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Abstract—DNA methylation leads to inhibition of downstream 
gene expression. Recently, considerable studies have been made 
to determine the effects of DNA methylation on complex dis-
ease. However, further studies are necessary to find the multiple 
interactions of many DNA methylation sites and their associa-
tion with cancer. Here, to assess DNA methylation modules 
potentially relevant to disease, we use an Estimation of Distri-
bution Algorithm (EDA) to identify high-order interaction of 
DNA methylated sites (or modules) that are potentially relevant 
to disease. The method builds a probabilistic dependency 
model to produce a solution that is a set of discriminative 
methylation sites. The algorithm is applied to array- and 
sequencing-based high-throughput DNA methylation profiling 
datasets. The experimental results show that it is able to identify 
DNA methylation modules for cancer.
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I. Introduction

genomic studies mainly aim to find genetic markers 
that are associated with a phenotype. Based on DNA 
sequences, researchers have searched for causal effects 
on biological processes including gene regulatory 

mechanisms and diseases. Although several risk factors have 
been identified by the association studies, the genetic variants do 
not fully explain the abnormal regulation because the biological 
regulatory mechanism can be affected by many other factors, as 
well as DNA sequence modification [1]–[4].

Epigenomics refers to the study of regulation of various 
genomic functions that are controlled by another partially sta-
ble modification, but not DNA sequence variants [5]. Among 
these, DNA methylation, which typically occurs at CpG dinu-
cleotides catalyzed by DNA methyltransferase, is a crucial epi-
genetic regulatory mechanism in cellular processes. DNA 
methylation of CpG sites mostly causes silencing of the down-
stream gene. The enrichment of the differentially methylated 
DNA fractions can contribute to specific abnormalities, includ-
ing complex diseases [6]–[8]. In particular, with the advent of 
array and next generation sequencing (NGS) technology, many 
researchers have carried out genome-wide DNA methylation 
profiling studies [9]–[11], and the genome-wide studies have 
reported that many genomic regions are differentially methyl-
ated in normal and abnormal cells [12]–[14].

However, a complex disease is caused by a combination of 
dysegulatory effects of multiple genes [15]–[17]. That is, errors 
of biological processes are not caused by the alteration of an 
individual methylation level. Recently, Easwaran et al. hypothe-
sized that DNA hypermethylation modules preferentially target 
important developmental regulators in embryonic stem cells 
[18]. They found a set of genes whose DNA methylation con-
tributed to the stem-like state of cancer. Horvath et al. studied 
aging effects of DNA methylation and identified co-methylat-
ed modules related to aging in the human brain and blood 
tissue [19]. Zhang and Huang investigated the DNA co-meth-
ylation patterns frequently observed in cancer [20].

Here, we identify combinatorial modules of DNA methyla-
tion sites associated with human diseases using an evolutionary 
learning approach (Figure 1). Evolutionary algorithms can approx-
imate solutions well for a variety of problems [21]–[25]. They 
generate a new population through iterative updates and 
selection using a guided search process in a feature space. We 
utilized an Estimation of Distribution Algorithm (EDA)-based 
learning approach to identify combinations of cancer-relat-
ed DNA methylation sites. In the EDA, the population is 
evolved according to the probabilistic distribution in selected 
individuals without conventional genetic operators such as cross-
over and mutation. As a result, the EDA can provide answers 
in combinatorial optimization problems [26]–[29]. The 
EDA-based methods have been previously applied in several 
biological studies, and it has offered promising results for 

complex problems where other methods failed to find a 
good solution [30]–[32].

We investigated DNA methylation modules relevant to can-
cer, using the DNA methylation profiling datasets produced by 
array- and sequencing-based approaches. The experimental 
results showed that our method could identify DNA methyla-
tion modules related to cancer.

