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ABSTRACT: DNA methylation may represent an important contributor to the missing heritability described in complex trait
genetics. However, technology to measure DNA methylation has outpaced statistical methods for analysis. Taking advantage of
the recent finding that methylated sites cluster together, we propose a Spatial Clustering Method (SCM) to detect differentially
methylated regions (DMRs) in the genome in case and control studies using spatial location information. This new method
compares the distribution of distances in cases and controls between DNA methylation marks in the genomic region of
interest. A statistic is computed based on these distances. Proper type I error rate is maintained and statistical significance is
evaluated using permutation test. The effectiveness of the SCM we propose is evaluated by a simulation study. By simulating
a simple disease model, we demonstrate that SCM has good power to detect DMRs associated with the disease. Finally, we
applied the SCM to an exploratory analysis of chromosome 14 from a colorectal cancer data set and identified statistically
significant genomic regions. Identification of these regions should lead to a better understanding of methylated sites and their
contribution to disease. The SCM can be used as a reliable statistical method for the identification of DMRs associated with
disease states in exploratory epigenetic analyses.
Genet Epidemiol 00:1–8, 2014. © 2014 Wiley Periodicals, Inc.
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Introduction
For the past decade, the Genome-Wide Association Test
(GWAS) for population-based genetic analysis has identified many genetic factors associated with complex diseases
[Manolio et al., 2008]. However, DNA polymorphisms have
explained only a portion of inheritance patterns in many of
these diseases, leaving a large amount of heritability still to be
accounted for [Maher, 2008]. Some of the missing heritability
might be explained by epigenetic mechanisms, such as DNA
methylation, that control gene expression by means other
than changes to the DNA sequence [Manolio et al., 2009].
Most human DNA methylation marks are likely stable, making them useful as disease biomarkers. Analyzing data from
cancer patients, we observe a widespread disruption of the
human DNA methylation profile. The human DNA methylation profile plays a role in the etiology of numerous other
complex diseases including asthma, coronary heart disease,
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and bipolar disorder [Foley et al., 2009]. However, there is
currently no “gold-standard” statistical approach to identify
human DNA methylation profiles that are associated with
diseases. The need for better analytical methods for studying
DNA methylation has grown, as recent advances have made
large-scale measurements much more tractable.
Recent advances in biomedical technology make it possible to perform large-scale measurements of DNA methylation
across the human genome. As a result, the methylated state
of each CpG site and its location in the human genome can
be identified [Laird, 2010]. Thus, some of the methods used
to detect disease susceptibility loci for genetic variants can be
applied to detect disease susceptibility CpG sites. However,
there are numerous challenges in analyzing DNA methylation data: measurement errors and batch effects are common
for DNA methylation data, methylation effects may not be
captured completely if surrogate tissue samples are used, and
contamination from cellular heterogeneity in samples has led
to spurious conclusions. Furthermore, methylation levels are
clustered [Hackenberg, 2010]. If we can take advantage of
distance information, we can devise a more powerful test to
detect association.
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Instead of trying to identify CpG sites individually, we
propose screening the genome for potential regions worthy
of detailed analysis by utilizing spatial location information
of CpG sites. Distances between CpG sites, measured in DNA
base pairs, provide us with crucial information about where
DNA methylation events occur. There are two reasons why
this information is important. First, CpG sites tend to cluster
together in promoter regions that affect gene expression.
Second, studies have shown gene expression levels are associated with genomic regions of variable methylation instead
of a single CpG site. For example, the level of methylation
in the promoter region of a gene may be inversely associated
with the level of gene expression of that gene [Eckhardt et al.,
2006; Hansen et al., 2011; Lister et al., 2009]. Jaffe et al. proposed a comprehensive framework for a DNA methylation
analysis pipeline [Jaffe et al., 2012]. In their approach, the
user specifies a statistical model. Our method is similar to
Jaffe’s method in that we are “bumping hunting” along the
genome with the goal of detecting differentially methylated
regions (DMRs). The main difference is that we are using
specific spatial information to come up with a robust
statistic.
Our proposed approach is adapted from an algorithm
which successfully detects rare genetic variants associated
with diseases using spatial information [Fier et al., 2012].
The algorithm is based on genetic distances between
polymorphic single nucleotide polymorphism variants and
their distribution. We believe the distributions of genetic
distances between CpG sites are similar. In epidemiology,
identification and quantification of patterns in disease occurrence provide the first steps toward increased understanding
of that particular disease. As stated, “The location where an
event happens may provide some indication as to why that
particular event occurs. Thus, spatial statistical methods
offer a means for researchers to use locational information
to detect and quantify patterns in public health data, and
to investigate the degree of association between potential
risk factors and diseases” [Waller and Gotway, 2004]. Spatial
location information for CpG sites may be the additional
data needed for a robust statistic for DNA methylation.
We call our method the Spatial Clustering Method (SCM).
By creating a statistic that incorporates spatial location information and methylation measurement at each CpG site,
our method can identify DMRs in the genome that are candidates for association with diseases. Since the location is measured from the beginning of each chromosome, the analysis
is restricted to one chromosome at a time. In the following sections, we describe the SCM in detail and highlight
its potential. We evaluate the SCM with a simulation study
demonstrating that it has good power to detect DMRs while
maintaining the prespecified type I error rate. To test our
approach, we apply the SCM to a publicly available clinical
data set with colorectal cancer as the phenotype. In doing
this, we identify significant DMRs of the human genome
potentially linked to this disease. By reliably and specifically
identifying methylated regions associated with disease, rather
than individual sites, SCM may facilitate the study of causal
associations between methylation and disease.
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Methods
Conceptual Development
By observing patterns of genetic events in our genome, we
can identify and quantify patterns in disease occurrence. We
adapt some of the statistical methods developed for spatial
analysis to help our investigation of association between potential genetics factors and diseases. There are two categories
of data in spatial data analysis: feature data consisting of geographical information that uniquely identifies the location
where events occur, and attribute data consisting of counts or
measured information about the events. To frame genetic investigation into the spatial data analysis framework, we need
a “map” with relevant feature information including location
and distance. Then, genetic events can be identified together
with the location of occurrence and related with one another
based on topological constraints.
In our model, CpG methylation marks can be viewed
as spatial information arranged as points along the
chromosome when it is stretched into a line. Thus, an
analysis that explicitly uses spatial information can be
very informative. In particular, we wish to detect whether
the set of locations observed contains clusters of events
reflecting areas with associated increases in the likelihood of
occurrence (e.g., unusual aggregations of cases of a particular
disease).
Array-based platforms to assay DNA methylation result in
a percent methylation at a single CpG site; for our method
we need to transform these percent methylation values to
methylation units. The transformation is done by using a
weight for each CpG site, developed based on the percent
methylation values of controls and the site’s distance from
the nearest neighboring CpG site. The weight is then applied
to each CpG site transforming the percent methylation value
to methylation units for that site regardless of whether it is
a case or control. Each methylation unit is counted as an
occurrence of an event.
With the basic entities defined, the next step is to characterize location patterns. The traditional spatial descriptions
of the location patterns such as the intensity functions or the
K-functions are based on geographical map information and
may not be suitable for genetic analysis. So, we adapted an
idea that has been applied successfully for the development
of a nonparametric association test for genetic rare variants
to our method [Fier, 2012]. The location pattern is characterized by the distance distribution between each consecutive
event on the line. A distance vector is a vector of distance
between events from all the methylation measurements in
the genome region of interest. In our current adaptation of
the rare variant method, we create two distance vectors—one
is for methylation units from the cases and one for methylation units from controls. These two distance vectors represent
samples from the distance distribution for events in case and
control groups.
With case-control point data, we can compare the control
locations which provide baseline information on spatial
patterns of the population at risk and the case locations

