq]
=

√
I2
q eσ2

ηq (eσ2
ηq − 1)

Iq

√
eσ2

ηq

=

√
eσ2

ηq − 1. (2.10)

We can estimate Iq and σηq from a set Oq of repeated measurements of
an oligo q as

Îq = exp

 1

|Oq|
∑

O∈Oq

log O


σ̂2

ηq
=

1

|Oq| − 1

∑
O∈Oq

(
log O − log Îq

)2

. (2.11)
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Figure 2.11: Mean-SD dependence of raw hybridization intensities Oq. The upper row
shows 7 positive control oligos on 48 microarrays. The lower row shows 50 detection
oligos on the same 48 microarrays. The three columns correspond to the three different
intensity measures MI, EMI and EMV. Each point shows mean hybridization intensity vs.
standard deviation for one oligo on a single microarray computed from the respective spot
repetitions on the respective microarray. The red line shows the average standard deviation
for a given intensity computed by a lowess fit. Each microarray contained positive controls
in 32-fold redundancy and detection oligos in 4-fold redundancy. Note that SD estimates
for the detection oligos are very imprecise due to their estimation from only 4 data points.
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MI EMI EMV

Figure 2.12: Mean-SD dependence of log transformed hybridization intensities. The three
plots correspond to the three different intensity measures MI, EMI and EMV. Each point
shows mean vs. standard deviation of the log transformed hybridization intensities for
one detection oligo on a single microarray computed from the respective spot repetitions
on the respective microarray. Plots were generated from a total of 48 microarrays and
50 detection oligos. Hybridization intensities below 1 were cut off and set to 1 prior to
the log transformation. The red line shows the average standard deviation for a given
intensity computed by a lowess fit. Each microarray contained detection oligos in 4-fold
redundancy. Note that SD estimates are very imprecise due to their estimation from only
4 data points.

Usually we have several different oligos with repeated measurements. Typ-
ically these oligos will have different expected intensities Iq. But as shown
in Fig. 2.11 their CVs are approximately constant for a concrete experimetal
series of identical arrays. This is only an approximation because in practice
the CV may vary with the location of the respective oligo on the chip due to
locally different hybridization conditions.

Assuming that oligo sequence and location dependent noise have no es-
sential impact we can estimate the average standard deviation ση by pooling
the single variance estimates of all oligos q from oligo set D ⊆ Q as

σ̂2
η =

1

|D|
∑
q∈D

σ2
ηq

, (2.12)

given that the number of repeated measurements of all oligos inD is identical.
According to Eq. 2.8 the logarithm of the observed hybridization intensi-

ties Oq should be normally distributed and have constant variance σ2
η. The

dependence between standard deviation and intensity on logarithmic data is
shown in Fig. 2.12. Obviously the variance of the logarithmic data is only ap-
proximately stable for the MI measurement values. For the EMI and EMV
values Eq. 2.8 holds only for higher intensities. For very small intensities
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the variance is not decreasing with the intensity anymore. The explana-
tion for this behaviour is a small oligo independent base hybridization with
a gaussian noise characteristic. Because the MI values will never fall be-
low the relatively high background intensity the oligo base hybridization is
neglectable when taking the logarithm. However, since the background cor-
rected EMI and EMV values can approach zero or even be smaller than zero
the base hybridization noise becomes important. We can easily incorporate
this additive base hybridization into Eq. 2.8 and get the following generative
model [134]:

Oq = IBG + Iqe
η + ε, (2.13)

where IBG is the average base hybridization intensity assumed to be constant
for all oligos and ε = N(0, σε) is a normal distribution with mean 0 and
standard deviation σε.

Using Eq. 2.9 we can easily derive mean and variance of this intensity
distribution:

E[Oq] = E[IBG + Iqe
η + ε] = IBG + Iq

√
eσ2

η

V ar[Oq] = V ar[IBG + Iqe
η + ε] = Iq

2S2
η + σ2

ε , (2.14)

where S2
η = eσ2

η(eσ2
η − 1).

To determine the parameters of the model we can use oligos with known
hybridization properties. σ2

ηq
can be estimated from positive control oligos

or from very intense detection oligos by using Eq. 2.12. The additive noise
term can be neglected for high Iq. Negative control oligos can be used to
estimate IBG and σε. From a set N ⊆ O of negative control oligos spotted
in nr-fold replication the parameters can be estimated as

ÎBG =
1

nr|N |
∑
q∈N

N∑
i=1

Oq,i

σ̂2
ε =

1

nr|N | − 1

∑
q∈N

N∑
i=1

(
Oq,i − ÎBG

)2

. (2.15)

Because we simply pooled measurements from different negative control oligonu-
cleotides we assumed that unspecific background hybridization intensity and
variance are independent of the actual negative control oligo sequence. In
practice the set of negative controls will contain some oligonucleotides that
show a significant amount of unspecific hybridization resulting in overesti-
mation of ˆIBG and σ̂2

ε . The estimates can be considerably improved by using



2.2. A statistical model of hybridization 41

−4 −2 0 2 4

−
4

−
2

0
2

4

TM=32.69

Theoretical Quantiles

S
am

pl
e 

Q
ua

nt
ile

s

−4 −2 0 2 4

−
4

−
2

0
2

4

TM=45.52

Theoretical Quantiles

S
am

pl
e 

Q
ua

nt
ile

s

−4 −2 0 2 4

−
4

−
2

0
2

4

TM=56.81

Theoretical Quantiles
S

am
pl

e 
Q

ua
nt

ile
s

−100 −50 0 50 100

−
10

0
−

50
0

50
10

0

TM=40.44

Theoretical Quantiles

S
am

pl
e 

Q
ua

nt
ile

s

−100 −50 0 50 100

−
10

0
−

50
0

50
10

0

TM=48.46

Theoretical Quantiles

S
am

pl
e 

Q
ua

nt
ile

s

−100 −50 0 50 100

−
10

0
−

50
0

50
10

0

TM=57.79

Theoretical Quantiles

S
am

pl
e 

Q
ua

nt
ile

s

Figure 2.13: QQ-plots of single chip EMI data vs. single chip noise model. The upper row
shows QQ-plots in log-log transformed intensity space for the positive controls with the
lowest, median and highest melting temperature (TM). The lower row shows QQ-plots in
raw intensity space for the negative controls with the lowest, median and highest TM. A
single point represents model and observed distribution quantile for a single oligo and chip.
Each plot shows quantiles from 48 different chips. According to their number of repeated
spots positive control oligos have 32 different quantiles, negative control oligos only 4. Red
points show 1

32 , 32
32 quantiles for positive controls and 1

4 , 4
4 quantiles for negative controls.

Blue points show 16
32 , 17

32 quantiles for positive controls and 2
4 , 3

4 quantiles for negative
controls. Dashed lines show the diagonal, dotdashed lines the average QQ-plot computed
by a lowess fit. QQ-plots for MI and EMV data look similar.
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robust estimates for location and scale instead of mean and variance. For
instance median and median absolute deviation:

ÎBG = med(Oq,i|q ∈ N , i = 1...nr)

σ̂ε = mad(Oq,i|q ∈ N , i = 1...nr). (2.16)

Fig. 2.13 shows quantile-quantile plots between the model from Eq. 2.13
and some positive and negative control oligos from several chips. It demon-
strates that even for the extreme cases of positive and negative controls the
hybridization model of Eq. 2.13 is a reasonably good approximation. How-
ever, even for the positive and negative control oligos with median melting
temperatures, which should be representative for the detection oligos, there
are clear differences at the tails of the positive control oligo distributions and
there seems to be a systematic overestimation of the variance of the negative
controls.

Variance stabilization

Many standard statistical methods used for the interpretation of microarray
data assume that the data are normally distributed or have at least constant
variance independent of the mean. The classical approach to stabilize the
variance of microarray data is to use a simple log transformation of the raw
intensity values [106, 115, 1]. However, as seen in Fig. 2.12 this transforma-
tion fails to stabilize the variance for oligos with low intensities.

We would like to find a smooth function T (Oq) that stabilizes the variance
for the additive hybridization noise model of Eq. 2.13.

The asymptotic variance AV [T (Oq)] of the transformed intensities can be
computed using the delta method as [44, 80]

AV [T (Oq)] =

(
∂T

∂O
(Iq + IBG)

)2

V ar[Oq]. (2.17)

This delta method variance estimate is based on a first order Taylor expansion
of T around the median intensity med(Oq) = Iq +IBG and gives a reasonably
good approximation since most values of Oq will be close to its median.

We seek a T (Oq) so that AV [T (Oq)] is constant. We set

AV [T (Oq)] =

(
∂T

∂O
(Iq + IBG)

)2

V ar[Oq] = c, (2.18)
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where c is some constant. Inserting Eq. 2.14 and solving for T gives(
∂T

∂O
(Iq + IBG)

)2

=
c

V ar[Oq]

=
c

Iq
2S2

η + σ2
ε

⇔ ∂T

∂O
(Iq + IBG) =

c√
Iq

2S2
η + σ2

ε

. (2.19)

And with O := Iq + IBG we get

⇔ ∂T

∂O
(O) =

c√
(O − IBG)2S2

η + σ2
ε

⇔
∫

∂T

∂O
(O)dO =

∫
c√

(O − IBG)2S2
η + σ2

ε

dO. (2.20)

For c = S2
η a solution for this equation is [21]

T (Oq) = ln

(
Oq − IBG +

√
(Oq − IBG)2 +

σ2
ε

S2
η

)
. (2.21)

Since we had to set c = S2
η we also fixed the asymptotic variance of the

transformed data to S2
η .

The transformation parameters IBG, σε and S2
η = eσ2

η(eσ2
η − 1) can be

estimated using Eq. 2.12 and Eq. 2.16. Fig. 2.14 shows that if Oq is large the
constants IBG and σ2

ε

S2
η

become neglectable and T [·] is a simple log transforma-
tion. However, when Oq is small or even negative T [·] still gives consistent
results with constant variance. Because of these properties T [·] is also re-
ferred to as generalized log transformation GLog[·] [135]. Fig. 2.15 shows the
stabilized dependence between mean and variance after applying the gener-
alized log transformation.

2.2.2 Between chip noise and normalization
The last sections modeled the intensity distributions of repeatedly spotted
oligos on the same microarray. When we look at identical oligonucleotides
on different chips that were hybridized with the same sample we observe
additional deviations not explained by within chip noise (see Fig. 2.16a).
This additional noise component is called between chip noise. It is caused by
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Figure 2.14: Relation between
Log and GLog transformations.
Log[I] and GLog[I] − log(2) are
plotted over a typical range of
intensities. Realistic parame-
ters for the GLog transformation
were estimated from the Calibra-
tion dataset (see Appendix A,
EMI data, Sη = 0.7, σε = 25,
IBG = 15).

slightly different hybridization conditions and different scanner settings. In
the Epigenomics microarray process the intensity amplification of the scanner
is optimized manually by an operator to compensate for different overall
hybridization intensities. However, considerable scaling differences between
chips remain. Here we will simply model this between chip noise as an
arbitrary scaling of all oligo intensities on a chip c by a constant factor fc

[146].
For a set of chip repetitions C = {c|c ∈ {1, . . . , nc} that were all hybridized

with PCR product from the same sample the scaling factors fc; c ∈ C can be
easily estimated from the 50%-quantile of the overall intensity distribution
as

fc =
medq∈Q(Oc

q)

medc∈C(medq∈Q(Oc
q))

. (2.22)

However, formally this equation does not hold when the different chips were
hybridized with different samples. Fig. 2.16a shows that samples with differ-
ent overall degrees of methylation have very different intensity distributions.
The median oligo intensity on chips hybridized with an unmethylated sample
(left most red line in Fig. 2.16a) is significantly lower than on chips hybridized
with a completely methylated sample (right most red line in Fig. 2.16a). This
difference can be seen even though individual array repetitions of the same
sample show considerable differences. This shows that a change of the aver-
age hybridization intensity of an array can be caused by either a technical
variation like hybridization conditions or by a higher concentration of target
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MI EMI EMV

Figure 2.15: Mean-SD dependence of per microarray varaince stabilized hybridization in-
tensities. The three plots correspond to the three different intensity measures MI, EMI
and EMV. The generalized log transformation with paramteres estimated from each in-
dividual array was used for variance stabilization. Each point shows mean vs. standard
deviation of the GLog transformed hybridization intensities for one detection oligo on a
single microarray computed from the respective spot repetitions on the respective microar-
ray. Plots were generated from a total of 48 microarrays and 50 detection oligos. The red
line shows the average standard deviation for a given intensity computed by a lowess fit.
Each microarray contained detection oligos in 4-fold redundancy. Note that SD estimates
are very imprecise due to their estimation from only 4 data points.

molecules in the original sample. The first variation is a systematic experi-
mental bias and we want to eliminate it by normalization. The second vari-
ation is what we actually want to measure. The separation between these
two effects is one of the major difficlulties in the normalization of mRNA
microarrays [146, 174].

In the case of our methylation microarrays we have a considerable ad-
vantage. The standard Epigenomics array design always contains identical
numbers of CG and TG oligos for each CpG position. These oligos show
an inverse hybridization behaviour for different amounts of methylated DNA
in the target sample. The CG oligo intensity increases with higher degrees
of methylation; TG oligo intensity decreases. As a result the sum of CG
and TG oligo intensities of a single oligo family (the set of oligos binding
to the same CpG position or CpG cluster) is approximately constant and
independent from the degree of methylation at the respective CpG position.
Fig. 2.16b shows the distribution of average oligo family intensities defined
as

meanq∈FpO
c
q :=

1

|Fp|
∑
q∈Fp

Oc
q, (2.23)
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A B

Figure 2.16: Distribution of detection oligo hybridization intensities. A) Single oligo in-
tensities B) Average oligo family intensities. For individual microarrays hybridized with
mixtures of artificially methylated DNA (x-axis, 0%, 25%, 50%, 75% and 100% methyla-
tion) the distribution of individual oligo intensities or average oligo family intensities are
shown as boxplots. Red lines are median intensities for chips of identical methylation rate.
Blue triangls are median positive control oligo intensities.

with Fp = {q|p = p(q)} as the set of all oligos querrying CpG position p. No
systematic difference between the different samples can be observed.

The estimation of the overall scaling factor fc from Eq. 2.22 can be easily
modified to work on average oligo family intensities:

fc =
medp∈P(meanq∈Fp(O

c
q))

medc∈C(medp∈P(meanq∈Fp(O
c
q)))

, (2.24)

where P is the set of all CpG positions covered by oligos on the chip.
Normalizing the chips with this factor results in a moderate reduction

of between chip variance (see Fig. 2.17). A considerable amount of variance
remains due to higher order differences in intensity distribution. However, as
can be seen by comparing Fig. 2.16 and Fig. 2.18 the median within sample
intensities do not change while the within sample noise is reduced (individual
chip intensity distributions are more similar). This means the normalization
completely retains biologically relevant between sample variation while re-
ducing the between array noise.

After normalization the between chip variability is minimized and re-
peated measurements of the same sample on different chips should be ap-
proximately distributed according to Eq. 2.13. This means the derived vari-
ance stabilizing transformation from Eq. 2.21 should be applicable. Fig. 2.19
shows that the resulting data have indeed approximately constant variance.
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Within Sample
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Figure 2.17: Distributions of within chip (between 4 oligo replications), within sample
(between 10 chip replications) and within study (between 0%, 25%, 50%, 75% and 100%
samples) standard deviations over 50% brightest oligos in log intensity space. Raw data
is plotted on the left, normalized data on the right. Dashed horizontal lines are median
standard deviations of raw data. Red and blue arrows in the right plot indicate the between
chip and between sample variance reductions after normalization.

A B

Figure 2.18: Distribution of detection oligo hybridization intensities after normalization.
A) Single oligo intensities B) Average oligo family intensities. For individual microarrays
hybridized with mixtures of artificially methylated DNA (x-axis, 0%, 25%, 50%, 75% and
100% methylation) the distribution of normalized individual oligo intensities or normalized
average oligo family intensities are shown as boxplots. Red lines are median intensities
for chips of identical methylation rate. Blue triangls are median positive control oligo
intensities.
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MI EMI EMV

Figure 2.19: Mean-SD dependence of globally varaince stabilized hybridization intensi-
ties. The three plots correspond to the three different intensity measures MI, EMI and
EMV. The generalized log transformation with paramteres estimated from all arrays after
normalization was used for variance stabilization. Each point shows mean vs. standard de-
viation of the normalized and GLog transformed hybridization intensities for one detection
oligo and one methylation level computed from the respective spot and chip repetitions
from the respective methylation level. Plots were generated from a total of 5 methylation
levels and 50 detection oligos. The red line shows the average standard deviation for a
given intensity computed by a lowess fit. Each microarray contained detection oligos in
4-fold redundancy and at least 8 chips were hybridizaed per methylation level.

However, it seems the variance stabilization works better for MI and EMI
data as compared to the EMV data. Fig. 2.20 shows that the distribution of
the EMI data is even close to normal.