II. Methods

a. evolutionary Learning Procedure to Identify a Set  
of DNa Methylation Sites associated with a Disease
EDAs evolve a population to find the optimal solution probabi-
listically. The initial population is constructed by randomly 
selecting individuals. The individuals represent higher order 
interactions of the methylated sites. The population size m  is 
decided empirically and the initial weight w j  of the individ-
ual ( )j j m0 1 1  is randomly assigned with a small value 
( ).w1 1j1 1-

In the evolutionary process, each individual is evaluated for 
how discriminative the interaction is for the datasets. Better 
individuals are then selected and a dependency tree is built by 
fitting to the selected individuals. New individuals of the next 
generation are generated using the probability distribution 
within the tree structure, and replace the previous individuals. 
The overall procedure is as follows:
Step 1) Set g 0!
Step 2) Initialize population ( )X g  by random generation
Step 3) Evaluate individuals in ( )X g
Step 4)  Select a set of individuals by tournament selection from 

( )X g
Step 5)  Construct a dependency tree ( )gG  by measuring Kull-

back-Leibler divergence between variables
Step 6)  Learn parameters using a probability distribution of the 

set of selected at step 4
Step 7)  Generate new individuals by sampling with joint distri-

bution from the ( ),G g  and create a new population 
( )X g 1+

Step 8) Set g g 1! +

Step 9) If the termination criterion is not met, go to Step 3
Further details for steps 3 and 5 are explained in follow-

ing sections.

B. Learning Dependency Tree
The dependency tree is built from the selected individuals by 
searching conditional dependencies between random variables. 
The model is then optimized by a series of incremental updates 
[33], [34], as follows:

Suppose that X  is a population and { , , ..., }X X X Xn1 2=  
represents a vector of variables with n  features, i.e., DNA 
methylation sites. The probability distribution is denoted by a 
joint probability ( , , ..., )P X X Xn1 2  as to:
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( ) ( , , ..., )

( | , ..., ) ( | , ..., ) .... ( | ) ( ).
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P X X X P X X X P X X P X
n

n n n n n

1 2

1 2 2 3 1

=
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However, it is hard to measure all the joint probabilities 
exactly when ,n  the number of variables, is large. Thus it is 
necessary to approximate the probability distribution. In this 
study, we used a dependency tree, and the distribution is 
approximated as follows:

 ( , , ..., ) ( ) ( | ),P X X X P X P X X ( )n r i pa i
i r

1 2 =
!

%  (2)

where , , ...,X X Xn1 2  are random variables, r  is an index of a 
root node, and pa(i) denotes the index of the parent node of 

.Xi  The tree structure is built by searching based on Kullback-
Leibler divergence between two random variables. The depen-
dency graph is constructed optimally in a direction to 
maximize total mutual information as follows:

 ( ; ),argmax I X X, ( )r pa
i r

i pa i
!

%  (3)

 

( ; )
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( , )

.log
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( )
( )
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= =
= =
= =//  (4)

The complete graph G  searches the maximum spanning tree, 
and then the best dependency tree is constructed.

For parameter learning, the most likely values are calculated 
from the frequencies in the selected individuals. That is, the 
model parameters are represented as marginal probabilities in a 
root node and conditional probabilities in the other nodes. The 
marginal probabilities in the root nodes and the conditional 
probabilities in the child nodes are calculated by Eqs. (5) and 
(6), respectively, as follows:

 ( )
( )

,P X x N
c X x

r
r

= =
=

 (5)

 ( | ) ( )
( , )

,P X x X y c X y
c X x X y

( )
( )

( )
i pa i

pa i

i pa i
= = =

=
= =

 (6)

where c  is the count of a variable X  with a specific value and 
N  is the total number of individuals.
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FIgurE 1 Schematic overview for probabilistic evolutionary learning to identify DNA methylation modules.
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C. Fitness evaluation in a Population
The fitness function represents how informative the chromo-
some is to classify the samples. That is, the fitness for an individ-
ual is evaluated by measuring the classification accuracy for 
interaction of the features. To determine and update the fitness 
for each individual, we introduce a gradient descendant rule for 
training data D as follows:

 ( ( )) ,w w t f vDi i j j jih= + -  (7)

where wi  is the weight value for i-th feature and t j  is the target 
class in the j-th training instance .D j  h  is the learning rate and 
v ji  is the value of the i-th attribute in the j-th instance. ( )Df j  is 
the predicted output value of the j-th training instance by our 
model and determined as follows:

 ( )
,

,

,
f

w v1

1

0if 

otherwise.
D j

i
i

n

ji
0

2
=
-

=

$* /
 (8)

The difference between the predictions and the target values 
specified in the training sequence is used to represent the error 
of the current weight vector. The target function is optimized 
to minimize the classification error. The weight values are eval-
uated against a sequence of training samples and are updated to 
improve the classification accuracy. The weight update processes 
are repeated until they converge after a number of epochs.

Using the learning scheme, we identify the most informa-
tive individuals for classification, where the absolute values of 
their weights are large. In addition, it is better to find the DNA 
methylation module, whose number of features is small. Finally, 
the fitness function for the k-th individual ( ),X Fitness Xk k  is 
defined as follows:

 ( ) ( ) ( ),Fitness X Acc X Order Xk k k= -  (9)

where ( )Acc Xk  is the classification accuracy for training datasets 
and ( )Order Xk  denotes the number of methylation sites which 
are selected in the individual .Xk

D. Dataset
The high-throughput DNA methylation profiles of large 
genomic regions can be produced by both array and NGS 
technologies. We applied our approach to these two types of 
datasets. The array data were generated by the Illumina Infini-
um 27 k Human DNA methylation BeadChip, for surveying 
genome-wide DNA methylation profiles in breast cancer and 
normal samples [35]. We downloaded the dataset from Gene 
Expression Omnibus accession number GSE32393, and re -
moved the samples with missing values. Sequence-based datasets 
were produced by MethylCap-seq in matched normal and 
colorectal cancer samples and collected at GSE39068 [36]. Nor-
malization and preprocessing were carried out using the ap -
proaches detailed by Simmer et al. [36].

The DNA methylation levels of the two datasets were rep-
resented as beta-values, which were bounded between 0 
(unmethylated) and 1 (totally methlyated).

III. Results

a. DNa Methylation Module associated with Breast Cancer
This analysis was carried out based on DNA methylation pro-
filing datasets that experimentally measured the methylation 
statuses using DNA Methylation BeadChip [35]. We extracted 
data for DNA methylation profiles on chromosome 17 from 
breast cancer and normal samples. Then, the data used at our 
experiment consist of total 99 samples with 82 cancer and 17 
normal samples with 1,587 features. Figure 2 shows the learn-
ing curves in the evolutionary process. The fitness value was 
improved when the number of generations increased. We intro-
duced a term, in the fitness function, for the number of the 
methylation sites to find an individual with a shorter length; 
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FIgurE 2 Learning curve using breast cancer datasets. The x-axis is 
the number of generations and the y-axis shows (a) fitness values and 
(b) the number of methylation sites.
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therefore, the order decreased with the learning process (Fig-
ure 2(b)). After convergence, six sites were selected for the dis-
crimination. These six sites were related to genes, KIAA1267, 
CD79B, ALOX12, TMEM98, KRT19 and FOXJ1 (Table 1).

ALOX12 has a role in the growth of breast cancer and its 
inhibition may be a strategy for inhibiting tumor growth [37]. 
The gene can be used as a serum marker for breast cancer [38]. 

