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Summary
Objectives: Changes in the status of DNA methylation,
known as epigenetic alterations, are among the most
common molecular alterations in human neoplasia. For
the first time, we reported on the analysis of fecal DNA
from patients with CRC to determine the feasibility,
sensitivity and specificity of this approach. We want
to present basic information about DNA methylation
analysis in the context of bioinformatics, the study
design and several statistical experiences with gene
methylation data. Additionally we outline chances and
new research questions in the field of DNA methylation.
Methods: We present current approaches to DNA
methylation analysis based on one reference study. Its
study design and the statistical analysis is reflected in
the context of biomarker development. Finally we out-
line perspectives and research questions for statisticians
and bioinformaticians.
Results: Identification of at least three genes as poten-
tial DNA methylation-based tumor marker genes
(SFRP2, SFRP5, PGR).
Conclusions: DNA methylation analysis is a rising topic
in molecular genetics. Gene methylation will push the
extension of biobanks to include new types of genetic
data. Study design and statistical methods for the de-
tection of methylation biomarkers must be improved.
For the purpose of establishing methylation analysis
as a new diagnostic/prognostic tool the adaptation
of several approaches has become a challenging
field of research activity.
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Introduction

Changes in the status of DNA methylation,
known as epigenetic alterations, are among
the most common molecular alterations in
human neoplasia. Several studies have re-
ported the presence of methylated DNA in
serum/plasma and other body fluids of pa-
tients with various types of malignancy and
the absence of methylated DNA in normal
control patients [1-3]. Therefore, epigenetic
alterations represent important serologic
markers for risk assessment and even for
therapy monitoring during follow-up of
cancer patients. DNA methylation-based
tumor markers can be found in various types
of circulating nucleic acids in the plasma or
serum of cancer patients such as microsatel-
lites, viral DNA, nucleosomes, mitochon-
drial DNA and cell-free mRNA.

It has been increasingly recognized over
the past four to five years that the CpG is-
lands of a large number of genes, which are
mostly unmethylated in normal tissue, are
methylated to varying degrees in all types of
human cancers and that these tumor-spe-
cific alterations can be detected in tumor-
derived DNA found in the serum/plasma or
remote media of cancer patients [1, 4-8].

Despite the many unresolved questions,
circulating DNA methylation changes rep-
resent one of the most promising tools for
risk assessment in cancer patients. Never-
theless, it is not yet clear how to proceed to
choose the most suitable prognostic or pre-
dictive DNA methylation markers out of a
long list of candidate genes known to be
hypermethylated in neoplasia.

From the viewpoint of bioinformatics
much effort has been put on the devel-

opment of new research strategies and
methods in the field of gene expression
analysis and proteomics, whereas most of
the gene methylation studies are based on
well-known biostatistical models.

DNA Methylation at a Glance [9]
The addition of a methyl group to the fifth
position of cytosine within a CpG dinucleo-
tide is called DNA methylation. This DNA
modification is critical in normal organism
development. Areas of genes that are rich in
these CpG islands are shown to not usually
be methylated in normal tissues but fre-
quently become hypermethylated in cancer.
It has been shown that, for example, about
70% of the CpG islands in the mammalian
genome are methylated [10]. This hyper-
methylation is associated with gene silenc-
ing [10] and plays an important role in the
inactivation of tumor suppressor genes.
Methylation profiles differ between cancers
arising in different organs [11, 12] and even
between different cancer histologies from
the same organs [13, 14]. Methylation pro-
filing utilizes DNA for expression profiling
and therefore these stable methylation sig-
natures are detectable in samples obtained
from a wide variety of body materials like
stool, serum or sputum. For these reasons,
DNA methylation analysis is expected to
become a powerful tool for the early detec-
tion of cancer. Used as a high-throughput
screening method in cancer diagnosis it
offers the prospect of early detection and
risk assessment for the future development
of disease.
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DNA Methylation in the Context
of Bioinformatics

The National Centre for Biotechnology In-
formation (NCBI) provides the biggest da-
tabase network for molecular biology in-
formation. It develops and promotes stan-
dards for databases, data deposition and ex-
change, and biological nomenclature. Un-
fortunately no information about epigenetic
data and experiments has been available via
this institution up until now.