2.2.3 Expected hybridization intensities

In the last two sections we have derived noise models for stochastic variations
of hybridization intensities within and between single microarrays. We have
shown that these stochastic variations depend on the expected hybridization
intensities of the oligos in a specific hybridization reaction but are indepen-
dent of the respective oligo sequence characteristics. On the other hand the
expected hybridization intensity of an oligomere is a direct function of its
sequence and the amount of matching amplificates in the hybridization reac-
tion. In this section we will derive a simplified model for the very complex
kinetics of the hybridization reaction that will enable us later on to con-
struct practical algorithms for the computation of methylation proportions
from observed hybridization intensities.
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Figure 2.20: QQ-plots of normalized and variance stabilized EMI data vs. normal dis-
tribution. The plots show QQ-plots in GLog transformed, mean centered and variance
normalized intensity space for positive controls, CG detection oligos, TG detection oligos
and negative control oligos with the respective lowest TM, median TM and highest TM.
A single point represents normal and observed distribution quantile for a single oligo and
all chips and spot repetitions from the same methylation level. Each plot shows quantiles
from 5 different methylation levels. According to their number of repeated spots (32 for
positive control and 4 for detection and negative control oligos) and the number of chip
repetitions per methylation level (minimum 8) the different plots show a varying number of
quantiles. Red points show the respective lowest and highest quantile, blue points the two
middle quantiles. Dashed lines show the diagonal, dotdashed lines the average QQ-plot
computed by a lowess fit. QQ-plots for MI and EMV data look similar.
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Hybridization kinetics

The simple hybridization reaction between two complementary nucleic acid
molecules in solution can be described by the following dissociation reaction
[169, 129, 37]

R + L
kf



kr

C, (2.25)

where R is the concentration of oligomeres available for hybridization, L is
the concentration of target amplificates available for hybridization and C is
the concentration of bound duplexes. kf and kr are the respective reaction
rates for formation and deformation of duplexes.

Assuming that there is an excess of available oligomeres compared to
the number of target molecules the foreward hybridization reaction follows a
pseudo first order kinetics [169, 129]. The concentrations at equilibrium are
connected by the quotient of the reaction rates:

C =
kf

kr
L. (2.26)

This model assumes that oligo and amplificate are in solution and is only
an approximation of the complex hybridization kinetics on a solid surface
microarray [51, 15]. But it shows that the number of amplificates hybridized
to an oligo is proportional to the concentration of the respective amplificate.
This is true for all oligomere-amplificate pairs. The designed pairs with
matching sequences as well as oligo-amplificate pairs with missmatching se-
quences. The hybridization of amplificates is specific to matching oligomeres
because the reverse rate kr is much higher for missmatch duplexes than for
match duplexes [37]. The difference between matching kr and missmatching
kr is very sequence dependent and determines the amount of observed un-
specific (all amplificates bind to an oligo) and cross hybridization (a specific
not matching amplificate binds in addition to the matching amplificate).

After the hybridization experiment is performed and all amplificates not
bound in stable duplexes are removed by the washing step the measured
fluorescent oligo intensities on the microarray are proportional to the con-
centration of stable duplexes C.

A model of hybridization

We model the outcome of a single hybridization experiment as follows. A
tissue sample is represented by its set of amplificates R with concentrations a
(ar concentration of amplificate r, with r ∈ {1, . . . , |R|}). Note that if PCR
amplification would have perfect efficiency for all amplificates all ar would
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Figure 2.21: Equilibrium constant matrices. The figures show experimental estimates
of the equilibrium constant matrices for a microarray design with 8 amplificates. Rows
are single oligos, columns are amplificates. Grey values code Log transformed equilibrium
constant estimates, where white corresponds to very small or negative constants and black
to very high constants. CG and TG oligo constants are shown separately. For both
oligo types the respective missmatch matrix and the difference matrix between match and
missmatch are shown: A) K− for CG oligos B) K+ −K− for CG oligos C) K+ for TG
oligos D) K− −K+ for TG oligos
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be identical with ar = NPCR/V (with V being the volume of the solution).
Each amplificate can occur with different methylation patterns depending
on the number of covered CpG positions and the methylation of the original
DNA sample. To simplify the following derivations we assume here that CpG
sites within an amplificate are comethylated (have all identical methylation
status). To obtain results for individual CpG clusters each cluster can be
treated as a “virtual” amplicon.

Using the comethylation assumption the methylation unspecific amplifi-
cate concentration vector a can be expressed as the sum of methylated and
unmethylated amplificate concentrations as

a = a− + a+. (2.27)

Again these concentrations are simply the volume normalized fragment num-
bers a−r = NPCR−

p /V and a+
r = NPCR+

p /V with amplificate r covering CpG
position p.

At equilibrium the amount of oligo-amplificate duplexes at each oligo is
then given by the following equation:

o = K−a− + K+a+, (2.28)

where [o]q, q ∈ {1, . . . , |Q|} is the concentration of stable oligo-amplificate
duplexes at oligo q and [K−]qr =

kf
qr

kr,−
qr

and [K+]qr =
kf

qr

kr,+
qr

are the matrices
of equilibrium constants between oligo q and unmethylated or methylated
amplificate r. Note that only the reverse rate coefficient is different for un-
methylated and methylated amplificates because duplex formation is primar-
ily dependent on the interaction frequency of oligos and amplificates, whereas
duplex deformation depends on the sequence match and the resulting melting
temperature of the duplex [37, 15].

To determine the equilibrium constant matrices experimentally we sim-
plify the experimental conditions so that either all amplificates are com-
pletely methylated or completely unmethylated and the concentartion of all
amplificates is equal. Furthermore we label exactly one amplificate r, r ∈
{1, . . . , |R|} of the amplificate set R with the fluorecent dye CY3 and all
remaining amplificates with the fluorecent dye CY5. When we measure the
fluorecence intensities of the respective microarray on the CY3 channel the
observed oligo intensities are proportional to the equilibrium constants [K].,r
for amplificate r. Repeating this experiment with unmethylated and methy-
lated DNA for all amplificates from set R gives us estimates for the equi-
librium constant matrices K− and K+. Fig. 2.21 shows examples for such
estimates.
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In analogy to Eq. 2.4 we define the following mapping between oligos and
amplificates:

r(q) := {r ∈ R | Amplificate r that oligo q is binding to}. (2.29)

Additionally we define the following indicator function to identify oligos q
that were designed to detect an amplificate r:

δOA(q, r) :=

{
1, r(q) = r
0, r(q) 6= r.

(2.30)

Ideally the equilibrium constant matrices should be positive for all match-
ing oligo-amplificate pairs {(q, r)|δOA(q, r) = 1} and 0 for all other pairs.
This corrsponds to a situation where stable duplexes are only formed be-
tween matching oligos and amplificates. Additionally the K+ matrix should
only have positive elements for CG oligomeres and the K− matrix for TG
oligomeres. However, Fig. 2.21 shows that in reality:

• Many oligos have a unspecific base hybridization independent of the
amplificate sequence.

• Some oligos show cross hybridization with specific missmatch amplifi-
cates.

• Many TG oligos show a high affinity for the matching methylated am-
plificate, i.e. these TG oligos are not methylation specific.

Although we showed that it is possible to model the complete hybridiza-
tion behaviour of a specific microarray design and estimate its equilibrium
constants experimentally this procedure is not practical. The experimental
effort for real world arrays with 64 or more amplificates is prohibitive.

A simplified model of hybridization

In order to use a hybridization model in practice for the estimation of DNA
methylation proportions from observed hybridization intensities we have to
be able to determine all model parameters in a cost effective way with mini-
mal experimental effort. In the following we will therefore simplify Eq. 2.28
until the number of parameters is sufficiently reduced to allow for an easy
estimation procedure. Some of the necessary simplifications and assumptions
will be quite severe and have to be kept in mind when interpreting model
predictions and results.
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The majority of the parameters in the hybridization model of Eq. 2.28 are
the oligo-amplificate missmatch elements corresponding to the equilibrium
constants for unspecific and cross hybridization. In order to simplify the
hybridization model and facilitate an estimation of all paramters in practice
we will assume that cross hybridization can be neglected. The equilibrium
constant matrices from Eq. 2.28 then simplify to[

K−]
qr

= k0,−
q + k−qrδ

OA(q, r)[
K+
]
qr

= k0,+
q + k+

qrδ
OA(q, r), (2.31)

where k0,−
q and k0,+

q model the oligo specific but amplificate unspecific back-
ground hybridization and k−qr and k+

qr model the oligo-amplificate specific
hybridization. Since we only retain the matching oligo-amplificate equilib-
rium constants a pure oligo based indexing is sufficient:

k−q := k−qr with δOA(q, r) = 1

k+
q := k+

qr with δOA(q, r) = 1. (2.32)

Using Eq. 2.27 we can then rewrite Eq. 2.28 as

o = K+a+ + K− (a− a+
)

=
(
K+ −K−)a+ + K−a

oq =
(
k0,+

q − k0,−
q

)
‖a‖1 +

(
k+

q − k−q
)
a+

r(q) +

k0,−
q ‖a‖1 + k−q ar(q). (2.33)

Now we make the assumption that the unspecific hybridization is independent
of the concrete amplificate methylation patterns:

k0
q := k0,+

q = k0,−
q . (2.34)

Under the additional assumption that the total amplificate concentration vec-
tor a is identical (or made identical by normalization) for each hybridization
experiment we can define the following constants:

kq := k+
q − k−q

bq := k0
q‖a‖1 + k−q ar(q). (2.35)

This simplifies Eq. 2.33 to

oq = kqa
+
r(q) + bq. (2.36)
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Figure 2.22: Simple hybridization intensity model. The plots show the linear dependence
between hybridization intensities and DNA methylation rate for CG (left) and TG (right)
oligomeres.

Normalizing this equation to the total amount of amplificate ar(q) and us-
ing the proportionality between amplificate concentration and hybridization
intensity gives

Iq = k̃qmp(q) + I0
q , (2.37)

where Iq is the expected intensity, k̃q is the product of the original equilibrium
constant difference kq and the concentration-intensity conversion factor, mp(q)

is the methylation proportion of the amplificate queried by oligo q and I0
q

is the unspecific background intensity of oligo q. Fig. 2.22 visualizes this
hybridization model for CG and TG oligos.

Although we derived Eq. 2.37 only for comethylated amplificates we can
generalize it to single CpG dinucleotides that are queried by our detection
oligos. In this case the methylation proportion mp(q) is the number of individ-
ual amplificates methylated at the CpG position queried by oligo q devided
by the total number of copies of this amplificate.

The following list summarizes the major assumptions we made when de-
riving the simplified hybridization model of Eq 2.37:

• Excess of oligomeres compared to the number of target molecules avail-
able for hybridization

• No cross hybridization

• Amplificate unspecific background hybridization is independent of am-
plificate methylation status

• Identical amplificate concentrations for all samples or normalization of
signal intensities
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These assumptions imply that all columns of the missmatch matrix K− are
identical and that the match-missmatch difference matrix K+ − K− is di-
agonal. A comparison with the experimental results of Fig. 2.21 show that
these assumptions are only approximations. That has to be kept in mind
when interpreting model predictions and results.

2.3 Quantification of DNA methylation

In the previous section we derived a quantitative model that explains how
the intensity values reported by our microarrays are generated from DNA
mixtures with arbitrary methylation patterns. In this section we will derive
algorithms that infere the methylation state of the original DNA from the
observed microarray intensities.

2.3.1 Methylation scores

A standard Epigenomics microarray contains exactly one CG and one TG
oligomere for each CpG cluster that is queried. These CG and TG oligos are
spotted adjacent to each other in 4 pairs distributed over the array surface.
As mentioned in Section 2.1.2 it is possible to design several overlapping oli-
gos to query the same CpG position. However, to keep things simple we will
start with using the standard convention that there is exactly one CG/TG
oligo pair per CpG position. These matching pairs will be referenced by the
same oligo index q which has a one to one mapping to the respective CpG
position p = p(q). The observed and theoretically expected hybridization
intensities corresponding to these oligo pairs will be referenced as OCG

q,i , OTG
q,i ,

ICG
q,i and ITG

q,i , with i as the replicate index.
Usually a sample is hybridized onto more than one microarray to gen-

erate more repeated measurements and facilitate a more accurate estimate
of methylation. The hybridization intensities of these replicates have to be
aggregated into a single score for each CG/TG oligo pair. This methylation
score should reflect the amount of methylation in the respective sample at
the CpG position queried by the respective CG/TG oligo pair.

The methylation score Sp(q)

(
{OCG

q,i , OTG
q,i }i=1...nr

)
is a function of the nr

observed intensity pairs {OCG
q,i , OTG

q,i }i=1...nr from the CG/TG oligo pair q
designed to measure CpG position p. We assume that the data has been nor-
malized to remove between chip variations and do not distinguish between
oligo repetitions on the same chip or on different chips. What we are inter-
ested in is the relation between the observed methylation score Sp and the
real proportion of methylated DNA at CpG position p. This relation is given
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by the conditional probability distribution P (Sp|mp), which ideally has the
following properties:

1. Monotonicity d
dmp

E[Sp|mp] > 0

The expected methylation score Sp should be monotone increasing with
the true methylation mp.

2. Discrimination
d

dmp
E[Sp|mp]√

V ar[Sp|mp]
> cmin

Small changes in methylation should be detectable. That means the
change of the score compared to its standard deviation should be high
enough. An alternative measure of discrimination for a methylation
score is the probability of measuring a higher score at a higher methy-
lation level: P (S ′

p > Sp|m′
p, mp) with m′

p > mp. In practice this prob-
abiliy can be approximated by the area under the ROC curve (AUC)
between score measurements at methylation levels m′

p and mp [71].

3. Linearity E[Sp|mp] ∝ mp

A certain change in the score always corresponds to the same change
in methylation.

4. Identity / Accuracy E[(Sp(mp)−mp)
2|mp] < cmax

The methylation score actually reports the methylation proportion with
a certain accuracy. Overall accuracy can be decomposed in the follow-
ing two components:

(a) Bias E[Sp|mp]−mp

This is the systematic error component.

(b) Precision/Variance V ar[Sp|mp]
This is the stochastic error component.

5. Variance Stability V ar[Sp|mp] = c
The variance of the score is independent from the measured methyla-
tion.

Monotonicity and good discrimination are necessary properties of a good
methylation score. They enable us to make essential biological observations
like “sample A is hypermethylated compared to sample B”. Linearity and
identity enable us to make more detailed statements about biology like “sam-
ple A is 2-fold hypermethylated compare to sample B” or “25% of the DNA
in sample A is methylated”. A score with constant variance simplifies the
following data analysis steps because most statistical standard methods as-
sume additive or even white noise. Note that the constant variance property
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partially contradicts the identity property which requires the methylation
score to be in the intervall [0, 1].

With the noise model from Eq. 2.13 and the hybridization model of
Eq. 2.37 we have a generative model of the observed hybridization inten-
sities Oq given the methylation of the respective CpG mp(q):

OCG
q = IBG +

(
k̃CG

q mp(q) + I0,CG
q

)
eη + ε.

OTG
q = IBG +

(
k̃TG

q mp(q) + I0,TG
q

)
eη + ε. (2.38)

Based on this generative model we are able to predict the properties of a
methylation score given the global noise parameters ση, σε and IBG (esti-
mated as described in Section 2.2.1) and given the hybridization parameters
of the involved CG and TG oligomeres k̃q and I0

q .
The additive structure of the hybridization noise makes it impossible to

derive the methylation score distributions P (Sp|mp) in closed form. But we
can use the model to numerically determine the methylation score distribu-
tions for typical parameter values.

In the following sections we will derive four methylation scores with dif-
ferent properties. We will start with the simple methylation proportion and
log ratio scores previously described in the DNA methylation microarray and
sequencing literature [115, 1, 101]. Then we will introduce a generalized log
ratio score based on the variance stabilizing transformation derived in Sec-
tion 2.2.1. Finally we will derive a maximum likelihood score that takes
full advantage of the generative hybridization model derived in the previous
sections.

2.3.2 Ratios and differences of CG and TG oligos

A straight foreward way to combine CG and TG oligo intensities is to use
ratios and differences. A high CG oligo intensity indicates a high methylation
and should therefore be the minuend in a difference and the dividend in a
ratio. A high TG oligo intensity indicates a low methylation and should be
the subtrahend in a difference and the divisor in a ratio.

An advantage of using ratios or log-differences of CG and TG oligo inten-
sities is that they are invariant to a global and even local intensity rescaling.
Since CG and TG oligos are right next to each other on a typical microarray
both intensities are scaled by the same factor which cancels out by taking
the ratio or the log difference. A normalization as described in Section 2.2.2
is therefore unnecessary.
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Figure 2.23: Methylation score distributions. The four plots show the distributions of
the log ratio score, the generalized log difference score, the proportion score and the
maximum likelihood score. For every methylation level the respective median score (solid
line) and the 5% and 95% quantiles (dotted lines) are shown. Score distributions were
numerically simulated by generating 1000 random samples according to the generative
model of Eq. 2.38. Realistic model parameters were estimated from the Calibration dataset
(see Appendix A, EMI data, Sη = 0.7, σε = 25, IBG = 15). The black curve shows the
scores for an ideal oligo pair: I0,CG

q = 0 and I0,TG
q = k̃CG

q = −k̃TG
q = 5000. The red

curve shows the scores for an TG oligo with unspecific background hybridization: I0,CG
q =

0, I0,TG
q = −2k̃TG

q and k̃CG
q = −k̃TG

q = 5000. The blue curve shows the scores for an TG
oligo with reduced dynamic range: I0,CG

q = 0 and k̃CG
q = 5000, I0,TG

q = −k̃TG
q = 2500.
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Methylation proportion

When we further simplify Eq. 2.37 and assume that the equilibrium constant
differences and background intensities of all matching CG-TG oligo pairs are
equal:

k̃CG
q = −k̃TG

q

I0,CG
q = 0

I0,TG
q = −k̃TG

q , (2.39)

then ICG
q + ITG

q is constant and the proportion of methylated DNA at CpG
position p(q) is equal to ICG

q /(ICG
q + ITG

q ):

ICG
q

ICG
q + ITG

q

=
k̃CG

q mp(q)

k̃CG
q mp(q) + k̃TG

q mp(q) + I0,TG
q

=
k̃CG

q mp(q)

k̃CG
q mp(q) − k̃CG

q mp(q) + k̃CG
q

=
mp(q)

mp(q) −mp(q) + 1

= mp(q). (2.40)

In analogy to this proportion of expected hybridization intensities we can
define the methylation proportion score on the observed intensities as

Sp(q)

(
{OCG

q,i , OTG
q,i }i=1...nr

)
= medi=1...nr

(
max(OCG

q,i , c)

max(OCG
q,i , c) + max(OTG

q,i , c)

)
,

(2.41)
where c is a small positive intensity. This score basically ignores the hy-
bridization noise. It only makes sure that no negative, undefined or infinite
scores can occure by cutting off negative or zero intensities.