In addition, it has been reported that hypermethylation of 
ALOX12 is associated with cancer [39]–[42]. Indeed, the 
ALOX12 gene is closely related to apoptosis, and alterations in its 
expression caused by DNA methylation can cause a malfunction 
in cell death [43]–[45]. Therefore, it is reasonable to hypothesize 
that a change of methylation in the gene is linked to cancer, 
including breast tumors. KRT19 is a well-known marker for 
breast cancer [46], [47], and the KRT19 promoter can be aber-
rantly methylated in cancer cell lines [48]. The CD79B gene has 
also been shown to be related to breast cancer in several studies 
[49], [50]. FOXJ1, a member of the forkhead box (FOX) family, 
may function as a tumor suppressor gene in breast cancer [51]. 
FOXJ1 is hypermethylated and silenced in breast cancer cell lines 
[52]. TMEM98 is a transmembrane protein. Recently, Grimm et 
al. investigated transmembrane proteins specific for cancer cells, 
and showed that the transmembrane proteins can be targets for 
antibodies and may form biomarkers for tumor diagnosis, prog-
nosis, and treatment [53]. The function of KIAA1267 is unclear 
yet, but this gene encodes KAT8 regulatory NSL complex sub-
unit 1, and KAT8 regulates p53, a tumor suppressor gene [54], 
[55]. Our results suggest that KIAA1267 also can have a role in 
breast cancer.

To verify that our method produced good classification 
performance generally, we calculated the classification perfor-
mance by randomly separating the original dataset into train-
ing and test datasets. Table 2 shows the average accuracy, 
sensitivity and specificity for 20 times repetition of random 

TAbLE 3 Classification Performance Using the Selected Sites and Randomly Selected Sites.

ALgorIThM FEATurE* ACCurACy SENSITIvITy SPECIFICITy

LogiSTic RegReSSioN SeLecTeD 0.939 0.987 0.762 

f = 5 0.834 0.968 0.191 

f = 6 0.839 0.967 0.224

f = 10 0.855 0.949 0.405 

f = 20 0.893 0.950 0.621

SVM SeLecTeD 0.929 0.941 0.857 

f = 5 0.829 0.999 0.008

f = 6 0.830 0.998 0.018 

f = 10 0.833 0.995 0.054

f = 20 0.867 0.986 0.304 

DeciSioN TRee SeLecTeD 0.939 0.952 0.867 

f = 5 0.822 0.936 0.269 

f = 6 0.822 0.93 0.302 

f = 10 0.826 0.908 0.431 

f = 20 0.849 0.910 0.555 

NAiVe BAyeS SeLecTeD 0.919 0.951 0.765 

f = 5 0.774 0.817 0.568 

f = 6 0.769 0.802 0.613 

f = 10 0.795 0.804 0.753 

f = 20 0.837 0.843 0.810 

*At the column Feature, f is the number of randomly selected sites, and selected means the selected sites by our method.

TAbLE 2 Classification Performance by Splitting Training  
and Test Data.

ALgorIThM ACCurACy SENSITIvITy SPECIFICITy

LogiSTic RegReSSioN 0.947 0.919 0.768 

SVM 0.908 0.975 0.476 

DeciSioN TRee 0.928 0.894 0.768 

NAiVe BAyeS 0.935 0.928 0.772 

TAbLE 1 Finally Selected Methylation Sites.

ID PoSITIoN gENE CgI LoCATIoN 

cg02301815 41605268 KiAA1267 41605074-41605445

cg07973967 59363339 cD79B 25467633-25468370

cg08946332 6840612 ALoX12 6839463-6841283 

cg11833861 28279748 TMeM98 28278827-28279833

cg16585619 36938776 KRT19 No cgi* 

cg24164563 71647990 FoXJ1 71647419-71649480

*This site is not located within a cgi.
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splitting, measured by conventional classification algorithms. 
Our algorithm showed good classification results even at the 
independent test set. For further verification, we randomly 
extracted the methylation sites with 100 times repetition, then 
measured the classification performance in each dataset by 
10-fold cross-validation. Table 3 shows that our method pro-
duced better results than the others, regardless of the number 
of the randomly selected sites. In particular, it was noted that 
the specificity using the selected sites by our method was 
much better than the others, even though the original data 
was highly imbalanced.

