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Abstract— The pace of technology has allowed classification
of feature-subset of methylated and unmethylated of CpG
islands of DNA sequence properties. As methylation of CpG
islands is involved in various biological phenomena and function
of the DNA methylation is correlated to various human diseases
such as cancer, analysis of the CpG islands has become
important and useful in characterizing and modelling biological
phenomena and understanding mechanism of such diseases.
However, analysis of the data associated with the CpG islands
is a quite new and challenging subject in bioinformatics, systems
biology and epigenetics.

In this paper, the problems associated with prediction of
methylated and unmethylated CpG islands on human chromo-
some 21q are addressed. In order to carry out the prediction,
a data set of 132 samples of the CpG islands from human
peripheral blood leukocytes of chromosomes 21q and 4 different
feature sub-sets totalling 44 attributes that characterise the
methylated and unmethylated groups is extracted for each
sample. Due to the nature of this unbalanced data set, in order
to avoid disadvantages of traditional leave-one-out (LOO) and
m-fold cross validation methods, the LOO method is modified
by incorporating the m-fold cross validation approach. In
addition, K-nearest neighbour classifier is then adapted for the
prediction.

The results gained through 440 different comprehensive
analyses shows that the methylated CpG islands can be dis-
tinguished from the unmethylated CpG islands by a predictive
accuracy of between 75% and 80%. More importantly, the
modified LOO identifies more clearly and reliably when the
feature sub-sets are combined. Another interesting observation
is that the modified-LOO-based analysis reveals that the CpGI-
specific feature-set achieve the highest predictive accuracy when
combined with the other feature sets, which is not the case in the
traditional LOO. This also further supports the robustness of
the modified-LOO cross validation approach as CpGI-specific
feature-set is one of the most important and effective attributes
shown in other studies.

I. INTRODUCTION

DNA methylation is a biochemical modification of eu-
karyotic DNA, which generally occurs at the fifth (C5)
position of cytosines residue in a 5’-CG-3’ called CpG
dinucleotides [1, 2, 3,]. In vertebrates, cytosines residue
methylation in CpG nucleotides is an epigenetic marker that
is necessary for physiological cell differentiation [1,3]. It
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is shown that more than 60% of human genes’ promoter
consists of unmethylated CpG islands [4].

Prediction of DNA methylation is one of the most complex
and challenging problems in bioinformatics because DNA
sequence features that characterize methylation, in particular
CpG islands, are dispersed throughout the human genome.
However, the advances in high-throughput technology for
computational genomics and epigenomics has helped analyse
a large variable data obtained from methylated and unmethy-
lated DNA of CpG islands. Methylation of CpG islands
are mainly involved in various biological processes such
as gene silencing, structural chromosomal stability, parental
imprinting and suppressing the mobility of retrotransposons
[1]. The function of DNA methylation has also been linked
to various human diseases such as cancer [1, 3, 5, 6]. It
should be noted that, despite all the advances, analysis of
DNA methylation, particularly for human genome, is just
beginning.

DNA methylation profiling of the Human Major Histo-
compatibility Complex, which has been shown to be the most
gene-dense region in the human genome and contains genes
with a diversity functions (immune system) on chromosome
6 (6p21.3), was one of the first studies in Human Genome
Project [7]. In addition to that Yamada [8] profiled DNA
methylation data derived from human chromosomes 21q
extracted from human peripheral blood leukocytes of four
healthy individuals. There are also other researchers who
have tried to predict DNA methylation of CpG islands [9, 10,
11, 12]. However, their studies were limited as they looked
at only nucleotide sequence (CpGIs) and transcription factor
binding site (TFBS) which provides only an incomplete view
of the human DNA methylation. Bock et al [13] has re-
cently extended Yamada’s data by extracting DNA-sequence
features associated with CpG islands and analysed the data
using statistical methods. However, detailed and consistent
analysis of the features was not carried out. In addition,
statistical approaches used for the analysis was found to be
insufficient, which could yield misleading outcome due to
the nature of such complex data.

The aim of the study is therefore to develop a statistical
strategy and carry out detail and comprehensive analysis of
the features for a more accurate and reliable prediction of
unmethylated and methylated CpG islands classes. The rest
of the paper is organised as follows: section two gives an
explanation the data and the method used through the study,
results are presented and discussed with recommendation for
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further research in section three, and finally the paper is
concluded in section four.

II. MATERIALS AND METHOD

1) CpG islands Data: The data set was extracted from
[13]. After the data was filtered, the data used throughout
this study now contains 132 CpG islands(CpGI) in human
chromosome 21q, 103 of which are unmethylated samples
whereas 29 samples are methylated. In order to characterize
the DNA sequences, a set of features is extracted over DNA
sequences which are summarised in Table I. These data
were extracted from 132 samples of CpG islands which
driven from peripheral blood leukocytes or placenta of four
human healthy individuals. These were averaged methylation
changes between CpG pairs of identical samples; in order
to minimise a bias produced by the length differences of
sequence windows.