which provide spatial patterns of the disease. As done in
many other epidemiology studies, an association test that
identifies clusters of CpG sites and examines their association
with diseases can now be constructed based on differences
between the control and the case distance distributions. The
idea is to develop a test statistic that captures the differences
between these two distance distribution functions. If the
differences are statistically significant, we can reject the null
hypothesis that distributions are the same, and conclude
that the genomic region is associated with the disease
phenotype.
With the distance vectors developed, we can use the AnsariBradley statistic to test if there is a difference in dispersion [Ansari-Bradley, 1960]. Since the choice of creating the
weight based on the control group is arbitrary, we repeat the
same procedure using a weighting scheme based on percent
methylation values and nearest neighboring CpG site from
cases. The final statistics is computed as the maximum of the
two derived statistics. Since we assumed that the CpG sites are
clustered with the same association effect in the same genomic
region, the differences between the distribution functions are
magnified for the small genomic distances. Therefore, the
test captures information for both distances and methylation
association effects.
As in most other spatial tests, the distribution of the difference in distribution functions does not have a closed analytic form. Thus, the statistical significance of the proposed
test statistic is obtained by Monte Carlo/permutation method
that randomly assigns case/control status to the study population while maintaining the total number of cases and controls
and the DNA methylation structure of the genomic region of
interest.
For exploratory analysis, we can set up a genomic window
which contains a fixed number of CpG sites. Then, we scan
each of the chromosomes from the beginning to the end
using a sliding genomic window to look for regions that
are significantly different for further analyses. However, it
is important to apply multiple testing corrections for this
approach [Kuan et al., 2012].