B. Modules associated with Colorectal Cancer  
using High-Throughput Sequencing Data
Recently, high-throughput sequencing technologies have been 
used to determine DNA methylation profiles. We applied our 
method to the sequencing-based methylation profile datasets 
produced by Simmer et al. [36].

The experiments were carried out using 25 cancer and 25 
normal samples with 10,393 genomic regions on chromosome 
17. Figure 3 depicts the improvement of the fitness in iterative 
learning procedures using these datasets, and finally 348 regions 
were selected to discriminate colorectal cancer and normal sam-
ples after convergence. Table 4 shows the average classification 
performance by 10-fold cross-validation using the selected sites.

We annotated the 348 selected regions using GPAT [56] and 
investigated which genes were located close to the selected 
regions. We determined which genes were enriched within the 
KEGG pathway using the genes whose transcription start sites 
are located within 5,000 bp from the selected genomic regions 
[57], [58]. Table 5 summarizes the significantly enriched path-
ways with low p-values and shows that most of these are closely 
associated with cancer-related networks. Note that the enriched 
signaling pathways were related to colorectal cancer. In colorectal 

cancer, the roles of the wnt signaling pathway and MAPK signal-
ing pathway have been studied intensively [59]–[62]. Genetic 
mutations affecting the pathway components and the alteration 
of their expression can enhance tumorigenicity in cancer cells. In 
addition, the neurotrophin signaling pathway could be related to 
growth of colorectal cancer cells [63] and the chemokine signal-
ing pathway suppresses colorectal cancer metastasis [64], [65]. 
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FIgurE 3 Learning curve using colorectal cancer datasets. The x-axis 
is the number of generations and the y-axis is fitness values.

TAbLE 4 Classification Performance Using Only the Selected 
Sites in Colorectal Cancer.

ALgorIThM ACCurACy SENSITIvITy SPECIFICITy

LogiSTic  
RegReSSioN

0.900 0.920 0.880 

SVM 0.940 0.960 0.920 

DeciSioN TRee 0.640 0.680 0.600 

NAiVe BAyeS 0.900 0.920 0.880 

TAbLE 5 Enriched Geneset in Colorectal Cancer Data.