As seen in Table I, there are 44 features extracted, which
are further divided into four subsets. They can be described
as follows: The sub-set 1 (f1: CpGI specific DNA methyla-
tion) contains 8 attributes and is averaged sequences values
which calculated by using CpGcluster algorithms [14]. These
are CGI-specific attributes ( CG contents, CG%, number
of CpG island, observed/expected ratio, CpGI distance, and
CpGcluster-pvalue). The sub-set 2 (f2: Evolutionary and
conservation) contains 4 attributes of conserved elements
contents which is calculated by a number of CpGI over-
lapping with conserved elements per CpCI by using a log-
odds conservation score of 100 or more without repeat
masking. The sub-set 3 (f3: CG distribution) contains 16
attributes and represent score of 16 possible combinations
of its observed /expected ratio. The sub-set 4 (f4: structural
and physiochemical properties) contains 16 attributes and
includes predicted elements such as rise, roll, tilt, twist and
solvent accessible surface area as well as bending, curvature,
stacking energy, turns, degree of twist, DNA cleavage, base
per turn and six helical force constant. The calculations of
the features were done using DNAlive algorithms [15].

TABLE I
DETAILS OF THE CPG ISLANDS EXTRACTED FEATURE-SETS

Extracted features Abbreviations No of features
CpGI-specific DNA methylation f1 8
Evolutionary and conservation f2 4

sequence distribution (Dinucleotide) f3 16
DNA structure and properties f4 16

All the feature sets listed above f-all 44

2) Modified Leave-One-Out cross validation: Various
cross validation methods are proposed for assessment of
predictive models. As far as small data set, which is the
case in this study, is concerned, leave-one-out has been
widely used. M-fold cross validation method is also found
to be satisfactory for various sizes of data. However, when
the data set is quite unbalanced, which is the case in this
study, these two methods are found to be biased towards a
class with the highest number of samples and could yield

misleading outcome [16, 17]. Therefore, in this study, leave-
one-out method is modified by incorporating with M-fold
cross validation technique. To clarify, small samples (29
samples in the methylated group) is kept constant whereas
the unmethylated data is randomly divided into 10 folds
of equal size of 29 samples, and then 10 different models
and predictive accuracies are obtained. Therefore, these 10
divisions were analysed in a single and also all possible
combinations by using modified LOO cross validation with
KNN classifier and k = 1 to 11 were used.

3) Predictive method: K-nearest neighbor classifier (K-
NN): K-nearest neighbor (KNN) classifier is one of the most
popular non-parametric classifiers and successfully applied
to various problems in bioinformatics [19, 20, 21]. It assigns
to the point that the majority label among its nearest k in
the training data point to x and predicts the class-label of x
based on label of that k points. Increasing the k value shown
reduced bias and decision boundaries becomes rather smooth
and less sensitive to the outliers [19, 20]. It has been reported
in some studies that KNN resulted in a higher predictive
accuracy than that of Support Vector Machine being one of
the most powerful methods [21]. However, it should be noted
that in many cases, success of a predictive method is mainly
based on a characteristic of a data set being analysed. For
this study, due to its flexibility, effectiveness and power, K-
NN is adapted together with the modified leave-one-out cross
validation method, previous used successfully to imbalance
feature problems and gave better predictive accuracy [17,18]

III. RESULTS AND DISCUSSIONS

This result compromises all possible combinations (120)
of the four biological feature sub-sets as listed in Table
I. A total of 440 analyses was carried out and obtained
predictive accuracies through these analyses are summarised
and presented in Table II.

Single feature-sets, dinucleotide distribution (f3) and Evo-
lutionary and conservation (f2) show the highest class per-
formance as well as predictive class accuracy where the
total of accuracy 77.41% and 70.34% with their standard
error of 6.10 and 3.41 respectively. Evolutionary and con-
servation (f2) gave better predictive class performance and
this confirms our previous studied chromosomes 6 and 22
[18],whereas two other features (f1 and f4) are shown with
fluctuations of class performance. This may contain some
noisy features.

Next we investigated the association between at least two
feature-sets when combined. This shows that the accuracy
steadily increased while the class performance approximately
remains the same as the single subset. The best class
performance yield when CpGI-specific features (f1) and
dinucleotide distribution (f3) are combined followed by f1
and f2 combination. The predictive accuracies of both classes
(methylated , unmethylated and total) are 69.66%, 80.00%
and 74.83% respectively. Combining feature-sets (f2 and f3,
f2 and 4 or f3 and f4) shows overall higher predictive accu-
racy despite their predictive performance decreased. Three
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TABLE II
THE HIGHEST MEAN PREDICTIVE ACCURACY (%) AND STANDARD ERROR FOR COMBINATIONS AND INDIVIDUAL OF THE FEATURE-SETS AS A RESULT

OF THE M-LOO-BASED ANALYSIS OF CHROMOSOME 21.