As the simulation results in Fig. 2.23 show, the proportion score gives
very good estimates of the methylation proportion when the assumptions of
Eq. 2.39 are met. However, it gets arbitrarily rescaled by a unspecific hy-
bridization background and even becomes non-linear when CG and TG oligo
have different equilibrium constants. Its variance is not stable, especially at
the extreme methylation levels of 0% and 100% where the variance rapidly
converges to 0.

Variance stabilized differences

If our main goal is to derive a score with stable variance we can simply start
with the variance stabilized CG and TG intensities. Assuming the simple
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log-normal distribution model of Eq. 2.8 we can define the simple log ratio
score log

(
ICG
q

ITG
q

)
= log(ICG

q )− log(ITG
q ) as

Sp(q)

(
{OCG

q,i , OTG
q,i }i=1...nr

)
= medi=1...nr

(
log

(
max(OCG

q,i , c)

max(OTG
q,i , c)

))
, (2.42)

where c is a small positive intensity. Because this score is the difference of
two normaly distributed random variables it is itself normal and has constant
variance. However, as we have shown in Section 2.2.1 the log-normal property
is only approximately correct for high intensities. In the low intensity regime
the simple log ratio score makes only sure that no undefined or infinite scores
can occure by cutting off negative or zero intensities.

In order to better handle low intensity values we can use the generalized
log transformation from Eq. 2.21 to define the generalized log difference score
as

Sp(q)

(
{OCG

q,i , OTG
q,i }i=1...nr

)
= medi=1...nr

(
T [OCG

q,i ]− T [OTG
q,i ]
)
. (2.43)

This score handles all intensity values in a consistent way by taking the
additive background noise into account. Since the transformed CG and TG
intensities are approximately normaly distributed we can expect the GLog
difference score to be approximately normal with constant variance.

Fig. 2.23 shows that both scores have indeed constant variance over the
full range of methylation proportions. However, for very high or very low
methylation rates the scores become highly non-linear. Both scores have no
easy to interprete relation to the absolute methylation level. It is only clear
that they are monotone increasing with the methylation proportion.

The numerical simulation shows also that the log ratio and the GLog
difference score give almost identical results. This is not surprising since
for a working CG/TG oligo pair at least one of two oligos will always have a
relatively high intensity. As shown in Fig. 2.14 Log and GLog transformation
are approximately identical for high intensities. Since Log ratio and GLog
difference scores are dominated by the oligo with the higher intensity both
transformations give almost identical results. Note that this is not necessarily
true for not properly working CG/TG oligo pairs with weak hybridization
signals on both oligos.
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2.3.3 A maximum likelihood estimator
With the noise model from Eq. 2.13 and the hybridization model of Eq. 2.37
we have a generative model of the observed hybridization intensities Oq given
the methylation of the respective CpG position mp(q):

Oq = IBG +
(
k̃qmp(q) + I0

q

)
eη + ε. (2.44)

This equation is identical for CG and TG oligomeres and from now on we
will drop the requirement of matching CG/TG oligo pairs. For the remainder
of this section the oligo index q will refer to a single CG or TG oligomere
and a CpG position p can be covered by an arbitrary set of CG and/or TG
oligomeres Qp.

Using the maximum likelihood (ML) framework [14] we can derive optimal
estimates for the methylation mp from the observed hybridization intensities.
Compared to the simple methylation scores from the previous section the
ML score will have the advantage that it takes background hybridization
and equilibrium constants into account. An additional advantage is that the
ML score can naturally combine measurements from oligo families Qp (i.e.
signals from arbitrary numbers of CG or TG detection oligos with different
sequences all querying the same CpG position).

Methylation likelihood

In Section 2.2.1 we described how the noise parameters of Eq. 2.44 can be es-
timated from repeated measurements of detection and negative control oligos.
The background intensities and equilibrium constants have to be estimated
from specific calibration experiments. The easiest calibration experiment is
to measure 100% methylated DNA (e.g. SSS1 treated blood DNA) and 0%
methylated DNA (e.g. Phi29 amplified DNA). From these calibration mea-
surements we get direct estimates for the expected hybridization intensities
of 0% methylation (I0,CG

q , I0,TG
q ) and 100% methylation (I1,CG

q , I1,TG
q ). The

equilibrium constants can be expressed with these intensity estimates as

k̃CG
q = I1,CG

q − I0,CG
q

k̃TG
q = I1,TG

q − I0,TG
q . (2.45)

Note that since CG oligos are designed to bind to methylated CpG dinu-
cleotides we can expect I1,CG

q > I0,CG
q , resulting in k̃CG

q > 0. For TG oligos
that are designed to bind to unmethylated CpG dinucleotides we expect
I1,TG
q < I0,TG

q , resulting in k̃TG
q < 0. These expectations can be used as

criteria to exclude not properly working oligos.
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Using the fact that the computation of equilibrium constants in Eq. 2.45
is identical for CG and TG oligos we can rewrite the expected hybridization
intensity of Eq. 2.37 as

Iq = I0
q + mp(q)(I

1
q − I0

q ), (2.46)

where I0
q and I1

q are the expected hybridization intensities of oligo q on un-
methylated and methylated DNA respectively.

The standard procedure for measuring I0
q and I1

q currently implemented at
Epigenomics is to hybridize 5 microarrays with artificially downmethylated
DNA and 5 microarrays with artificially upmethylated DNA within each
experimental study. With the usual 4fold oligo redundancy per chip this
means that after between array normalization I0

p and I1
p can be estimated

from 20 independent observations (e.g. by simply taking the median intensity
and substracting the IBG estimate).

Using the generalized log transformation from Eq. 2.21 the variance stabi-
lized intensity distribution of oligo q can then be approximated with a normal
distribution as

T [Oq] = N
(
T [Iq + IBG], Sη

)
= N

(
ln
(
Iq +

√
I2
q + c

)
, Sη

)
= N

(
ln
(
I0
q + mp(q)(I

1
q − I0

q )

+
√

(I0
q + mp(q)(I1

q − I0
q ))2 + c

)
, Sη

)
. (2.47)

Note that constant variance does not necessarily imply normally distributed.
However, as we have shown in Fig. 2.20 the transformed microarray data
is indeed close to normally distributed. This approximation simplifies the
following computations considerably.

Accordingly the error between variance stabelized model prediction at
oligo q and an observed hybridization intensity Oq,i is given as

Ei
q(mp(q)) = T [Oq,i]− T [Iq + IBG]

= T [Oq,i]− ln
(
Iq +

√
I2
q + c

)
= T [Oq,i]− ln

(
I0
q + mp(q)(I

1
q − I0

q )

+
√

(I0
q + mp(q)(I1

q − I0
q ))2 + c

)
. (2.48)

The likelihood of observing a set of N hybridization intensities for oligo
q is

Lq(mp(q)) =
nr∏
i=1

1√
2πSη

e
−

Ei
q(mp(q))

2

2S2
η . (2.49)
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0% 25% 50%

75% 100%

Figure 2.24: Likelihood functions for an oligo family of the ESR1 gene from the Calibration
dataset (see Appendix A). Individual CG (black solid line) and TG (black dotted line)
oligo likelihood functions and the resulting oligo family likelihood function (red solid line)
are shown for hybridization experiments with 5 different methylation rates of the ESR1
gene.
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For an oligo family Qp covering the same CpG position p the total family
likelihood LQ is the product of the individual oligo likelihoods:

LQ(mp) =
∏

q∈Qp

Lq(mp(q)). (2.50)

Note that the oligo family Qp can contain arbitrary numbers of CG and TG
oligos. This natural aggregation of information from different oligos is one
of the major advantages of the maximum likelihood approach.

Fig. 2.24 shows an example of individual CG and TG oligo and resulting
total family likelihood functions on one CpG position of the ESR1 gene at
5 different methylation states. One can see that CG oligos contribute the
most information at low methylation rates, whereas TG oligos contribute
the most information at high methylation rates. Generally the information
contribution of TG oligos is small compared to CG oligos due to their lower
melting temperature gap between match and mismatch duplexes and the
resulting higher affinity for unspecific hybridizaton (see also Fig. 2.21).

Minimization

Eq. 2.49 gives the likelihood of observing a set of hybridization intensities
{Oq,i}i=1...nr given a certain methylation rate mp(q) at CpG position p. Fol-
lowing the maximum likelihood framework [14] we can estimate the most
likely methylation rate mp given the observed intensity data {Oq,i}i=1...nr by
minimizing the negative log likelihood

lq(mp(q)) = − ln Lq(mp(q))

=
nr∑
i=1

(
− ln

1√
2πSη

+
Ei

q(mp(q))
2

2S2
η

)
∝

nr∑
i=1

Ei
q(mp(q))

2. (2.51)

The corresponding negative log likelihood of a complete oligo family Qp is

lQ(mp) = − ln LQ(mp)

=
∑
q∈Qp

lq(mp)

∝
∑
q∈Qp

nr∑
i=1

Ei
q(mp)

2, (2.52)
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with all oligos q ∈ Qp querying the same CpG position p. The numerical
value of mp that minimizes Eq. 2.52 is the most likely methylation responsible
for our observations. Therefore the maximum likelihood score is defined as

Sp({Oq,i}q∈Qp,i=1...nr) = minmplQ(mp)

= minmp

∑
q∈Qp

nr∑
i=1

Ei
q(mp)

2. (2.53)

Note that mp is per definition constrained to be within [0, 1].
There exists a variaty of numerical methods to perform the actual min-

imization [130, 14]. Results in this thesis were all generated by using the
R optimize function (a combination of golden section search and successive
parabolic interpolation) [20].

Confidence intervals

In addition to the maximum likelihood estimate for the methylation rate mp

we can also derive approximate confidence intervalls for this estimate from
the observed Fisher information [38]. The observed Fisher information J is
given by the second derivative of the negative log likelihood from Eq. 2.52 as

J(mp) =
∂2

∂m2
p

lQ(mp) (2.54)

=
1

2S2
η

∑
q∈Qp

nr∑
i=1

∂2

∂m2
p

Ei
q(mp)

2

=
1

S2
η

∑
q∈Qp

(I1
q − I0

q )2

(I2
q + c)3/2

(
nr

√
I2
q + c + Iq

nr∑
i=1

(
T [Oq,i]− ln(Iq +

√
I2
q + c)

))
,

with Iq = I0
q + mp(I

1
q − I0

q ). The confidence intervals for the maximum
likelihood estimate of Sp of the methylation rate mp can then be given as

Sp ±
k√

J(Sp)
, (2.55)

where k is the appropriate z critical value of the normal distribution (e.g.
1.96 for 95% confidence). Note that despite sometimes larger numerical es-
timates from the Fisher information approximation the confidence intervalls
are constrained to [0, 1].
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2.4 Results

Here we will compare the four derived methylation scores (log difference,
glog difference, proportion and maximum likelihood score) with each other.
For this comparison we use the data from the Calibration dataset (see Ap-
pendix A) which provides an extensive amount of replicated measurements
for several DNAs with known methylation state (0%, 25%, 50%, 75%, 100%).

In the following we will investigate a variety of performance criteria for
our methylation scores. These criteria follow the methylation score properties
defined in Section 2.3 and are based on the calibration curve - the relation
between true methylation values and reported methylation score values. Of
course every CpG position and its corresponding oligo family has its own
calibration curve. An example for a CpG position in the ESR1 gene is shown
in Fig. 2.25.

In order to make a general statement about the performance of the dif-
ferent methylation scores we will now look at the distribution of the major
criteria over all oligo families of the Calibration chip (see Appendix A) and
over all of our three raw intensity measures (MI, EMI, EMV). Distributions
of calibration curves are shown in Fig. 2.26. As expected only the log differ-
ence and glog difference scores have approximately constant variance over all
methylation levels. The methylation proportion and ML score have a much
smaller variance at 0% methylation than at higher methylation levels. On the
other hand while all four scores are monotonically increasing only the methy-
lation proportion and ML scores report values close to the true methylation
rates. The two difference scores are not designed to report direct methylation
rates and an analysis of accuracy or bias is therefore pointless.

For practical applications as disease classification or marker identification
the most important property of a methylation score is discrimination - its
ability to discriminate different methylation levels from each other. Fig. 2.27
shows the distribution of AUC (area under the ROC curve) values for all
adjacent methylation levels of all scores and raw intensity measures. For
all four methylation scores the EMI and EMV raw intensity measures give
better discrimination between 0% and 25% then the simple MI measure. The
discrimination ability of the four different scores is similar with exception
of the ML score that seems to have a slight disadvantage at the 25%-50%
discrimination.

Only the proportion and the ML score are designed to report direct
methylation proportions. Fig. 2.28 and Fig. 2.29 show bias and precision
of these scores. It is obvious that the simple proportion score has a very
strong tendency to underestimate methylation values due to the unspecific
binding characteristic of many TG oligos. The ML score on the other hand
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Figure 2.25: Calibration and detection curves for an oligo family of the ESR1 gene. Ev-
ery row shows results for the log difference, the proportion and the maximum likelihood
methylation score. Results for the glog difference score were identical to the log difference
score. The plots to the left show the calibration curves. The x-axis is the true methylation
proportion of the ESR1 gene. The y-axis is the reported value of the respective methylation
score. Individual points correspond to measurement values from individual microarrays,
solid black line is the median methylation score, dotted black lines are the 10% and 90%
quantiles of the reported methylation scores. The dashed red line is the linear fit of all
reported scores. The dashed blue line is the diagonal, i.e. the ideal calibration curve of
a unbiased methylation score. The plots to the right show area under the ROC curve
(AUC) values for the discrimination between 0% methylation and all other methylation
levels (Detection AUC, black curve) and adjacent methylation levels (Quantitation AUC,
red points).
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Log GLog Methylation Maximum
Difference Difference Proportion Likelihood

Monotonicity ++ ++ ++ ++
Linearity - - + ++
Discrimination ++ ++ ++ +
Bias - - - - - ++
Precision + +
Variance Stability + ++ - - - -

Table 2.1: Comparison of methylation scores. Scores are rated as good (++), sufficient
(+), insufficient (-) or bad (- -) in every category.

takes the oligo specific properties into account and is on average almost un-
biased. On the precision side the ML score shows smaller variations at the
extreme methylation levels of 0% and 100% but the proportion score seems to
be less variable at te methylation range between 25% and 75%. However, it
has to be noted that the dynamic range of the proportion score considerable
smaller at higher methylation levels due to its strong bias. When this is taken
into account both scores have about equal precision at the 75% methylation
level.

Table 2.4 gives an overview how well our four methylation scores behave
with regard to the different performance criteria. With regard to the different
raw intensity measures all scores show better discrimination characteristics
with background correction. The EMI measure seems to give the best detec-
tion and discrimination rates with all scores.
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Figure 2.26: Calibration curve distributions. Distributions are shown for every combina-
tion of methylation scores (rows: log difference score, glog difference score, methylation
proportion score, maximum likelihood score) and raw intensity measures (columns: MI,
EMI, and EMV). Each plot shows the distribution of methylation scores from all oligo
families of the Calibration chip (see Appendix A). The x-axis corresponds to the methy-
lation level of the measured control DNA. The y-axis shows the reported values of the
respective methylation score.
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Figure 2.27: Discrimination distributions. Distributions are shown for every combination
of methylation scores (rows: log difference score, glog difference score, methylation propor-
tion score, maximum likelihood score) and raw intensity measures (columns: MI, EMI, and
EMV). Each plot shows the distribution of AUC values between two adjacent methylation
levels from all oligo families of the Calibration chip (see Appendix A). The x-axis shows
the different pairs of methylation levels of the measured control DNA that are compared.
The y-axis shows the distribution of AUC values for the respective comparison.
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Figure 2.28: Bias distributions. Distributions are shown for every combination of quanti-
tative methylation scores (rows: methylation proportion score, maximum likelihood score)
and raw intensity measures (columns: MI, EMI, and EMV). Each plot shows the distri-
bution of bias (median deviation of reported score values from true methylation values)
of the repective methylation scores from all oligo families of the Calibration chip (see Ap-
pendix A). The x-axis corresponds to the methylation level of the measured control DNA.
The y-axis shows the bias of the reported values of the respective methylation score.
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Figure 2.29: Precision distributions. Distributions are shown for every combination of
quantitative methylation scores (rows: methylation proportion score, maximum likelihood
score) and raw intensity measures (columns: MI, EMI, and EMV). Each plot shows the
distribution of presicion (median absolute deviation from median of reported score values)
of the repective methylation scores from all oligo families of the Calibration chip (see
Appendix A). The x-axis corresponds to the methylation level of the measured control
DNA. The y-axis shows the precision of the reported values of the respective methylation
score.