Methods and Approaches
For the first time we were able to report on
the analysis of fecal DNA from patients with
CRC to determine the feasibility, sensitivity
and specificity of potential DNA methyla-
tion tumor markers [1]. The study was de-
signed as a proof of principle study based on
a small number of cases for the selection of
potential genes and their validation within
independent training and test sets. We used
three independent sets of probands; one for
the determination of potentially discrimi-
nating genes (gene evaluation set), one
training model (training set) and one test set
for validation.

Basics of DNA Methylation
Analysis – an Example Study
Design

The gene evaluation set was used to deter-
mine the most suitable epigenetic markers
to identify patients with CRC. Either bowel
lavage fluid collected during colonoscopy
or mucus and bowel contents collected in-
traoperatively from nine CRC patients and
ten control patients without CRC were used.
After DNA isolation the methylation status
of a total of 44 genes was analyzed. Prese-
lection of these genes was based on previous
studies [2, 15]. Using three different statis-
tical methods (Mann-Whitney U test by
using PMR (Percentage of fully Methylated
Reference, see below) values, chi-squared
contingency test and PAM (Prediction

Analysis for Microarrays)) ten genes
showed the greatest potential for identifying
CRC patients.

Next, stool samples from a total of 53
endoscopically diagnosed healthy controls,
12 patients with histologically diagnosed
adenoma, 11 patients undergoing control
endoscopy during colorectal cancer follow-
up and 31 CRC patients were collected. The
patients themselves collected the stool,
either the day before colonoscopy (first
stool during the bowel preparation) or in the
hospital the day before surgical interven-
tion. Before starting the DNA isolation pro-
cedure we excluded all patients diagnosed
with adenoma and those having had CRC
to gain clearly defined groups of patients.
Next, we determined two independent age-
matched sets of patients (training and test
set). Due to varying amounts and consisten-
cy of the stool collected by the patients and
possible degradation of DNA during self-
collection, all samples were checked for
their DNA content. Finally we were able to
isolate DNA from 26 endoscopically diag-
nosed healthy controls and 23 CRC patients.
All people performing the isolation pro-
cedure and MethyLight analyses were
blinded to the disease status of patients.

Data Analysis
DNA methylation was measured using
MethyLight, a quantitative real-time PCR
technique [16]. The result measurement is
the percentage of methylated reference
(PMR). The distribution of PMR values fol-
lows a mixture of discrete and continuous
observations. PMR values generally fall be-
tween 0 and 100. Due to fluctuations in real-
time PCR amplifications or incomplete
methylation of the reference genes, which
are used for normalization, outliers up to
500 can appear. PMR data can also be
treated as dichotomous data (methylated/
unmethylated) which offers the opportunity
for categorical data analysis.

As in many other contexts of biomarker
detection, DNA methylation measurements
are used to address three different goals
[17]:
● to identify genes that are differently

methylated across subgroups;

● to identify profiles that predict known
disease classes;

● to identify profiles that suggest novel
subgroups of disease or loci that are
cohesive but distinct from one another.

Features (genes) that are differently methyl-
ated across groups of patients have to be
treated very carefully due to multiple testing
issues and small sample sizes – as in our
case. Mostly one (or a combination) of the
following strategies can be applied:
● Multiple Test Correction
● splitting the data sets into training/test

sets or use of cross validation
● bootstrap

For the colon data we used a combination
of two univariate standard methods (Chi²/
Mann-Whitney) and PAM. PAM was origi-
nally developed by Tibshirani [18] with re-
spect to microarray analysis and is also
called “nearest shrunken centroid method”.
Briefly the method provides a ranked list of
significant genes characterizing each diag-
nostic class.

Due to limited lab resources, the work-
load of a methylation study must be bal-
anced between the first step (gene selection)
and the following steps (statistical model-
ing, validation). In order to establish a (vali-
dated) multivariate class prediction model
based on the selected genes, the sample size of
training/test sets must be chosen according
to the number of selected genes. This makes
a detailed study design very difficult, as the
result of the first step (the number of se-
lected genes) can initially only be estimated.

Due to problems incurred during the pro-
cess of DNA isolation from the materials of
the training/test set, the sample size in this
situation inhibited the establishment of a
sophisticated multivariate statistical model.