gENE SET p-vALuE FDr q-vALuE

NoN-SMALL ceLL LuNg cANceR 2.61e-05 4.25e-03 

gLioMA 4.56e-05 4.25e-03 

NeuRoTRophiN SigNALiNg 
 pAThwAy 

3.25e-04 1.85e-02

pAThwAyS iN cANceR 3.99e-04 1.85e-02 

wNT SigNALiNg pAThwAy 5.52e-04 2.05e-02 

ALDoSTeRoNe-ReguLATeD  
SoDiuM ReABSoRpTioN

9.09e-04 2.22e-02 

eNDocyToSiS 9.62e-04 2.22e-02 

VASopReSSiN-ReguLATeD wATeR 
ReABSoRpTioN 

9.97e-04 2.22e-02 

cheMoKiNe SigNALiNg pAThwAy 1.07e-03 2.22e-02 

FocAL ADheSioN 1.26e-03 2.34e-02 

eNDoMeTRiAL cANceR 1.39e-03 2.35e-02

BASAL ceLL cARciNoMA 1.55e-03 2.41e-02 

coLoRecTAL cANceR 1.97e-03 2.73e-02 

pANcReATic cANceR 2.50e-03 2.73e-02 

MeLANoMA 2.57e-03 2.73e-02 

chRoNic MyeLoiD LeuKeMiA 2.72e-03 2.73e-02 

cyToKiNe-cyToKiNe RecepToR 
iNTeRAcTioN 

2.82e-03 2.73e-02 

MApK SigNALiNg pAThwAy 2.82e-03 2.73e-02 

phoSphATiDyLiNoSiToL 
 SigNALiNg SySTeM 

2.94e-03 2.73e-02 

VegF SigNALiNg pAThwAy 2.94e-03 2.73e-02 

Fc epSiLoN Ri SigNALiNg 
 pAThwAy 

3.17e-03 2.81e-02 

SMALL ceLL LuNg cANceR 3.58e-03 2.98e-02 

eRBB SigNALiNg pAThwAy 3.83e-03 2.98e-02 

ApopToSiS 3.92e-03 2.98e-02 

pRoSTATe cANceR 4.01e-03 2.98e-02 



18    IEEE ComputatIonal IntEllIgEnCE magazInE | auguSt 2018

The phosphatidylinositol signaling pathway plays an important 
role in the growth, survival and metabolism of cancer cells, and 
targeting this pathway has the potential to lead to treatments for 
colorectal cancer [66], [67]. VEGF and ErbB may be valid thera-
peutic targets for patients with colorectal cancer [68]–[71].

IV. Discussion and Conclusion
DNA methylation may be associated significantly with com-
plex diseases and many genomic regions are differentially 
methylated in various cancers, comparing to normal samples. 
In this study, we presented a method to identify combinatorial 
effects of DNA methylation at multiple sites. From a systematic 
perspective, the relationship between DNA methylation 
regions and a specific disease is learned by the presented proba-
bilistic evolutionary learning method. The fitness value of a 
DNA methylation module measures the level of its responses 
to the cancer. In a computational view, our method can solve a 
large number of feature problems by identifying modules with 
both compactness and high coverage of cancer-related genes. 
Applying our method to breast cancer and colorectal cancer 
data produced by high-throughput technologies, we detected 
cancer-related modules that were confirmed by the literature 
and functional enrichment analysis. Interestingly, we observed 
that the selected regions were located around genes that are 
significantly enriched in cancer-related gene set categories, 
which provided evidence that the identified modules in our 
study are biologically meaningful.

Moreover, from the result for the array-based dataset, we could 
obtain a good accuracy with a very small number of random fea-
tures. However, the specificity was very low in the experiments 
with random features. The result suggested that our method could 
generate well-balanced classification performance even with a 
highly imbalanced dataset, although conventional classifiers would 
not work well with imbalanced circumstances. Also in the second 
experiment using the NGS-based dataset with large number of 
features and small sample size, our method could find the informa-
tive DNA methylation sites with good classification performances, 
even though the decision tree, necessary to be discretized in each 
value, showed relatively lower results.

Studies on DNA methylation could reveal the process of 
tumorigenesis as well as identify biomarkers. Our approach, 
which identifies multiple DNA methylation sites that might be 
epigenetically regulated, could provide a useful strategy to detect 
the epigenetic association related to cancer. By applying our 
method to array- and NGS-based data, we showed that it is 
applicable to a variety of data types and various disease contexts. 
Moreover, recent studies suggest a complex relationship between 
genetic variation and DNA methylation. Systems genetics and 
epigenetics approaches are required to examine these relation-
ships. Although our framework is based on DNA methylation 
profile datasets, it could be used to identify the combinatorial 
association of various factors, including gene expression levels, 
microRNAs, copy number variations, genetic variations, and 
environmental factors. The integration of a variety of data would 
provide the basis for new hypotheses and experimental 

approaches in the model of a complex disease. Moreover, the sys-
tematic identification of causal factors and modules would pro-
vide insights into mechanisms underlying complex diseases and 
help to develop efficient therapies or effective drugs.

In summary, we presented a method for searching the higher-
order interaction of DNA methylation sites using a probabilistic 
evolutionary learning method. We also examined the potential 
for the combined effects of various sites on the genome. The 
results suggested that the alteration of DNA methylations at 
multiple sites affects cancer. Similar to genome-wide association 
studies, our approach provided an opportunity to capture the 
complex and multifactorial relationships among DNA methyla-
tion sites and to find new factors for future study. Therefore, our 
approach would facilitate a comprehensive analysis of genome-
wide DNA methylation datasets and help the interpretation for 
the effects of DNA methylation on multiple sites.
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