Chapter 3

Controlling quality and
stability of microarray
experiments

Microarray production is rapidly evolving towards a high throughput in-
dustry. Therefore it seems natural to apply the principles of multivariate
statistical process control (MVSPC) to statistical quality control of microar-
ray experiments. However, most of the relevant process parameters of a
microarray experiment cannot be measured routinely in a high throughput
environment. As an alternative, we propose to use the measurement val-
ues of the microarrays themselves to control the stability of the production
process. However, these measurements are extremely high dimensional and
contain outliers, prohibiting the application of standard MVSPC methods.
We show that it is nevertheless possible to apply MVSPC techniques, when
using robust PCA [81] to remove outliers and reduce data dimensionality.

Furthermore, we introduce novel methods that provide additional infor-
mation about the nature of a process error (e.g. probe permutation vs.
change in probe concentration). We demonstrate on three large DNA methy-
lation microarray datasets that this technique is a powerful tool to detect
process errors in microarray experiments.

The rest of the chapter is structured as follows. In the first section we give
a short introduction to the process that generated our microarray data and
point out typical sources of artefacts. In the second section we demonstrate
how robust PCA can be used to detect abnormal hybridizations. This is
an essential prerequisite for the application of statistical process control to
microarray data. Finally MVSPC is introduced in the third section and we
develop a method to check whether all essential conditions stay constant over
the course of an experimental series.
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a b c

d e f

Figure 3.1: Typical artefacts in microarray based methylation analysis. The plots show the
correlation between single or averaged methylation profiles. Every point corresponds to a
single CpG position, the axis-values are log ratios. a) A normal chip, showing good corre-
lation to the sample average. b) A chip classified as “unacceptable” by visual inspection.
Many spots showed no signal, resulting in a log ratio of 0 after thresholding the signals
to ε > 0. c) A chip classified as “good”. Hybridization conditions were not stringent
enough, resulting in saturation. In many cases pairs of CG and TG oligos showed nearly
identical high signals, giving a log ratio around 0. d) A chip classified as “acceptable”.
Hybridization signals were weak compared to the background intensity, resulting in a high
amount of noise. e) Comparison of group averages over all 64 ALL/AML chips hybridized
at 42◦C and all 48 ALL/AML chips hybridized at 44◦C. f) Comparison of group averages
over 447 regular chips from the lymphoma dataset and the 200 chips with a simulated
accidental probe exchange during slide production, affecting 12 CpG positions.
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3.1 Microarray data and typical sources of
error

In the following, nq is the number of CG-TG oligo pairs per slide, ns is the
number of biological samples in the study and nc is the number of hybridized
chips in the study. For a specific oligo pair q ∈ {1, . . . , nq}, the frequency
of methylated alleles in sample s ∈ {1, . . . , ns}, hybridized onto chip c ∈
{1, . . . , nc} can then be quantified by one of the methylation scores from
Section 2.3 as dcq = Sp(q)

(
{OCG

q,i,c, O
TG
q,i,c}i=1...nr

)
. Since we will often assume

normality of our data in the following sections the methylation score should
have stable variance. Througout this chapter we will use the log difference
score. We refer to a single hybridization experiment c as experiment or
chip. The resulting set of measurement values is the methylation profile
dc = (dc1, ..., dcnq)

′.
In order to illustrate typical error sources we use the Lymphoma dataset

(see Appendix A) with its more than 9 repeated hybridization experiments
c for every single biological sample s. With this high number of replications
for each biological sample the corresponding average methylation profile d̄s

can be reliably estimated. Here we use the L1-median

d̄s = argmin
x

∑
c∈Cs

‖dc − x‖2 (3.1)

to compute a robust estimate for the methylation profile of biological sample
s from its set of repetitions Cs. Outlier chips can then be relatively easily
detected by their strong deviation from the sample methylation profile d̄s.

Fig. 3.1a shows a typical chip classified as “good” by visual inspection.
The small random deviations from the sample median are due to the approx-
imately normally distributed experimental noise. A typical chip classified as
“unacceptable” by visual inspection is shown in Fig. 3.1b and can be easily
identified by the fact that many of the oligo pairs gave no signal which re-
sults in a log ratio of zero. The opposite case is shown in Fig. 3.1c. This chip
has very strong hybridization signals and was classified as “good” by visual
inspection. However, obviously the hybridization conditions have been too
unspecific and most of the oligos were saturated. Fig. 3.1d shows a chip clas-
sified as “acceptable”. Many of these chips give good measurements, however
some of them have such weak correlation with the true methylation profile
that they should be regarded as outliers.

Other potential error sources such as changing concentrations or handling
errors during slide production will influence whole chip batches. Variations
in hybridization buffer or salt concentration will systematically affect the
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P2

P4

P3

P1

CpG2

1CpG

Figure 3.2: Comparison between uni-
variate (central rectangle) and multi-
variate (ellipse) upper confidence inter-
vals. P1 is not detected as outlier by
univariate tk-distance, but by multi-
variate T 2-statistic. P2 is erroneously
detected as outlier by the univariate tk-
distance, but not by the multivariate
T 2-statistic. For P3 (non-outlier) and
P4 (outlier) both methods give the same
decisions.

melting temperature of the spotted oligos. Fig. 3.1e shows this systematic
effect by comparing hybridizations at two different temperatures. Finally,
Fig. 3.1f shows the simulation of an accidental probe exchange during slide
production, affecting 12 CpG positions.

After identifying possible error sources the question remains how to re-
liably detect them, if they cannot be avoided with absolute certainty. Our
objective is to exclude single outlier chips from the analysis and to detect
systematic changes in experimental conditions as early as possible in order
to facilitate a fast recalibration of the production process.

In the following we will introduce a method to detect systematic errors
which does not rely on repeated hybridization experiments and makes no
explicit assumptions about error sources. This will be achieved in three
major steps. First outliers are removed by robust PCA. Then classical PCA
is used for dimension reduction. Finally methods from MVSPC are applied
to detect changes in experimental conditions.

3.2 Detecting outlier chips with robust PCA

3.2.1 Methods

As a first step we aim to detect single outlier chips. In contrast to statistical
approaches based on image features of single slides [22] we will use the over-
all distribution of the whole experimental series. This is motivated by the
fact that although image analysis algorithms will successfully detect bad hy-
bridization signals, they will usually fail in cases of unspecific hybridization.
The idea is to identify the region in measurement space where most of the
chips dc, c = 1 . . . nc, are located. The region will be defined by its center
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and an upper limit for the distance between a single chip and the region
center. Chips with deviations higher than the upper limit will be regarded
as outliers.

A simple approach would be to separately define for every dimension (in
our case oligo pair) q the deviation of a chip c from the centerµq as

tq(c) =
|dcq − µq|

sq

, (3.2)

where µq = (1/nc)
∑

c dcq is the mean and s2
q = 1/(nc − 1)

∑
c(dcq − µq)

2

is the sample variance overall chips. Assuming that the dcq are normally
distributed, tq multiplied by a constant follows a t-distribution with nc −
1 degrees of freedom. This can be used to define the upper limit of the
admissible region for a given significance level α [109].

However, a separate treatment of the different dimensions is only optimal
when they are statistically independent. As Fig. 3.2 demonstrates it is im-
portant to take into account the correlation between different dimensions. It
is possible that a point which is not detected as an outlier by a component
wise test is in reality an outlier (e.g. P1 in Fig. 3.2). On the other hand,
there are points that will be erroneously detected as outliers by a component
wise test (e.g. P2 in Fig. 3.2). Because microarray data have usually a very
high correlation, it is better to use a multivariate distance concept instead of
the simple univariate tq-distance. A natural generalization of the tq-distance
is given by Hotelling’s T 2 statistic, defined as

T 2(c) = (dc − µ)′S−1(dc − µ) (3.3)

with mean µ = (1/nc)
∑nc

c=1 dc and sample covariance matrix S = 1/(nc −
1)
∑nc

c=1(dc − µ)(dc − µ)′. Assuming that the dc are multivariate normally
distributed, T 2 multiplied by a constant follows a F -distribution with nq

degrees of freedom for the numerator and nc − nq for the denominator. This
can be used to define the upper limit of the admissible region for a given
significance level α [109].

Two problems arise when we want to use the T 2-distance for microarray
data:

1. For less chips nc than dimensions nq, the sample covariance matrix S
is singular and not invertible.

2. The estimates for µ and S are not robust against outliers [107].

The first problem can be addressed by using principle component analysis
(PCA) to reduce the dimensionality of the measurement space [109]. This is
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done by projecting all measurement profiles dc onto the first k eigenvectors
with the highest variance. As a result we get the k-dimensional centered
vectors d̃c = PPCA(dc − µ) in eigenvector space. After the projection, the
covariance matrix S̃ = diag(s̃1, . . . , s̃d) of the reduced space is a diagonal
matrix and the T 2-distance of Eq. 3.3 is approximated by the T 2-distance in
the reduced space

T̃ 2(c) =
k∑

r=1

d̃2
cr

s̃2
r

. (3.4)

Under the assumption that the true variances are equal to the observed vari-
ances s̃r, T̃ 2 follows a χ2 distribution with k degrees of freedom. This can be
used to define the upper limit of the admissible region for a given significance
level α. However, the problem remains that the estimated eigenvectors and
variances s̃r are not robust against outliers.

We propose to solve the problem of outlier sensitivity by using robust
principle component analysis (rPCA) [81]. rPCA finds the first k directions
with the largest scale in data space, robustly approximating the first k eigen-
vectors. The algorithm starts with centering the data with a robust location
estimator. Here we use the L1 median

µL1 = argmin
x

nc∑
c=1

‖dc − x‖2. (3.5)

In contrast to the simple component wise median this gives a robust estimate
of the distribution center that is invariant to orthogonal linear transforma-
tions such as PCA [107].

Then all centered observations are projected onto a finite subset of all
possible directions in measurement space. The direction with maximum ro-
bust scale is chosen as an approximation of the largest eigenvector (e.g. by
using the Qn estimator [34]). After projecting the data into the orthogonal
subspace of the selected “eigenvector” the procedure searches for an approx-
imation of the next eigenvector. Following Hubert et al. we have simply
chosen the finite set of possible directions as the set of centered observa-
tions themselves. Note that in our experience the concrete choice of robust
estimators for location and scale has no crucial impact on the results.

After obtaining a robust projection of the data into a k-dimensional sub-
space we can compute the outlier insensitive T̃ 2-distance and its respective
upper limit of the admissible region T̃ 2

UCL, also referred to as the upper con-
trol limit (UCL). For a given significance level α it is computed as

T̃ 2
UCL = χ2

k,1−α. (3.6)

Every observation dc with T̃ 2(c) > T̃ 2
UCL is regarded as an outlier.
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Figure 3.3: T̃ 2-Distances of robust PCA versus classical PCA for the Lymphoma dataset.
The T̃ 2

UCL-values are shown as two dotted lines. Chips, right of the vertical line are
detected as outlier by robust PCA. Chips above the horizontal line are detected as outlier
by classical PCA. Chips classified as “unacceptable“ by visual inspection are shown as
squares, “acceptable“ chips as triangles and “good“ chips as crosses. Note that the “good”
chips detected as outliers by rPCA have all been confirmed to show saturated hybridization
signals. The T̃ 2

UCL-values are calculated with k = 10 and significance level α = 0.025.
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3.2.2 Results

We tested the rPCA algorithm by comparing its performance to classical
PCA on the Lymphoma dataset. The results are shown in Fig. 3.3.

The rPCA algorithm detected 97% of the chips with “unacceptable“ qual-
ity, whereas classical PCA only detected 29%. 10% of the “acceptable” chips
were detected as outliers by rPCA, whereas PCA detected 3%. rPCA de-
tected 21 chips as outliers which were classified as “good”. These “good”
chips have all been confirmed to show saturated hybridization signals, not
identified by visual inspection. This means that rPCA is able to detect
nearly all cases of outlier chips identified by visual inspection. Additionally
rPCA detects microarrays which have unconspicous image quality but show
an unusual hybridization pattern.

An obvious concern with this use of rPCA for outlier detection is that it
relies on the assumption of normal distribution of the data. If the distribu-
tion of the biological data is highly multi-modal, biological subclasses may
be wrongly classified as outliers. To quantify this effect we simulated a very
strong cluster structure in the Lymphoma data by shifting one of the smaller
subclasses by a multiple of the standard deviation. Only when the measure-
ments of all 174 CpG of the subclass where shifted by more than 2 standard
deviations a considerable part of the biological samples were wrongly classi-
fied as outliers.

This situation can only be reliably detected when there are repeated hy-
bridization experiments for every sample. In this case the fraction of outlier
chips per sample can be computed. A high fraction would indicate a biolog-
ical cause. We used a threshold of 50% outlier chips per sample to detect
outliers resulting from biological effects. However, we never encountered such
a situation in our datasets.

3.3 Statistical process control

3.3.1 Methods

In the last section we have seen how outliers can be detected solely on the
basis of the overall data distribution. Statistical process control expands this
approach by introducing the concept of time. The idea is to observe the
variables of a process for some time under perfect working conditions. The
data collected during this period form the so called historical dataset (HDS).
Under the assumption that all variables are normally distributed, the mean
µHDS and the sample covariance matrix SHDS of the historical dataset fully
describe the statistical behavior of the process.
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Given the historical dataset it becomes possible to check at any time point
i how far the current state of the process has deviated from the perfect state
by computing the T 2-distance between the ideal process mean µHDS and the
current observation di. This corresponds to Eq. 3.3 with the overall sample
estimates µ and S replaced by their reference counterparts µHDS and SHDS.
Any change in the process will cause observations with greater T 2-distances.
To decide whether an observation shows a significant deviation from the HDS
we compute the upper control limit as

T 2
UCL =

p(n + 1)(n− 1)

n(n− p)
Fp,n−p,1−α, (3.7)

where p is the number of observed variables, n is the number of observations
in the HDS, α is the significance level and F is the F -distribution with p de-
grees of freedom for the numerator and n−p for the denominator. Whenever
T 2 > T 2

UCL is observed the process has to be regarded as significantly out of
control [112].

In our case the process to control is a microarry experiment and the only
process variables we have are the log ratios of the actual hybridization in-
tensities. A single observation is then a chip di and the HDS of size NHDS

is defined as {d1, ...,dNHDS
}. We have to be aware of a few important issues

in this interpretation of statistical process control. Firstly, our data has a
multi-modal distribution which results from a mixture of different biological
samples and classes. Therefore the assumption of normality is only a rough
approximation and T 2

UCL from Eq. 3.7 should be regarded with caution. Sec-
ondly, as we have seen in the last sections, microarray experiments produce
outliers, resulting in transgression of the UCL. This means that sporadic vi-
olations of the UCL are normal and do not indicate that the process is out
of control. The third issue is that we have to use the assumption that a
microarray study will not systematically change its data generating distribu-
tion over time. Therefore the experimental design has to be randomized or
block randomized, otherwise a systematic change in the true biological data
would be interpreted as an out of control situation (e.g. when all patients
with the same disease subtype are measured in one block). Finally, the ques-
tion remains what time means in the context of a microarray experiment.
Beside the biological variation in the data, there are a multitude of different
parameters which can systematically alter the final hybridization intensities.
The experimental series should stay constant with regard to all of them. In
our experience the best initial choice is to order the chips by their date of hy-
bridization, which shows a very high correlation to most process parameters
of interest.
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1. Order chips according to the parameter of interest, e.g. date of hybridization.

2. Take the set of ordered chips {d1, ...,dnc
}, remove outliers with rPCA for com-

puting the first k eigenvectors with classical PCA

3. Project the set of all ordered chips {d1, ...,dnc
} into the k-dimensional subspace

spanned by the computed eigenvectors

4. Select the first NHDS chips {d1, ...,dNHDS
} as historical dataset, remove outliers

with rPCA for computing µHDS and SHDS .

5. For every time index i ∈ {1, ..., nc}

(a) Compute T 2-distance between di and µHDS .

(b) If NCDS

2 < i < nc − NCDS

2

i. Select {di−NCDS/2, ...,di, ...,di+NCDS/2} as current dataset, remove
outliers with rPCA for computing µCDS and SCDS .

ii. Compute T 2
w-distance between µHDS and µCDS .

iii. Compute L-distance between SHDS and SCDS .