No of features combined
feature-sets

Methylated predictive accuracy UnMethylated predictive accuracy total predictive
accuracy

standard-error

single feature f1 67.59 80.70 74.14 9.27
f2∗ 69.66 71.04 70.34 3.41
f3 73.79 81.03 77.41 6.10
f4 63.4 86.55 75.00 17.80

2 features {
¯
f1,f2} 70.00 83.10 76.55 9.27

{
¯
f1,f3}∗ 69.66 80.00 74.83 7.31

{
¯
f1,f4} 56.90 87.24 72.07 21.46

{
¯
f2,f3} 71.72 87.93 79.83 11.46

{
¯
f2,f4} 62.41 90.69 76.55 19.99

{
¯
f3,f4} 66.20 86.55 76.38 14.39

3 features {
¯
f1,f2,f3}∗ 72.07 88.62 80.34 11.70

{
¯
f1,f2,f4} 59.31 92.41 75.86 23.41

{
¯
f1,f3,f4} 65.17 85.86 75.51 14.63

{
¯
f2,f3,f4} 69.31 88.62 78.97 13.65

4 features {
¯
f1,f2,f3,f4} 67.59 88.97 78.28 15.12

* bolded feature-sets/values are those which show highest class performance.

feature-sets combinations, CpGI-specific feature (f1), Evolu-
tionary and conservation (f2) and dinucleotide distribution
(f3) achieved the highest accuracy as well as good class
performance compared to any other three combinations. Fur-
thermore, combining (f4) to other two feature-sets resulted
less class predictive performance but the total accuracy did
not change very much. This may cause some of the physio-
and chemical properties that do not complement with other
feature-subsets. Four feature-sets combination have shown
slight reduction of the class performance, whereas three
feature-set combinations revealed a consistent class perfor-
mance specially when excluded feature-set (f4). However,
any combination with excluding CpGI-specific feature (f1)
remains the lowest class performance. Hence, it would be
expected that our prediction would be higher, if we trained
on a single feature-set and compared the rest of the features,
focusing only one specific attributes. However, these were
no much differences among the predicted results where
predictive performance for single attributes nearly the same
as the average (unpublished). Moreover, M-LOO is potential
candidate to predict unbalance data as well as sub feature-
set that outperformed than the traditional Leave-One-Out
[16]. However, combined feature-sets are complex and com-
putational required which also needed pre-processing data.
Despite this, our prediction method improves the tradition
method and adds a new learning method for solving pattern
recognition problems. In addition, this method is a simple yet
yielded better accuracy than more complicated classifier such
as Support Vector Machine. Furthermore, this method does
not need dimensionality reduction as used previous study in
order to predict feature-sets [13].

Further research will extend towards developing a more
robust feature-set based on the DNA-patterns for a more
accurate and reliable prediction of methylated and unmethy-
lated groups and also will extend to DNA sub-set Physio-
and chemical structure features to predict the best indicator
of DNA methylation.

IV. CONCLUSION

In this paper, four feature-subsets of CpG islands data
were studied for human peripheral blood leukocytes of
chromosome 21q. The data was extracted from 132 DNA
samples and a prediction was carried out to determine the
features that are associated methylated from unmethylated
DNA sequence patterns.

Combinations of the feature-sets, sequence features de-
rived from DNA methylation is the most difficult one to
predict because of the imbalance sample and their vari-
ables. To overcome this, we used modified M-fold cross
validation which shows better performance and also higher
accuracy. The combinations of some feature-sets (f1, f2 and
f3) increased their class performance. However, some of
the combined features (f2, f3 and f4) decreased the class
performance but their total average accuracy did not change
very much. This is because the number of attributes may
have a negative effect for combining some of these features.
When (f4) combined with other feature subsets showed a
reduced class performance despite its total average accuracy
remained steadily. Feature-sets, CpGI-specific (f1), Evolu-
tionary and conservation (f2) and dinucleotide distribution
(f3) showed a highest predictive accuracy and also a good
class performance compared with all other three feature-
sets combination, followed by two feature-set combination
of CpGI-specific feature (f1) and dinucleotide distribution
(f3). Comparing, the predictive accuracy of single feature-
sets to the two, three and all combinations of feature-sets,
shows an increase of approximately 10% of accuracy when
it is combined. Our results show a significant correlation
between CpGI-specifity and dinucleotide distribution as well
as Evolutionary and conservation.
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