Results
The methylation status of the ten genes
identified in the gene evaluation set
(SFRP1, SFRP2, SFRP5, TFF1, PGR,
IGFB2, CALCA, CDH13, TWIST, MYOD1)
was validated in the fecal DNA of the pa-
tients (n = 10) and controls (n = 13), repre-
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senting the predetermined training set. We
found statistically significant differences in
DNA methylation at a given gene locus for
SFRP2, SFRP5, PGR, CALCA, IGFB2
(p = 0.003, 0.04, 0.03, 0.019 and 0.015, re-
spectively (MW-U)) in fecal DNA of CRC
patients as compared to healthy controls;
9/10 and 3/13 patients with and without
CRC, respectively, had methylated SFRP2
in their fecal DNA (sensitivity of 90%
[CI 56%; 100%] and specificity of 77%
[CI 46%; 95%]). These findings were vali-
dated in the fecal DNA of the test set. Using
PMR values, three genes were still differ-
ently methylated between patients with and
without CRC (p = 0.017, 0.017 and 0.047
for SFRP2, SFRP5 and PGR, respectively
(MW-U)); 10/13 and 3/13 patients with and
without CRC, respectively, showed SFRP2
to be methylated in their fecal DNA (sensi-
tivity of 77% [CI 46%; 95%] and specificity
of 77% [CI 46%; 95%]).

Discussion
Reflection of Study Design and
Statistical Approach

This proof of principle study aimed to clar-
ify whether it is possible to use methylation
changes in fecal DNA isolated from stool
samples as a screening tool for CRC. It can
be categorized as the initial part of phase 1
in the development of biomarkers for tumor
screening [19]. Although the results show
promising discriminating genes, further
evaluation of the markers and an extension
of the number of subjects will be needed, as
an assessment of associated factors such as
stage, histology, grade etc. is also needed.
Additionally no information about sex, age
or smoking behaviour has been included
either in this study or in many other recent
methylation studies.

Data Structure and Distribution
of Methylation Data
From the statistical viewpoint several issues
must be considered: data structure and sta-

tistical distributions of gene methylation
data constitute an upcoming topic in bioin-
formatics. The analysis of methylation data
from other studies showed several associ-
ations of DNA methylation measurements
with other parameters (e.g. age of patients,
age of DNA samples, type of lab-analysis
method) (publication in preparation). The
lack of power using categorical or non-para-
metric methods can be filled with more in-
formation about the data structure of PMR
values from previous studies. For this rea-
son, a comprehensive worldwide methyla-
tion database would make an important im-
pact.

New Statistical Approaches
Recently it was shown that using model-
based approaches for feature selection and
clustering of methylation data works very
well with several mixture models [9]. The
best result has been achieved with a Ber-
noulli-lognormal model which uses log-
transformed positive measurements.

Computer simulations have been pro-
posed for several issues in recent pub-
lications [9, 13, 19]. They can be used for
the choice of sample sizes, to gather knowl-
edge about the distributions and also for the
selection of appropriate models for further
studies. The most promising approaches for
the analysis of methylation data seem to be
support vector machines (SVM) [13] and
adapted clustering methods [9], however
they have only been performed in simu-
lation studies based on existing data. Facing
dozens of publications about the adaptation
of these methods to the analysis of microar-
ray data and proteomics, the adaptation to
epigenetic data structures and issues might
trigger a wave of ideas and contributions in
the future.

Integration of DNA Methylation
Data into Biobanking Databases
The existing worldwide methylation data-
base (www.methdb.net) only contains a
small set of data and profiles [20, 21] and is
not linked to all related recent publications,
in contrast to Entrez databases. A Pubmed-

search at the end of October 2004 with the
expression “Methylation AND DNA” (lim-
ited to human beings) yielded 682 pub-
lications in 2001, 847 in 2002, 1033 in 2003
and 600 until the end of October 2004. The
increasing number of publications about
(human) DNA methylation should motivate
bioinformaticians to expand their focus in
research and teaching to DNA methylation
problems. The research topics will not only
cover statistical questions but also problems
in the fields of data modelling and storage,
knowledge representation etc. Based on the
very promising results of several recent
studies the comprehensive development of
new approaches may boost the impact of
this issue within the next years.

Conclusions
DNA methylation analysis constitutes a
promising, high-throughput method for
rapid screening tests for diagnosis and prog-
nosis of cancer patients. It can aid in build-
ing epigenomic cancer profiles and can be
linked to epidemiological questions due to
its presumed interference with drugs and/
or lifestyle. Advanced methods like SVM,
bootstrap etc. may help researchers in de-
signing more sophisticated experimental
designs. For this reason methylation data are
a challenging new field of research for
bioinformaticians regarding statistical, ma-
chine learning and epigenomic questions.
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