6. Generate T 2 control chart by plotting T 2, T 2
w and L.

Figure 3.4: Algorithm for generating a T 2 control chart. Major parameters of the al-
gorithm are the subspace dimensions and the window sizes NHDS and NCDS . Here we
have always used the same number of principle components k for the robust PCA and the
embedding and set the window sizes to five times the number of free parameters in the
covariance estimate NHDS = NCDS = 5k(k+1)

2 .
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Although it is certainly interesting to look how single hybridization ex-
periments di compare to the HDS, we are more interested in how the general
behavior of the chip process changes over time. Therefore we define the cur-
rent dataset (CDS) as {di−NCDS/2, . . . ,di, . . . ,di+NCDS/2}, where i is the time
of interest. This allows us to look at the data distribution in a time interval
of size NCDS around i. In analogy to the classical setting in statistical process
control we can define the T 2-distance between the HDS and the CDS as

T 2
w(i) = (µHDS − µCDS)T S̄−1(µHDS − µCDS), (3.8)

where S̄ is calculated from the sample covariance matrices SHDS and SCDS

as
S̄ =

(NHDS − 1)SHDS + (NCDS − 1)SCDS

NHDS + NCDS − 2
. (3.9)

Although it is possible to use the T 2
w-distance between the historical and cur-

rent dataset to test for µHDS = µCDS, this information is relatively mean-
ingless. The hypothesis that the means of HDS and CDS are equal would
almost always be rejected, due to the high power of the test. What is of
more interest is Tw itself, which is the amount by which the two sample
means differ in relation to the standard deviation of the data.

In order to see whether an observed change of the T 2
w-distance comes

from a simple translation, it is also interesting to compare the two sample
covariances SHDS and SCDS. A translation in log(CG/TG) space means that
the hybridization intensities of HDS and CDS differ only by a constant factor
(e.g. a change in probe concentration). This situation can be detected by
looking at

L(i) = 2
[
ln |S̄| − NHDS − 1

NHDS + NCDS − 2
ln |SHDS|

− NCDS − 1

NHDS + NCDS − 2
ln |SCDS|

]
,

which is the test statistics of the likelihood ratio test for different covari-
ance matrices [72]. It gives a distance measure between the two covariance
matrices (i.e. L = 0 means equal covariances).

Before we can apply the described methods to a real microarray dataset
we have again to solve the problem that we need a non-singular and outlier
resistant estimate of SHDS and SCDS. In contrast to the last section, the
simple approximation of SHDS by its first principle components will not work
here. The reason is that changes in the experimental conditions outside the
HDS will not necessarily be represented in the first principle components of
SHDS.
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HDS

38°C 42°C 44°C 46°C
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Figure 3.5: T 2 control chart of Temperature experiment. The same ALL/AML samples
were hybridized at 4 different temperatures. The upper plot shows the T -distance of all 207
hybridizations to the HDS, where the grey curve shows the running average as computed
by a lowess fit [160]. The lower plot shows the Tw- and L-distance between HDS and CDS
with a window size of NHDS = NCDS = 30.

The solution is to first embed all the experimental data into a lower
dimensional space by PCA. This works, because any significant change in
the experimental conditions will be captured by one of the first principle
components. SHDS and SCDS can then be reliably computed in the lower
dimensional embedding. The problem of robustness is simply solved by first
using robust PCA to remove outliers before performing the actual embedding
and before computing the sample covariances. A summary of our algorithm
is given in Fig. 3.4.

With the computed values for T 2, T 2
w and L we can now generate a plot

that visualizes the quality development of the chip process over time, a so
called T 2 control chart.

3.3.2 Results

The first example is shown in Fig. 3.5, which demonstrates how our algorithm
detects a change in hybridization temperature (see Appendix A for dataset
description). As can be expected, the T 2-value grows with an increase in hy-
bridization temperature. The systematic increase of the L-distance indicates
that this is not only caused by a simple translation in methylation space.
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Time

HDS

L

T

Figure 3.6: T 2 control chart of simulated probe exchange in the Lymphoma dataset.
Between chips 300 and 500 an accidental oligo probe exchange during slide production
was simulated by rotating 12 randomly selected CpG positions. The upper plot shows the
T -distance of all 647 hybridizations, where the grey curve shows the running average as
computed by a lowess fit [160]. Triangular points are chips classified as “unacceptable” by
visual inspection. The lower plot shows the Tw- and L-distance between HDS and CDS
with a window size of NHDS = NCDS = 75.
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Time
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Figure 3.7: T 2 control chart of ALL/AML study. Over the course of the experiment a
total of 46 oligomeres for 35 different CpG positions had to be re-synthesized. Oligos were
replaced at time indices 234 and 315. The upper plot shows the T -distance of all 433
hybridizations, where the grey curve shows the running average as computed by a lowess
fit [160]. The lower plot shows the Tw- and L-distance between HDS and CDS with a
window size of NHDS = NCDS = 75.

The process has to be regarded as clearly out of control, because almost all
chips are above the UCL after the temperature change and the process cen-
ter has drifted more than Tw = 4 standard deviations away from its original
location.

Fig. 3.6 shows how our method detects the simulated handling error in
the Lymphoma dataset (see Appendix A). The affected chips can be clearly
identified by the significant increase in the T 2-distances as well as by their
change in the covariance structure.

Finally, Fig. 3.7 shows the T 2 control chart of the ALL/AML study (see
Appendix A). It clearly indicates that the experimental conditions signif-
icantly changed two times over the course of the study. A look at the L-
distance reveals that the covariance within the two detected artefact blocks
is identical to the HDS. A change in covariance can be detected only when
the CDS window passes the two borders. This clearly indicates that the
observed effect is a simple translation of the process mean.

The major practical problem is now to identify the reasons for the changes.
In this regard the most valuable information from the T 2 control chart is the
time point of process change. It can be cross-checked with the laboratory
protocol and the process parameters which have changed at the same time
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can be identified. In our case the two process shifts corresponded to the time
of replacement of re-synthesized probe oligos for slide production, which were
obviously delivered at a wrong concentration. After exclusion of the affected
CpG positions from the analysis the T 2 chart showed normal behavior and
the overall noise level of the dataset was significantly reduced.
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Class prediction and feature
selection

The probably most important application of microarray technology from a
scientific as well as from a clinical point of view is the classification of tis-
sue types, especially the prediction of tumor malignancy, aggressiveness and
response to treatment [67, 1, 111, 4, 126]. In order to perform a methyla-
tion based tissue class prediction we will use the well known support vector
machine algorithm [158, 27]. This algorithm has shown outstanding per-
formance in several areas of application and has already been successfully
used to classify mRNA expression data [10, 168, 23, 65]. The major problem
of all classification algorithms for methylation and expression data analysis
alike is the high dimension of input space compared to the small number of
available samples. Although the support vector machine is designed to over-
come this problem it still suffers from these extreme conditions. Therefore
feature selection is of crucial importance for good performance [16, 168, 10]
and we give special consideration to it by comparing several methods on our
methylation data.

The dataset we use as an example (see Appendix A) consists of cell lines
and primary tissue obtained from patients with acute lymphoblastic leukemia
(ALL) or acute myeloid leukemia (AML). A total of 17 ALL and 8 AML sam-
ples were included. The methylation status of these samples was evaluated
at 81 CpG dinucleotide positions.

The rest of this chapter is organised as follows. In the first section, we
give a short introduction to the support vector machine and describe our
experimental setting. In the second section, we address the problem of feature
selection by introducing and comparing several methods. Results on the
leukemia dataset are given for all methods.
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4.1 Support Vector Machines

In our case, the task of cancer classification consists of constructing a ma-
chine that can predict the leukemia subtype (ALL or AML) from a patients
methylation pattern. For every patient sample this pattern is given as the av-
erage1 methylation scores diq = meanc∈CsSp(q)

(
{OCG

q,k,c, O
TG
q,k,c}k=1...nr

)
, where

i is the respective patient sample index and q a specific oligo pair. The com-
plete patient methylation profile is given by the vector di = (di1, ..., dinq)

′.
Througout this chapter we will use the log difference score.

Based on a given set of training examples D = {di : di ∈ Rnq} with known
diagnosis Y = {yi : yi ∈ {ALL, AML}} a discriminant function f : Rnq →
{ALL, AML}, where nq is the number of oligo pairs (and for this dataset
also CpG positions), has to be learned. The number of misclassifications of
f on the training set {D, Y } is called training error and is usually minimized
by the learning machine during the training phase. However, what is of
practical interest is the capability to predict the class of previously unseen
samples, the so called generalization performance of the learning machine.
This performance is usually estimated by the test error, which is the number
of misclassifications on an independent test set {D′, Y ′}.

The major problem of training a learning machine with good generaliza-
tion performance is to find a discriminant function f which on the one hand
is complex enough to capture the essential properties of the data distribu-
tion, but which on the other hand avoids over-fitting the data. The Support
Vector Machine (SVM) tries to solve this problem by constructing a linear
discriminant that separates the training data and maximises the distance to
the nearest points of the training set. This maximum margin separating hy-
perplane minimizes the ratio between the radius of the minimum enclosing
sphere of the training set and the margin between hyperplane and training
points. This corresponds to minimising the so called radius margin bound
on the expected probability of a test error and promises good generalization
performance [158].

Of course there are more complex classification problems, where the de-
pendence between class labels yi and features di is not linear and the train-
ing set can not be separated by a hyperplane. In order to allow for non-
linear discriminant functions the input space can be non-linearly mapped
into a potentially higher dimensional feature space by a mapping function
Φ : di 7→ Φ(di). Because the SVM algorithm in its dual formulation uses
only the inner product between elements of the input space, the knowledge of
the kernel function k(di,dj) = 〈Φ(di) ·Φ(dj)〉 is sufficient to train the SVM.

1Every hybridisation experiment was at least 3 times repeated and the results averaged.
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Training Error Test Error Training Error Test Error
2 Features 2 Features 5 Features 5 Features

Linear Kernel
Fisher Criterion 0.01 0.05 0.00 0.03
Golub’s Method 0.01 0.05 0.00 0.04
t-Test 0.05 0.13 0.00 0.08
Backward Elimination 0.02 0.17 0.00 0.05
PCA 0.13 0.21 0.05 0.28
No Feature Selection† 0.00 0.16
Quadratic Kernel
Fisher Criterion 0.00 0.06 0.00 0.03
Golub’s Method 0.00 0.06 0.00 0.05
t-Test 0.04 0.14 0.00 0.07
Backward Elimination 0.00 0.12 0.00 0.05
PCA 0.10 0.30 0.00 0.31
Exhaustive Search 0.00 0.06 - -
No Feature Selection† 0.00 0.15

Table 4.1: Performance of different feature selection methods. † The SVM was trained
on all 81 features.

It is not necessary to explicitly know the mapping Φ and a non-linear SVM
can be trained efficiently by computing only the kernel function. Here we
will only use the linear kernel k(di,dj) = 〈di · dj〉 and the quadratic kernel
k(di,dj) = (〈di · dj〉+ 1)2.

In the next section we will compare SVMs trained on different feature
sets. In order to evaluate the prediction performance of these SVMs we
used a cross-validation method [14]. For each classification task, the samples
were partitioned into 8 groups of approximately equal size. Then the SVM
predicted the class for the test samples in one group after it had been trained
using the 7 other groups. The number of misclassifications was counted over
8 runs of the SVM algorithm for all possible choices of the test group. To
obtain a reliable estimate for the test error the number of misclassifications
were averaged over 50 different partitionings of the samples into 8 groups.

4.2 Feature selection

The simplest way for applying a SVM to our methylation data is to use every
CpG position as a separate dimension, not making any assumption about the
interdependence of CpG sites from the same gene. On the leukemia subclas-
sification task the SVM with linear kernel trained on this 81 dimensional
input space had an average test error of 16%. Using a quadratic kernel did
not significantly improve the results (see Table 4.1). An obvious explanation
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for this relatively poor performance is that we have only 25 data points (even
less in the training set) in a 81 dimensional space. Finding a separating hy-
perplane under these conditions is a heavily under-determined problem. And
as it turns out, the SVM technique of maximising the margin is not sufficient
to find the solution with optimal generalization properties. It is necessary
to reduce the dimensionality of the input space while retaining the relevant
information for classification. This should be possible because it can be ex-
pected that only a minority of CpG positions has any connection with the
two subtypes of leukemia.

4.2.1 Principle Component Analysis

The probably most popular method for dimension reduction is principle com-
ponent analysis (PCA) [14]. For a given training set D, PCA constructs a
set of orthogonal vectors (principle components) which correspond to the di-
rections of maximum variance. The projection of D onto the first k principle
components gives the 2-norm optimal representation of D in a k-dimensional
orthogonal subspace. Because this projection does not explicitly use the class
information Y , PCA is an unsupervised learning technique.

In order to reduce the dimension of the input space for the SVM we per-
formed a PCA on the combined training and test set {D, D′} and projected
both sets on the first k principle components. This gives considerably better
results than performing PCA only on the training set D and is justified by the
fact that no label information is used. However, the generalization results for
k = 2 and k = 5, as shown in Table 4.1, were even worse than for the SVM
without feature selection. The reason for this is that PCA does not necessar-
ily extract features that are important for the discrimination between ALL
and AML. It first picks the features with the highest variance, which are in
this case discriminating between cell lines and primary patient tissue (see
Fig. 4.1a), i.e. subgroups that are not relevant to the classification task. As
is shown in Fig. 4.2, features carrying information about the leukemia sub-
classes appear only from the 9th principle component on. The generalization
performance including the 9th component is significantly better than for a
SVM without feature selection. However, it seems clear that a supervised
feature selection method, which takes the class labels of the training set into
account, should be more reliable and give better generalization.
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Figure 4.1: Feature selection methods. a) Principle component analysis. The whole
dataset was projected onto its first 2 principle components. Circles represent cell lines,
triangles primary patient tissue. Filled circles or triangles are AML, empty ones ALL
samples. b) Fisher criterion. The 20 highest ranking CpG sites according to the Fisher
criterion are shown. The highest ranking features are on the bottom of the plot. High
probability of methylation corresponds to black, uncertainty to grey and low probability
to white. c) Two sample t-test. d) Backward elimination.
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Figure 4.2: Dimension dependence of feature selection performance. The plot shows the
generalization performance of a linear SVM with four different feature selection methods
against the number of selected features. The x-axis is scaled logarithmically and gives the
number of input features for the SVM, starting with two. The y-axis gives the achieved
generalization performance. Note that the maximum number of principle components
corresponds to the number of available samples. The performance of Golub’s method was
very similar to the Fisher criterion and is not shown.
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4.2.2 Fisher criterion and t-test
A classical measure to asses the degree of separation between two classes
is given by the Fisher criterion [14]. In our case it gives the discriminative
power of the kth CpG as

J(k) =
(µALL

k − µAML
k )2

σALL
k

2
+ σAML

k
2 ,

where µ
ALL/AML
k is the mean and σ

ALL/AML
k is the standard deviation of all

dik with yi = ALL/AML. The Fisher criterion gives a high ranking for CpGs
where the two classes are far apart compared to the within class variances.
Fig. 4.1b shows the methylation profiles of the best 20 CpGs according to
the Fisher criterion. The very similar criterion

G(k) =
|µALL

k − µAML
k |

σALL
k + σAML

k

was used by Golub and coworkers for their ALL/AML classification based
on mRNA expression data [67]. Its relation to the Fisher criterion is given
by

G2(k) = J(k)

(
1 +

2σALL
k σAML

k

σALL
k

2
+ σAML

k
2

)−1

,

which shows the preference of Golub’s ranking for features with different
within class variances compared to the Fisher criterion.

Another approach to rank CpGs by their discriminative power is to use
a test statistic for computing the significance of class differences. Here we
assumed a normal distribution of the methylation levels of a CpG position
within a class and used a two sample t-test to rank the CpGs according to
the significance of the difference between the class means [113]. Fig. 4.1c
shows the ranking, which is very similar to the Fisher criterion because a
large mean difference and a small within class variance are the important
factors for both methods.

In order to improve classification performance we trained SVMs on the k
highest ranking CpGs according to the Fisher criterion, Golub’s method or
t-test. Fig. 4.3 shows a trained SVM on the best two CpGs from the Fisher
criterion. The test errors for k = 2 and k = 5 are given in Table 4.1. The
results show a dramatic improvement of generalization performance. Using
the Fisher criterion for feature selection and k = 5 CpGs the test error was
decreased to 3% compared to 16% for the SVM without feature selection.
Fig. 4.2 shows the dependence of generalization performance from the se-
lected dimension k and indicates that especially the Fisher criterion gives
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Figure 4.3: Support Vector Machine on two best features of the Fisher criterion. The
plot shows a SVM trained on the two highest ranking CpG sites according to the Fisher
criterion with all ALL and AML samples used as training data. The black points are
AML, the grey ones ALL samples. Circled points are the support vectors defining the
white borderline between the areas of AML and ALL prediction. The grey value of the
background corresponds to the prediction strength.

dimension independent good generalization for reasonable small k. The per-
formance of Golub’s ranking method was equal or slightly inferior to the
Fisher criterion on our dataset, whereas the t-test performance was consid-
erably worse for small feature numbers.

Although the described CpG ranking methods give very good generaliza-
tion, they have some potential drawbacks. One problem is that they can only
detect linear dependencies between features and class labels. A simple XOR
or even OR combination of two CpGs would be completely missed. Another
drawback is that redundant features are not removed. In our case there are
usually several CpGs from the same gene which have a high likelihood of
comethylation. This can result in a large set of high ranking features which
carry essentially the same information. Although the good results seem to in-
dicate that the described problems do not appear in our dataset, they should
be considered.
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4.2.3 Backward elimination

PCA, Fisher criterion and t-test construct or rank features independent of the
learning machine that does the actual classification and are therefore called
filter methods [16]. Another approach is to use the learning machine itself
for feature selection. These techniques are called wrapper methods and try
to identify the features that are important for the generalization capability
of the machine. Here we propose to use the features that are important for
achieving a low training error as a simple approximation. In the case of
a SVM with linear kernel these features are easily identified by looking at
the normal vector w of the separating hyperplane. The smaller the angle
between a feature basis vector and the normal vector the more important is
the feature for the separation. Features orthogonal to the normal vector have
obviously no influence on the discrimination at all. This means the feature
ranking is simply given by the components of the normal vector as w2

k. Of
course this ranking is not very realistic because the SVM solution on the full
feature set is far from optimal as we demonstrated in the last subsections. A
simple heuristic is to assume that the feature with the smallest w2

k is really
unimportant for the solution and can be safely removed from the feature
set. Then the SVM can be retrained on the reduced feature set and the
procedure is repeated until the feature set is empty. Such a successive feature
removal is called backward elimination [16]. The resulting CpG ranking on
our dataset is shown in Fig. 4.2d and differs considerably from the Fisher and
t-test rankings. It seems backward elimination is able to remove redundant
features. However, as shown in Table 4.1 and Fig. 4.2 the generalization
results are not better than for the Fisher criterion. Furthermore, backward
elimination seems to be more dimension dependent and it is computationally
more expensive. It follows that at least for this dataset the simple Fisher
criterion is the preferable feature selection technique.

4.2.4 Exhaustive search

A canonical way to construct a wrapper method for feature selection is to
evaluate the generalization performance of the learning machine on every
possible feature subset. Cross-validation on the training set can be used to
estimate the generalization of the machine on a given feature set. What
makes this exhaustive search of the feature space practically useless is the
enormous number of

∑n
k=0

(
n
k

)
= 2n different feature combinations and there

are numerous heuristics to search the feature space more efficiently (e.g.
backward elimination) [16].
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Here we only want to demonstrate that there are no higher order cor-
relations between features and class labels in our dataset. In order to do
this we exhaustively searched the space of all two feature combinations. For
every of the

(
81
2

)
= 3240 two CpG combinations we computed the leave-one-

out cross-validation error of a SVM with quadratic kernel on the training
set. From all CpG pairs with minimum leave-one-out error we selected the
one with the smallest radius margin ratio. This pair was considered to be
the optimal feature combination and was used to evaluate the generalization
performance of the SVM on the test set.

The average test error of the exhaustive search method was with 6% the
same as the one of the Fisher criterion in the case of two features and a
quadratic kernel. For five features the exhaustive computation is already in-
feasible. In the absolute majority of cross-validation runs the CpGs selected
by exhaustive search and Fisher criterion were identical. In some cases sub-
optimal CpGs were chosen by the exhaustive search method. These results
clearly demonstrate that there are no second order combinations of two fea-
tures in our dataset that are important for an ALL/AML discrimination.
We expect that higher than second order combinations of more than two
features can not be detected reliably with such a limited sample size. There-
fore the Fisher criterion should be able to extract all classification relevant
information from our dataset.
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Identification and validation of
colorectal neoplasia-specific
methylation markers

Although colorectal cancer is the second most common cause of malignant
death in industrialized countries, the mechanisms and pathways of the neo-
plastic events associated with this complex disease are not well understood.
Genetic alterations in colorectal neoplasia have been studied extensively as
candidate markers for detection and analysis of the disease [87, 161, 58,
29, 88], but much less is known about epigenetic changes, including aber-
rant methylation of genes. Several genes have been shown to be prefer-
entially hypermethylated in both colorectal cancer and premalignant ade-
nomas with dramatic effects on the expression of their resultant proteins
[77, 76, 92, 93, 90] indicating that silencing of tumor suppressor genes or
other genes in tumor pathways can occur both from mutation events and/or
aberrant methylation.

Application of expression-based microarray profiling has proven effective
in distinguishing RNA profile differences between tumor types and classes
providing information for understanding of tumor pathways [67, 4]. Re-
cently, this technology has been adapted to methylation-based microarray
profiling which can distinguish the epigenetic methylation profile of samples
from large groups of patients [1, 66]. This type of analysis detects methyla-
tion ratios at CpG positions that have been amplified by polymerase chain
reaction (PCR) from bisulfite-modified genomic DNA. By evaluating modi-
fied DNA from different patient populations, these arrays have been used to
identify methylation markers that distinguish among types of tumors, dif-
ferentiate tumors from normal tissue and predict clinical outcome [1]. Since
the methylation microarray requires larger amounts of DNA it is not appli-
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cable to clinical situations where only low levels of DNA are available from
samples such as biopsies or body fluids. To achieve sensitive detection of
DNA methylation from such sources, real-time PCR methods, for example
MethyLight, can be used to distinguish patient profiles [45].

From a clinical perspective more accurate detection markers are needed to
improve the effectiveness and efficiency of both the screening and surveillance
of colorectal neoplasia. Aberrantly methylated genes represent attractive
candidate markers for this purpose, as cancer-specific methylation changes
occur early in tumorigenesis [78], appear to be stable, yield a positive ampli-
fiable signal, and can be assayed with high analytical sensitivity. Unfortu-
nately, many or the more commonly described methylation markers in the lit-
erature such as ER, MGMT, MLH1 and CDKN2a have not been adequately
tested for specificity to a target cancer by simultaneously analyzing methyla-
tion status across multiple tumor types and normal tissue. As a result many
of these most widely investigated markers are not suitable for specific detec-
tion of a particular disease. For example, methylation of the gene CDKN2a
(p16) has been reported to be found in blood from patients with numerous
types of cancer including oral cancer, gastric cancer, melanoma, non-small
cell lung cancer, hepatocellular cancer, and bladder cancer in a number of
independent studies [119, 154, 83, 110, 28, 156]. Clearly, methylation of this
gene is important in neoplastic progression, but its utility as a specific marker
for a single cancer in a screening application is questionable. Furthermore,
CDKN2a has been shown to be methylated in blood from individuals with
non-cancerous diseases, albeit at a lower rate [28, 79].

Because of the genetic heterogeneity of colorectal neoplasia, multiple ge-
netic markers may be required for acceptable tumor detection rates [2, 40].
Since methylation occurs early and in distinct genomic areas, it might be pos-
sible to achieve high clinical sensitivity with a smaller number of methylated
DNA markers [77]. Feasibility studies have shown that aberrantly methy-
lated DNA markers can be assayed from serum or plasma [78, 175, 120, 52,
19, 155, 69], and from stool [3, 118, 25] to detect colorectal cancer. However,
robustly conducted genome-wide searches are needed to identify methylated
DNA sequences that optimally discriminate colorectal neoplasia from other
tissues and normal blood components.

In this study, we report the use of a genome-wide PCR-based discov-
ery process to identify sequences that are differentially methylated between
colorectal neoplasia, normal colon tissue and peripheral blood lymphocytes
(PBLs) from healthy age-matched individuals. We provide validation of these
differential methylation markers via use of both methylation microarrays and
real-time PCR for discrimination of colorectal neoplasia compared to healthy
mucosa and age-matched healthy PBLs and also to other disease states,
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including actively inflamed epithelia and malignant tissues. The markers
identified are consistent with the concept that hypermethylation is an im-
portant proponent of tumorogenesis since several of the candidates found in
our genome-wide screening have recently been implicated as being involved in
the neoplastic process and several candidates from our literature-based search
previously reported to be involved in cancer were verified in this study. The
high accuracy of these markers suggests that the sensitive, methylation spe-
cific real-time PCR assays described in this study may be useful for detection
of disease at early stages in blood and for interrogation of neoplastic path-
ways. Based on our comprehensive analysis of these candidate markers in
diverse tissue types we suggest potential applications for the markers.

5.1 Materials and methods

5.1.1 Patient samples

Institutional review boards at all participating sites approved this study.

Genome-wide discovery

Differentially methylated sequences were identified using pathologically ver-
ified colonic tissue samples obtained from the National Disease Research In-
terchange (NDRI, Philadelphia, PA/USA), the Cooperative Human Tissue
Network (CHTN, Nashville, TN/USA) and ILSbio (Chestertown, MD/USA).
These included 25 adenocarcinomas, 6 adenomas, and 42 tumor-free control
tissues. Normal blood for peripheral blood lymphocyte isolation was ob-
tained from Puget Sound Blood Center (Seattle, WA).

Gene array

Pathologically verified tissues were obtained from surgical procedures or en-
doscopic biopsies performed at the Mayo Clinic (Rochester, MN), Semmel-
weis University Clinic (Budapest, Hungary) or University Hospital Carl Gus-
tav Carus (Dresden, Germany). All normal tissues were obtained from pa-
tients endoscopically verified as absent of lesions and without a history of
neoplasia. The total sample set included 358 patient DNAs and two control
DNAs. The patient DNAs were extracted from 29 normal colon samples,
31 inflammatory bowel disease (IBD), 55 colon polyps (45 polyps <1cm,
10 polyps ≥1cm), 89 colorectal cancers (30 Dukes A/B, 56 Dukes C/D, 1
unknown, 2 high grade polyps≥1cm), 116 non-colonic cancer samples from
liver (9), bile duct (10), pancreas (10), lung (squamous and adenocarcinoma)
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(38), breast (28), prostate (5), esophagus (6), stomach (10), PBL (14) and
normal tissue from sites other than colon: esophagus mucosa (7), gastric
mucosa (7), liver (10). Additionally one control sample of unmethylated
human DNA (Molecular Staging), and one control sample of enzymatically
methylated DNA (SssI, NEB) was included. All colon and lung tissues were
matched by age/sex as well as location in the colon and the lung (central
and peripheral).

MethyLight assays

Pathologically verified tissues were obtained from surgical procedures or
endoscopic biopsies performed at the Mayo Clinic (Rochester, MN), Sem-
melweis University Clinic (Budapest, Hungary) or University Hospital Carl
Gustav Carus (Dresden, Germany) or by commercial sample collections per-
formed by Asterand (Detroit, MI), Integrated Lab Services (Research Tri-
angle Park, NC) and Clinomics (Pittsfield, MA) in accordance with a pro-
vided specimen collection protocol. The total sample set included 149 patient
DNAs from normal colon tissue (18), pathologically normal colon tissue adja-
cent to tumor (28), normal PBLs (25), IBD (9), colon polyps (11), colorectal
cancers (28), breast cancer (15) and liver cancer (15). Not all assays were
run on all samples because of limited DNA amounts.

5.1.2 DNA extraction

DNA extraction of snap-frozen surgical samples for discovery was performed
using Genomic Tip-500 columns (Qiagen, Valencia, CA). Extraction for the
microarray and real-time PCR assays was optimized by sample type includ-
ing tissue sections from snap-frozen tissue, frozen surgical specimens and
snap-frozen small biopsies. Surgical specimens from University Hospital Carl
Gustav Carus were extracted using Genomic Tip-100 columns. Frozen tissue
sections from Mayo Clinic were extracted using a MagNa Pure device (Roche
Applied Science; Indianapolis, IN). DNA from biopsies performed at Sem-
melweis University Clinic was prepared using Qiagen buffers and the High
Pure PCR Template Preparation Kit (Roche Applied Science).

5.1.3 Genome-wide identification of differentially methy-
lated sequences

To identify markers with high specificity for colon cancer we used pooled ge-
nomic DNA from colonic normal, adenomas and adenocarcinoma tissue and
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analyzed them using the previously described methods, methylation specific-
arbitrarily primed PCR (MS-APPCR) [104] and methylated CpG island am-
plification (MCA) [151].

Patient samples used in these experiments were divided into three age
groups: >65 years of age, 50 to 65 years, and <50 years. Samples were also
divided into 4 types depending on the extent of disease. 1) normal adjacent
tissue (NAT) (>6cm from tumor) or no disease, 2) adenomas, 3) cancer with
no nodal involvement or metastasis (N0M0), and 4) advanced disease with
nodal involvement (N1-2,M0) and/or metastasis (N1-2,M1). For each of these
age and disease groups 3-5 patient samples were combined into one pool. In
addition methylation patterns of all cancerous and pre-cancerous conditions
from all age groups were compared to age-matched normal peripheral blood
lymphocytes.

5.1.4 Gene array

The microarray was performed as described in Chapter 2 with oligonu-
cleotides covering regions of 43 discovery and literature-derived genes and
2 control genes. For the discovery derived genes primer pairs and oligonu-
cleotides were designed around the identified differentially methylated se-
quence whenever possible. Multiple primer pairs and oligonucleotides were
designed for some genes for a total of 54 amplicons and a total of 248 oligonu-
cleotide pairs. Each oligonucleotide contained 2-3 CpG sites. Hybridization
conditions allowed the detection of single nucleotide differences. Additionally
8 negative control oligonucleotides with random sequences were included to
facilitate estimation of unspecific background hybridization. The methyla-
tion proportion of each oligonucleotide was estimated from 4 spot repetitions
per microarray and on average 4 hybridization repetitions per sample using
the maximum likelihood score (see Section 2.3). Unmethylated human DNA
(Molecular Staging, New Haven, CT) and enzymatically methylated control
DNAs (SssI; New England Biomedical) were used to calibrate the data. Am-
plicons for all discovery genes, candidate genes and control genes used in the
combined array are shown in Appendix Table A.1.

5.1.5 MethyLight assays

The MethyLight assays were performed on the ABI Prism 7900 (Applied
Biosystems) using standard TaqMan chemistry as previously reported by
Eads et al [45]. Standard curves for each assay were established using
CpGenome Universal Methylated DNA (Serologicals/Chemicon) at concen-
trations between 31.6 pg/ul and 31.6 ng/ul DNA. Sample DNA was diluted
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to 2 ng/ul and aliquoted into strip tubes for 3 assays. 10 ng DNA/rxn was
tested in duplicate for each assay. A methylation unspecific assay for β actin
was used to determine total bisulfite-treated DNA concentration for each
sample.

5.1.6 Statistical analysis

Analysis of the gene array data was performed on log10-transformed methy-
lation proportions averaged over all CpG positions from the same gene by
computing the mean. Hierarchical clustering of the gene array data was per-
formed by using the simple 2-norm as distance metric between samples and
between genes. Samples and genes were clustered using Ward’s minimum
variance method [160]. Fisher’s exact test was used to test for association
between clustering results and phenotypes. AUC values were estimated using
the trapezoidal rule. P-values were computed with a Wilcoxon test. A simple
cut-off classifier was used for classification. Sensitivity and specificity were
estimated by 200 bootstrapping runs that randomly divided the dataset into
training (about 2/3 of the samples) and test set (about 1/3 of the samples).
For every bootstrap run the cut-off was set to 95% specificity on the respec-
tive training set. Sensitivity and specificity were then computed from the
respective test set. We report median sensitivity and specificity values from
the 200 bootstrap runs as well as 90% confidence intervals (5% and 95%
quantiles of the bootstrap estimates). For the two-marker panel analysis
the reported panel value for each sample was computed by taking the maxi-
mum of the two individual marker measurement values. MethyLight analysis
was performed on the ratio of methylated DNA (measured by the respective
marker assay) to total bisulfite DNA (measured by the β actin assay). Ideally
this ratio results in a number in the range [0, 1] and represents the proportion
of methylated DNA in the respective sample. DNA amounts were estimated
from the respective standard curves by linear regression. Replicate marker
measurements were averaged.

5.2 Results

5.2.1 Genome-wide discovery

The discovery process resulted in over 500 unique sequences that were po-
tential candidates for colorectal cancer biomarkers. The differentially methy-
lated sequences identified using MS-APPCR [104] and MCA [86] were scored
and prioritized using the following scoring variables:
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• appearance using multiple discovery methods

• appearance in multiple pools of like samples

• located within a CpG island

• located within the promoter region of a gene

• located near or within predicted or known genes

• known to be associated with disease

• class of gene (transcription factor, growth factor, tumor suppressor,
oncogene)

• repetitive element.

Under this scoring schema, a sequence received a point for each of the above
criteria, and received a score of −8 for having repetitive sequence content
greater than 50%. Therefore, the highest score possible was 7; the lowest was
−8. Scores were automatically calculated for each sequence using genomic
annotations from the Ensembl database (http://www.ensembl.org).

Using the scoring criteria above along with manual review of the se-
quences, 30 sequences were selected for microarray analysis (Table A.1). Se-
quences with significant (>50%) repetitive element content were eliminated
from consideration. Our comprehensive database of sequences derived from
internal genome-wide discovery experiments allowed us to also eliminate se-
quences found using other previously tested tumor types. Selected sequences
scored 1 or greater with the majority scoring 3 or more.

5.2.2 Gene array study

For additional confirmation of the methylation state of the potential markers
we constructed a methylation specific gene array containing oligonucleotides
representing the 30 selected genome-wide discovery sequences and also 13 po-
tential methylation biomarkers from the literature (Table A.1). Additional
genes were chosen from a previous microarrray study of literature-derived
sequences and selected based on involvement in neoplasia and performance
discrimination for colorectal cancer vs. pathologically normal colon tissue
(data not shown). In our discovery experiments, the exon 1 region of the
TMEFF2 gene was identified as being hypermethylated. Since the promoter
region of this gene had been described as differentially methylated in the lit-
erature [103] and was also shown to discriminate between CRC and healthy
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colon in the previous microarray study (data not shown), this region was in-
cluded as a candidate sequence. TMEFF2 methylation measurements from
promoter and exon 1 region are highly correlated (between amplificate cor-
relation R=0.76) and were therefore aggregated and treated as one locus for
further analysis.

We determined the ability of the 43 differentially methylated gene re-
gions to discriminate between colorectal cancer and other tissues using a
large, highly diverse sample set containing colorectal cancer tissue and tissue
samples from other types of cancers, colon inflammatory conditions, colon
polyps and numerous histopathologically determined normal tissues.

Hierarchical clustering

To identify systematic similarities in the overall methylation patterns of sam-
ples and genes we performed a hierarchical clustering on the entire gene set
and the set of 204 colon-derived tissue DNA samples (Fig. 5.1). The majority
of normal and inflammatory colon samples fall into a cluster that shows no
methylation on most genes (Cluster N: 25 normal, 29 inflammatory, 12 colon
polyp and 16 CRC samples). The other cluster (Cluster C) consists predom-
inantly of neoplastic samples and is clearly separated into two sub-clusters
(C1 and C2), which show different degrees of hypermethylation. The sub-
cluster with the strongest methylation is composed only of neoplastic tissue
(Cluster C1: 28 colon polyp and 38 CRC samples). The other sub-cluster
shows an intermediate degree of methylation and includes some histologically
normal and inflammatory samples (Cluster C2: 4 normal, 2 inflammatory,
15 colon polyp and 35 CRC samples). There is no significant association
between the two neoplastic sub-clusters and tumor stage or grade. However,
there are a significantly higher number of adenomas larger than 1 cm in the
sub-cluster C1 than in the sub-clusters N and C2 (C1: 14 colon polyps≥1cm,
15 colon polyps<1cm; C2: 2 colon polyps≥1cm, 13 colon polyps<1cm; N: 2
colon polyps≥1cm, 11 colon polyps<1cm; P < 0.01).

As can be expected from the directed selection of candidate sequences for
the microarray study the overall clustering results show a clear separation
between normal and inflammatory samples in cluster N on the one side and
polyp and CRC samples in cluster C on the other side. Cluster N contains
90% of the non-neoplastic samples. Cluster C contains 81% of the neoplastic
and pre-neoplastic samples. The majority of discriminatory markers are hy-
permethylated in polyp and CRC samples from cluster C and show a typical
CpG island methylator phenotype (CIMP) [85]. Polyp and CRC samples in
Cluster N on the other hand are samples not methylated for the majority of
discriminatory markers tested and appear to be a CIMP negative population.
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Figure 5.1: Hierarchical Clustering of all 204 colon-derived tissue samples and all 42
loci from the gene array. Columns are patient samples and rows are genomic loci. Row
annotations give the gene name. The class information was unknown to the clustering
algorithm. The average degree of methylation of each genomic locus in each sample is
represented by the decadic logarithm of the methylation proportion ranging from below
1% methylated alleles (green) to methylation of all alleles (red). There are three main
tissue clusters labeled as N, C1 and C2. Cluster N composition: 25 (30%) normal colon,
29 (35%) inflamed colon, 12 (15%) colon polyp and 16 (20%) colon cancer samples. Cluster
C1 composition: 28 (42%) colon polyp and 38 (58%) colon cancer samples. Cluster C2
composition: 4 (7%) normal colon, 2 (4%) inflamed colon, 15 (27%) colon polyp and 35
(63%) colon cancer samples. Between cluster comparison: C1 has the highest degree of
methylation and contains 46% of the neoplastic and pre-neoplastic samples. C2 contains
10% of the non-tumor and 35% of the neoplastic and pre-neoplastic samples. N contains
90% of the non-tumor samples, 18% of the CRC samples and 22% of the colon polyp
samples.
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The observed strong similarity between the CRC and colon polyp samples
is supported by previous studies that show early alterations in methylation
in pre-cancerous conditions of the colon [138, 8]. Based on the clustering re-
sults, all subsequent analyses of the data combine the CRC and colon polyp
samples for comparison to normal tissue, other cancers and IBD.

Individual marker performance

To quantify the influence of non-colon derived tissues on the classification
performance of individual markers we analyzed the dataset in two different
ways. First we looked at the complete sample set. Here the negative class
consisted of 214 samples from normal colon (29), inflammatory colon (31),
PBL (14) and other normal (10 liver, 7 stomach, and 7 esophagus) and non-
colorectal cancer tissues (28 breast cancer, 38 lung cancer, 9 liver cancer, 10
pancreatic cancer, 10 bile duct cancer, 10 stomach cancer, 5 prostate cancer,
and 6 esophageal cancer). The positive class was composed of 144 CRC and
polyp samples. 30 markers were highly significant with P < 0.0001. 10
markers showed a very strong class separation with an area under the ROC
curve (AUC) of ≥0.8 (Fig. 5.2). The sensitivity of these strong markers
ranged between 35% and 52% at a specificity level of 95%.

In a second analysis we looked only at colon-derived tissues. In this case
the negative class consisted of 60 samples from normal and inflammatory
colon. The positive class was again composed of 144 colon cancer and polyp
samples. Despite the lower sample number as compared to the full dataset,
29 markers were highly significant with P < 0.0001. 19 markers showed a
very strong class separation with an AUC of ≥0.8 (Fig. 5.2). The sensitivity
of these strong markers ranged between 44% and 81% at a specificity level of
95%. The omission of non-colon derived tissues resulted in a strong increase
of ∆AUC≥0.05 for 17 markers and a strong decrease of ∆AUC≤-0.05 for 5
markers. Classification results of all individual markers are summarized in
Fig. 5.2.

Marker panel performance

Using a panel of markers does not significantly improve performance over the
best single marker, TMEFF2. The best two-marker panel is TMEFF2 plus
NGFR. This panel has a sensitivity of 55% (CI 44%-68%) at 95% specificity
in the classification of all samples (+5% compared to TMEFF2 alone). The
sensitivity in classifying only colon derived tissue samples is 85% (CI 75%-
93%) at 95% specificity (+4% compared to TMEFF2 alone).
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Figure 5.2: Single marker classification performance for microarray (left) and MethyLight
assays (right). Shown is the area under the ROC curve (AUC), P-value (Wilcoxon) and
sensitivity at 95% specificity (median value plus 90% confidence interval estimated by
bootstrapping) for each marker. For the microarray data results are given for the clas-
sification of all samples (CRC and adenomas (N=144) vs. normal colon, inflammatory
colon and other normal and cancerous tissues (N=221)) and for the classification of only
colon derived tissues (CRC and adenomas (N=144) vs. inflammatory and normal colon
(N=60)). Markers with a very strong class separation (AUC≥0.8) in the overall OR colon
only classification are printed bold. For the MethyLight data results are only given for
the classification of all samples (CRC and adenomas (N=39) vs. normal adjacent colon,
inflammatory colon and other cancerous tissues (N=110), for some assays sample num-
bers were lower due to insufficient DNA amounts). Specificity confidence intervals of the
microarray data at 95% were very similar between different markers (for all tissues all inter-
vals covered by: [0.87,1.00]; for colon derived tissues all intervals covered by: [0.77,1.00]).
For the MethyLight data specificity is given explicitly for every marker.
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Paneling does not significantly increase sensitivity of the markers for col-
orectal cancer over TMEFF2 alone because all of our markers detect the same
subset of CRC and polyp samples. The CIMP positive cancer cluster shown
in Fig. 5.1 (Cluster C) includes 81% of the colorectal carcinoma and polyps in
the study. TMEFF2 alone is heavily hypermethylated on 67% of these CIMP
positive samples (78/116 CIMP samples with TMEFF2 methylation >10%).
Only 11% of the remaining CIMP negative CRC and polyp samples show
TMEFF2 hypermethylation (3/28 CIMP negative samples with TMEFF2
methylation >10%). Since no additional marker shows significant hyperme-
thylation on the CIMP negative samples or significantly higher methylation
levels than TMEFF2 on the CIMP positive samples, overall marker comple-
mentarity is minimal.

Distribution of methylation frequencies

To further understand the behavior of the strongest markers on different
tissue types we looked at the distribution of methylation frequencies on all
358 samples grouped into 5 major tissue classes. For this analysis CRC
and polyp as well as normal and inflammatory colon tissue samples were
combined since their respective methylation rate distributions were similar.
Fig. 5.3 shows box plots of the major tissue classes for all markers from the
gene array with an AUC of ≥0.8. Median methylation levels of all tissue sub-
classes are shown in Fig. 5.4 and detailed box plots for all tissue subclasses
can be found in Fig. 5.5. The overall low degree of methylation of markers
GSK3B, RNF4 and CD44 is a result of the poor correlation between different
CpG positions within the same amplicon (median between CpG correlations:
GSK3B R=0.27, RNF4 R=0.28, CD44 R=0.41, all other 17 most discrim-
inating markers R≥0.47) and indicates a lack of co-methylation within the
CpG island.

Generally all markers with the exception of APC show hypermethylation
of the colorectal cancer class compared to the healthy colon and the PBL
class. However, the methylation patterns of our markers differ considerably
with regard to the non-colonic healthy tissues and non-colonic cancer classes.
Markers TMEFF2, ZDHHC22, SLITRK1, SLC32A1, DLX5, GSK3B, NGFR,
PCDH17, N33 and BCOR differentiate colon neoplasia very well from the
majority of other tissues (AUC≥0.8). All show strong hypermethylation of
colorectal cancer compared to other tissues with varying differences between
the other tissue classes. Other markers such as RNF4, SIX6, CD44, CSPG2,
CDH13, GPR7, EYA4, ALX4 and APC show only small or no differences
between colorectal cancer and the non-colonic cancer class. N33 shows sig-
nificant hypermethylation of colorectal cancer compared to normal colon but
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Figure 5.3: Methylation levels of different tissue classes. For each marker gene (rows) the
distribution of methylation levels in the major tissue classes is visualized by a box plot. The
left column shows methylation levels from microarray analysis. Horizontal axis is percent
methylation with 1-100% methylation scale. The right column shows methylation levels
from real time MethyLight analysis. Horizontal axis is 0.01-100% methylation. Individual
box plots show the middle 50% of the data, the middle line is the median, whiskers extend
to the most extreme data point which is no more than 1.5 times the interquartile range
from the box. Methylation measurement values outside the whisker range are plotted as
individual points.
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Figure 5.4: Relative methylation levels of normal and non-colorectal cancer tissue classes
in comparison to CRC and polyps. For each tissue class (rows) and each marker gene
(columns) the median methylation level is plotted as fold change over the median CRC
methylation level. Fold changes are restricted to a range of 2-fold hypermethylation and
8-fold hypomethylation over the median CRC methylation level. See Fig. 5.5 for box plots
of all subclasses.
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also gives a very strong discrimination between colon tissue (normal colon
and colorectal cancer) and most other tissues. All of our markers show some
degree of hypermethylation in stomach and esophageal cancer tissue and to
some lower extent in normal stomach tissue.

5.2.3 Marker validation with MethyLight assays

We developed 11 real-time MethyLight assays for markers that were desig-
nated as having strong to poor performance on the gene array. 9 of the
markers had very high performance (AUC≥0.8) in the colon tissue only clas-
sification (TMEFF2, ZDHHC21, SLITRK1, SSLC32A, NGFR, N33, RNF4,
EYA4, and ALX4). 2 markers with poorer performance (BCL6, SMAD7)
were tested because although the array results were not strong, original dis-
covery scoring of these sequences was high (6 and 4, respectively) and this
information would also allow us to further correlate array performance re-
sults with real-time assay results. For TMEFF2 the real-time assay was
designed in the promoter region of the gene. Classification performance of
the MethyLight assays was estimated on an independent sample set with a
negative class of normal and normal adjacent colon (46 samples), inflamma-
tory colon (9 samples), and other cancerous tissues (15 breast cancer and
15 liver cancer). The positive class was composed of 39 colon cancer and
adenoma samples. Of the 9 MethyLight assays for the strongest gene array
markers, five (TMEFF2, ZDHHC21, NGFR, N33, EYA4) were highly signifi-
cant with P < 0.0001 and showed a substantial class separation with an AUC
of ≥0.8 (Fig. 5.2). Three assays (SLITRK1, SSLC32A and ALX4) showed
a significant but weaker class separation (P < 0.009; AUC≥0.72). RNF4, a
strong candidates from the gene array could not be reproduced using real-
time PCR analysis since almost all amplifications yielded no product. This is
likely due to a lack of significant co-methylation of CpG sites within the assay
region but was not further investigated. The 2 poorer performing gene array
markers (BCL6, SMAD7) showed poor results with their corresponding real-
time MethyLight assays, confirming results obtained using the gene array.
The sensitivity of the five strongest markers ranged between 55% and 83%
at a specificity level of 95%. Fig. 5.3 shows the methylation frequency dis-
tributions of the 9 MethyLight assays for the most discriminative gene array
markers. The scale of methylation level for these real-time assays is extended
to 0.01% methylation as compared to 1% methylation used for the gene array
data because of the increased sensitivity of real-time PCR. At this level of
analytical sensitivity, TMEFF2, ZDHHC22 and NGFR are completely nega-
tive on PBL and show high specificity with regard to other tissues indicating
these markers may be excellent candidates for blood-based early detection
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Figure 5.5: Detailed methylation distribution of non-colonic tissue classes from microarray
analysis. The left column shows methylation levels of non-colorectal cancers. Colorectal
cancer (CRC) is given as a reference. The right column shows methylation levels of non-
colonic normal tissues. Normal Colon and CRC are given as references. Horizontal axis
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axis. Individual box plots show the middle 50% of the data, the middle line is the median,
whiskers extend to the most extreme data point which is no more than 1.5 times the
interquartile range from the box. Methylation measurement values outside the whisker
range are plotted as individual points.
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applications. TMEFF2, ZDHHC22 and EYA4 all have minimal overlap of
methylation levels between CRC and normal and inflammatory colon tissue
making them potential candidates for stool based assays or molecular classi-
fication tests, however quantitation would be necessary for these analyses.



Chapter 6

Discussion

6.1 Measuring DNA methylation

We have derived a simple generative model that quantitatively explains the
hybridization intensities of DNA methylation microarrays. It takes into ac-
count systematic biases from unspecific background hybridization as well as
stochastic deviations from the microarray hybridization reaction. Based on
this model we derived algorithms for variance stabilization, microarray nor-
malization, and finally quantification of DNA methylation.

The derived methylation scores have different properties and the choice
of which score to use depends on the application requirements. The log ratio
score is very simple and can detect very small changes in methylation while
providing almost constant variance of measurement noise over the whole
methylation range. However, it does not provide a clear relation to the
actual proportion of methylated DNA except for the simple monotonicity
property that higher score values correspond to higher methylation. For
normally working oligonucleotide pairs the log ratio score results are virtually
identical to the more complicated generalized log ratio score. Therefore the
log ratio is the score of choice for quality control and pure classification or
marker selection applications where a direct estimation of the proportion of
methylated DNA is not necessary.

The maximum likelihood score can provide unbiased estimates of the rel-
ative amount of methylated DNA in a given sample. It does this by taking
information from dedicated calibration experiments into account and there-
fore has a clear advantage compared to the overly simple proportion score.
An obvious disadvantage of the maximum likelihood score is that it can-
not provide a constant variance of the measurement noise. Depending on
the dataset, taking the logarithm of the methylation estimates can help to
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generate more symmetrical distributions of measurement values. The max-
imum likelihood score is the score of choice when direct quantification of
DNA methylation proportions and the comparison of measurement values
with other DNA methylation measurement technologies are important.

The presented results show that DNA methylation microarrays together
with the proper pre-processing algorithms can accurately quantify relative
amounts of methylated DNA in tissue samples and constitute a promising
high throughput tool for DNA methylation research.

6.2 Controlling quality and stability of mi-
croarray experiments

We have shown that robust principle component analysis and techniques of
statistical process control can be used to detect flaws in microarray experi-
ments. Robust PCA has proven to be able to automatically detect nearly all
cases of outlier chips identified by visual inspection, as well as microarrays
with inconspicous image quality but saturated hybridization signals. With
the T 2 control chart we introduced a tool that facilitates the detection and
assessment of even minor systematic changes in large-scale microarray stud-
ies.

A major advantage of both methods is that neither rely on an explicit
modeling of the microarray process since they are solely based on the distri-
bution of the actual measurements. Having successfully applied our methods
to the example of DNA methylation data, we assume that the same results
can be achieved with other types of microarray platforms. The sensitivity
of the methods improves with increasing study sizes, due to their multivari-
ate nature. This makes them particularly suitable for medium to large-scale
experiments in a high throughput environment.

The retrospective analysis of a study with our methods can greatly im-
prove results and avoid misleading biological interpretations. When the T 2

control chart is monitored in real time a given quality level can be maintained
in a very cost effective way. On the one hand, this allows for an immediate
correction of process parameters. On the other hand, this makes it possible
to specifically repeat only those slides affected by a process artefact. This
guarantees high quality while minimizing the number of repetitions.

A general shortcoming of T 2 control charts is that they only indicate
that something went wrong, but not exactly what was the source. There-
fore we have used the time point at which a significant change happened in
order to identify the responsible process parameter. We have shown that
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changes in covariance structure provide additional information and permit
discrimination between different problems like changes in probe concentra-
tion and accidental handling errors. However, further work will be necessary
to facilitate an efficient detection of error sources.

6.3 Class prediction and feature selection

We have demonstrated that in order to achieve reliable predictions on the
basis of small training set sizes the selection of relevant features is necessary,
even for advanced learning algorithms such as the support vector machine.
For classification tasks where the class information is directly correlated to
single CpG dinucleotide markers, the simple Fisher criterion is a powerful
and efficient feature selection strategy. For more complex problems it will be
necessary to derive feature selection algorithms that can remove or combine
redundant features and handle higher order feature dependencies.

Our results clearly demonstrate that microarray based methylation anal-
ysis combined with supervised learning techniques can reliably predict known
tumor classes. Classification results were comparable to mRNA expression
data and our results suggest, that methylation analysis can be applied to
other kinds of tissue. Well documented tissue samples with patient history
can typically be obtained only as archived specimens. This strongly limits
the amount and number of tissues available for expression analysis [17]. The
methylation approach has the potential to overcome this fundamental limita-
tion: through the mere fact that since DNA is the object of study, extraction
of usable material is possible form archived samples. This enables the exam-
ination of methylation patterns in large numbers of archived specimen with
comprehensive clinical records and removes one of the major limitations for
the discovery of complex biological processes by statistical means.

6.4 Identification and validation of colorectal
neoplasia-specific methylation markers

Using the combined approach of genome-wide methylation discovery with
candidate marker identification, followed by microarray analysis and real-
time PCR verification, we identified a set of highly methylated sequences that
are present in colorectal neoplasia. We identified markers such as TMEFF2,
NGFR and ZDHHC22 that have high specificity in the diverse sample set
and may be useful in clinical applications such as non-invasive screening for
detection of colorectal neoplasia in either blood or stool based tests. We also
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found markers that discriminate between normal colon and tissue with early
neoplastic changes which have potential for use in molecular classification of
colon tissue to more accurately determine early neoplastic changes, tumor
aggressiveness or treatment response. For example TMEFF2, ZDHHC22,
and EYA4 could be useful for molecular classification of early stages of disease
in applications such as inflammatory bowel disease surveillance.

Many genes identified during our discovery and validation process have
not been reported to be methylated in the setting of cancer biology and may
provide insight into gene regulation. BCOR has been shown to be associated
with genes involved in cancer or regulation of cell growth. Recent studies indi-
cate BCOR is a transcriptional repressor of BCL6, a proto-oncogene and is an
important transcriptional regulator of embryogenesis [82, 121]. Inactivation
of this gene by methylation in the promoter region could provide a selective
advantage for malignant cell growth. NGFR, also known as p75 (NTR), was
recently identified as a tumor suppressor gene that induces apoptosis in ma-
lignant cells [147]. No association with methylation in the promoter region
of this gene or inhibition of this gene by methylation has been previously de-
scribed. Other identified genes such as SLITRK1 and SLC32A1 have neither
been associated with cancer nor reported as having aberrant methylation in
their promoter regions. Interestingly another solute carrier family member,
SLC5A8 has been implicated as a tumor suppressor and also shown to be
methylated in both gastric cancer cell lines and primary gastric cancers [153].
Clearly these genes warrant further investigation into their roles in malignant
transformation.

Since greater than 90% of the marker candidates identified in the methyla-
tion array study could be validated by real-time PCR (MethyLight) analysis,
these data support the use of our process to identify and confirm methyla-
tion biomarkers. By using a broad genome-wide method to identify initial
candidates along with a systematic selection system to differentiate those
candidates with characteristics most likely to be biologically important fol-
lowed by verification on methylation microarrays and finally validation using
real-time PCR we have clearly shown that valuable biomarkers for oncologi-
cal diagnostic applications, such as TMEFF2, ZDHHC22, and NGFR can be
found.

It is also evident that the markers identified in this study do not iden-
tify all colorectal cancer tissues. The lack of increase in sensitivity with
panelling of the markers and the inability to identify all colorectal tumors
with these panels is thought to be due to the manner in which our markers
were identified and also potentially due to biology. Since at all stages in our
process we identified and tested our markers in relation to healthy samples
and other cancers, we have eliminated many markers that are methylated
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to any degree in these tissues. For example, GSK3B, EYA4 and APC were
not identified in our discovery process and although very highly methylated
in colorectal cancer and adenomas they are also methylated in other cancers
and healthy tissues. Due to the use of pooling in our initial genome wide
discovery experiments we also introduced a bias towards markers that show
hypermethylation on a majority of CRC samples. The signal of a hypotheti-
cal marker having hypermethylation only on a small subclass of CRC samples
would have been effectively diluted out by the pooling procedure. However,
biologically one can question whether methylation changes occur in all col-
orectal tumors. Indeed we observed that many of the tumors with increased
methylation in one marker, exhibit increased methylation in multiple regions
as also reported by Issa [86]. Are the remaining samples a CIMP negative
population? Follow on marker identification studies will therefore be focused
on studying the tissues that are methylation negative for the current marker
set in order to answer this question.

In addition, further analysis of these candidate marker genes with close
attention to their association with clinical variables such as age, sex, colonic
location, smoking history, family history, and others that have been shown
to be key predictors of cancer phenotype and clinical outcomes could provide
additional insight into their potential as biomarkers. Further prospective
studies of these markers, based on real-time PCR assays, either in a remote
sample amenable to population screening or in biopsy samples from longitu-
dinal studies are indicated.

6.5 Conclusions
Taken together, we have developed a package of algorithms that addresses all
major aspects of data analysis for DNA methylation microarrays. We are able
to accurately measure the proportion of methylated DNA in a given tissue
sample including a strict control for single array quality as well as subtle
changes of study conditions over time. These methylation measurements can
then be used to build optimal predictors for tissue classification, discover
new tissue subclasses or to select marker genes for further development of
diagnostic tests. The exciting new opportunities this technology provides
are demonstrated by our identification, detailed description and validation
of several promising new DNA methylation markers for the early detection
of colorectal cancer.
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Appendix A

Datasets

A.1 Methylation estimation

Calibration The first dataset we have used in Chapter 2 is a calibration
experiment with a total of 48 microarrays that were hybridized with various
mixtures of artificially methylated and unmethylated DNA. The microarrays
contained 476 CG and TG detection oligos from 54 oligo families covering
8 different genes. The following proportions of methylated DNA in a back-
ground of unmethylated DNA were tested: 0% (10 chips), 25% (8 chips),
50% (11 chips), 75% (8 chips) and 100% (11 chips).

Cross hybridization The second dataset is from a microarray experiment
conducted to quantify the extent of cross hybridization. The same calibration
microarray as described above with its 476 oligos covering 8 different genes
was used. Each microarray was hybridized with either fully methylated or
fully unmethylated fragments. Exactly one of the eight amplificates was
labeled with the fluorecent dye CY3 and all remaining seven amplificates with
the fluorecent dye CY5. For each of these 16 combinations (2 methylation
states times 8 different labeling states) about 6 microarray replicates were
hybridized. We have used this dataset to estimate the equilibrium constant
matrices of this particular microarray design.

A.2 Quality control

In Chapter 3 we use data from three microarray studies. In each study the
methylation status of about 200 different CpG dinucleotide positions from
promoters, intronic and coding sequences of 64 genes was measured.
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Temperature Control Our first set of 207 chips comes from a control
experiment where PCR amplificates of DNA from peripheral blood of 15
patients diagnosed with ALL or AML was hybridized at 4 different temper-
atures (38◦C,42◦C,44◦C,46◦C). We have used this dataset to prove that our
method can reliably detect shifts in experimental conditions.

Lymphoma The second dataset with an overall number of 647 chips comes
from a study where the methylation status of different subtypes of non-
Hodgkin lymphomas from 68 patients was analyzed. All chips underwent a
visual quality control, resulting in quality classification as “good” (proper
spots and low background), “acceptable” (no obvious defects but uneven
spots, high background or weak hybridization signals) and “unacceptable”
(obvious defects). We have used this dataset to identify different types of
outliers and showed how our methods detect them.

In addition we have simulated an accidental exchange of oligo probes
during slide fabrication in order to demonstrate that such an effect can be
detected by our method. The exchange was simulated in silico by permuting
12 randomly selected CpG positions on 200 of the chips (corresponding to
an accidental rotation of a 24 well oligo supply plate during preparation for
spotting).

ALL/AML Finally we have showed data from a second study on ALL
and AML, containing 433 chips from 74 different patients. During the course
of this study 46 oligomeres ran out of stock and had to be re-synthesized.
As it turned out, some of them showed a significant change in hybridiza-
tion behavior, due to synthesis quality problems. We have demonstrate how
our algorithm successfully detected this systematic change in experimental
conditions.

A.3 Class prediction

The dataset [1] consists of cell lines and primary tissue obtained from patients
with acute lymphoblastic leukemia (ALL) or acute myeloid leukemia (AML).
A total of 17 ALL and 8 AML samples were included. The methylation status
of these samples was evaluated at 81 CpG dinucleotide positions located in
CpG rich regions of the promoters, intronic and coding sequences of 11 genes.
These were randomly selected from a panel of genes representing different
pathways associated with tumour genesis. Two of the 11 selected genes are
located on the X-chromosome.
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Gene Name Gene Description Chromosome Discovery Score Amplicon
Location Method Location

DNAJC5 DnaJ (Hsp40) homolog, subfamily C, member 5γ 2p23.3 AP-PCR 2 intron 1
γ cysteine string protein; γ-CSP

ALX4 Homeobox Protein Aristaless-Like 4 11p11.2 AP-PCR 5 intron 1
Q8WWL2 SPIR-2 Protein 16q24.3 AP-PCR 2 exon 4
DUX2 Double Homeobox 2 10q26.3 MCA 4 exon 1
KCTD12 Potassium channel tetramerisation domain 13q22.3 AP-PCR 4 promoter

containing 12; chromosome 13 open reading frame 2
HOXB3 Homeobox Protein HOX-B3 (HOX-2G) (HOX-2.7) 17q21.32 AP-PCR 2 promoter
ZDHHC22 Zinc finger, DHHC domain containing 22 14q24.3 AP-PCR 4 promoter

chromosome 14 open reading frame 59
PQLC1 PQ loop repeat containing 1 18q23 MCA 1 ???
FCGR2A Low-affinity immunoglobulin gamma 1q23.3 AP-PCR 1 upstream

FC-region receptor II-A precursor
ENSESTG020896 EST only 16p13.2 AP-PCR 3 promoter
TAF11 Transcription initiation factor 6p21.31 AP-PCR 3 promoter

TFIID 28 KDA subunit
TMEFF2 (HPP1) Transmembrane protein with EGF-like 2q32.3 AP-PCR 3 exon 1

and two follistatin-like domains 2
Onecut2 One cut domain family member 2 18q21.31 AP-PCR 4 intron 1

(onecut-2 transcription factor) (OC-2)
SLITRK1 Slit and trk like 1 protein; slit and trk like gene 1 13q31.2 MCA 1 exon 1
NGFR Tumor necrosis factor receptor 17q21.33 AP-PCR 3 intron 1

superfamily member 16 precursor
GENSCAN037834 Prediction only 11q24.3 AP-PCR 1 exon 1
ADCY9 Homo sapiens adenylate cyclase 9 16p13.3 AP-PCR 3 promoter
Q9UPN4 5-azacytidine-induced protein 1 17q25.3 MCA 2 exon 9
SLC32A1 Solute carrier family 32 20q11.23 AP-PCR 3 exon 1
C7orf20 Chromosome 7 open reading frame 20 7p22.3 MCA 2 exon 1
PCDH17 Protocadherin 17 13q21.1 MCA 4 promoter
NPBWR1 Neuropeptides B/W receptor type 1 8q11.23 AP-PCR 3 intron 1

(G protein-coupled receptor 7)
RNF4 Ring Finger Protein 4 4p16.3 AP-PCR 4 promoter
DLX5 Homeobox protein DLX-5 7q21.3 AP-PCR 3 promoter
BCOR BCL6 co-repressor Xp11.4 AP-PCR 3 intron 1
SIX6 Sine oculis homeobox homolog 6 14q23.1 AP-PCR 4 intron 1
BCL6 B-cell CLL/lymphoma 6 (zinc finger protein 51) 3q27.3 AP-PCR 6 intron 1
Q9P1Z9 Homo sapiens mRNA for KIAA1529 protein 9q22.33 AP-PCR 2 intron 3
SMAD7 Mothers against decapentaplegic homolog 7 18q21.1 AP-PCR 4 intron 1
EYA4 Eyes Absent Homolog 4 6q23 Literature N/A promoter
MSH6 MutS homolog (MSH6) 2p16 Literature N/A promoter
APC Adenomatosis polyposis coli (APC) 5q21-q22 Literature N/A promoter
CD44 CD44 antigen 11p13 Literature N/A promoter
CSPG2 Chondroitin sulfate proteoglycan 2 (versican) 5q14.3 Literature N/A promoter
CDH13 H-cadherin 16q24.2-q24.3 Literature N/A promoter
GSK3B GSK3 Beta 3q13.3 Literature N/A promoter
TMEFF2 (HPP1) Transmembrane protein with EGF-like 2q32.3 Literature N/A promoter

and two follistatin-like domains 2
AR Androgen receptor Xq11.2-q12 Literature N/A promoter
TUSC3 (N33) Candidate tumor suppressor 8p22 8p22 Literature N/A promoter
TGFBR2 Transforming growth factor beta receptor II 3p22 Literature N/A promoter
TP73 Tumor protein p73 1p36.3 Literature N/A promoter
CAV1 Caveolin-1 7q31.1 Literature N/A promoter

Table A.1: Sequences selected from genome-wide discovery or from literature for validation
on oligonucleotide microarray.
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A.4 Marker selection
The total sample set included 358 patient DNAs and two control DNAs. The
patient DNAs were extracted from 29 normal colon samples, 31 inflammatory
bowel disease (IBD), 55 colon polyps (45 polyps <1cm, 10 polyps ≥1cm),
89 colorectal cancers (30 Dukes A/B, 56 Dukes C/D, 1 unknown, 2 high
grade polyps≥1cm), 116 non-colonic cancer samples from liver (9), bile duct
(10), pancreas (10), lung (squamous and adenocarcinoma) (38), breast (28),
prostate (5), esophagus (6), stomach (10), PBL (14) and normal tissue from
sites other than colon: esophagus mucosa (7), gastric mucosa (7), liver (10).
Additionally one control sample of unmethylated human DNA (Molecular
Staging), and one control sample of enzymatically methylated DNA (SssI,
NEB) was included.

The microarray was performed as described in Chapter 2 with oligonu-
cleotides covering regions of 43 discovery and literature-derived genes and
2 control genes. For the discovery derived genes primer pairs and oligonu-
cleotides were designed around the identified differentially methylated se-
quence whenever possible. Multiple primer pairs and oligonucleotides were
designed for some genes for a total of 54 amplicons and a total of 248 oligonu-
cleotide pairs. Each oligonucleotide contained 2-3 CpG sites. Additionally
8 negative control oligonucleotides with random sequences were included to
facilitate estimation of unspecific background hybridization. Amplicons for
all discovery genes, candidate genes and control genes used in the combined
array are shown in Table A.1.
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List of symbols

NDNA Number of DNA strands in extracted sample
NDNA+

p , NDNA−
p Number of DNA strands in extracted sample that

are methylated or unmethylated at CpG position p
NPCR+

p , NPCR−
p Number of PCR fragments that originate from a DNA

strand methylated or unmethylated at CpG position p
P Set of CpG positions
Q Set of oligomeres
Qp Set of oligomeres querying the same CpG position p
N Set of negative control oligomeres
R Set of amplificates
C Set of microarrays
p Specific CpG position p ∈ P or

position index p ∈ {1, ..., |P|}
q Specific CG and/or TG oligomere q ∈ Q or

oligomere index q ∈ {1, ..., |Q|}
r Specific amplificate r ∈ R or

amplificate index r ∈ {1, ..., |R|}
nr Number of spot replications per oligo
np Number of CpG positions queried by oligos of

a particular microarray layout
nq Number of oligos or oligo pairs on a perticular

microarray layout
nc Number of microarrays in a dataset
ns Number of biological samples in a dataset
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Oq,i Observed hybridization intensity of oligo q,
repetition i (i ∈ {1, ..., nr})

Iq Theoretical / expected hybridization intensity of
oligo q, Iq ∝ E[Oq]

IBG Oligo independent base hybridization intensity
Oq Set of observed hybridization intensities from

oligo q, Oq = {Oq,1, ..., Oq,nr}
fc Intensity scaling factor of chip c
ση Standard deviation of multiplicative hybridization noise
σε Standard deviation of additive background hybridization noise
Sp Methylation score at CpG position p
mp Expected proportion of DNA strands that are methylated in

a pure tissue at CpG position p
dcq Methylation score measured on microarray c and

CG-TG oligo pair q
dsp Methylation score measured on sample s and CpG position p
di Methylation profile of chip or sample i, di = (di1, ..., dinq)

′

a Vector of total amplificate concentrations
a+, a− Vector of methylated or unmethylated amplificate

concentrations
kf

qr Duplex formation rate between oligo q and amplificate r
kr,+

qr ,kr,−
qr Duplex deformation rate between oligo q and amplificate r

for methylated or unmethylated amplificates
K+, K− Equilibrium constant matrix for methylated

or unmethylated amplificates
max(·, ·) Maximum
min(·, ·) Minimum
med(·) Median
mad(·) Median absolute deviation
mean(·) Arithmetic mean
V ar[·] Variance
E[·] Expectation
| · | Cardinality of a set
T [·] Generalized Log transformation
c An arbitrary constant
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