to the position vector, P, for subject, j, and is denoted by
Mj = (m1,j , . . . , mi,j , . . . , mK,j ).
Computing the Test Statistic
First, we developed a weight for each CpG site based on
information obtained from the control group. We denoted
the weight based on the control for the ith CpG site by w0,i .
The derivation of the formula for the weights is explained
later in the section. By applying this weight to each CpG site,
we transform the percent methylation value for cases and
control into methylation units for the ith CpG site denoted
by ucase or control,i given by taking the largest integer from the
following formula:

 
mi,j × I case s j and
ucase,i = w 0,i ×
j

ucontrol,i = w 0,i ×


  .
mi,j × I control s j

(1)

j

Since each methylation unit is considered as an occurrence
of an event, we have an ordering of events based on the
position order of the CpG sites. Next, we create a sequence of
distances, ducase , between each event for cases and a sequence
of distances, ducontrol , between each event for controls. Each
of these two sequences of distances can be treated as samples
from the corresponding distance distribution.

ducase = . . . , distance in base - pair between the ith event
ducontrol

and i + 1th event for cases, . . .} , and

= . . . , distance in base - pair between the ith event
and i + 1th event for control, . . .} .

(2)

The applied weighting schemes only influence the skewness
of the derived distance distribution functions, and have no
impact on the values of the observed nonzero distances. The
null and alternative hypotheses are:
H0 : the distribution functions of cases and controls are the
same (Or no association of methylation pattern and
disease)

Detailed Algorithm
In order to explain our idea fully, we present the detailed
algorithm using the following notation.
We assume that a defined genomic region has been assayed
or sequenced in N subjects in the context of a case-control
study, recording the physical positions in DNA base pairs
from the beginning of each chromosome of all the CpG sites
in the region, and the methylation levels at each site for all
subjects. Assume that there are a total of K CpG sites under
consideration. The sorted position vector for the CpG sites is
denoted by P = (p1 , . . . , pi , . . . , pK ) and index by 1 ࣘ i ࣘ K.
The subjects in the study are indexed by 1 ࣘ j ࣘ N. To identify
cases and controls, we define the indicator functions Icase (sj ) =
1 if the subject sj is from the case group and =0 otherwise and
Icontrol (sj ) = 1 if the subject sj is from the control group and
=0 otherwise. The methylation signal vector corresponding

HA : they are different

(3)

To test our hypothesis, we used the Ansari-Bradley test
which is a nonparametric, two-sample test on the variability of the distance distribution functions. If the distribution
functions were different, we expect to see one of the samples
to be more “spread-out” than the other.
We applied the test to our two samples, ducase and ducontrol .
Since the samples are obtained using a weighing scheme based
on subjects from the control group, we denoted the resulting
Ansari-Bradley statistics by Acontrol .
The weighting scheme described above was based on subjects from the control group. We also derived the weight based
on subjects from the case group. Using the same notation, we
obtained the weight based on the cases for the ith CpG site
by w1,i and transformed the percent methylation values to
Genetic Epidemiology, Vol. 00, No. 00, 1–8, 2014
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methylation units for the ith CpG site denoted by vi :

(mi,j ∗ I case (s j )) and
v case,i = w 1,i ∗

cent methylation value, mscontrol , of subjects from the control
group separately:

    
 
mi,j ∗ I case s j /
I case s j
ms case =

j

v control,i = w 1,i ∗



(mi,j ∗ I control (s j )).

(4)
ms control

j

With the implicit ordering of events based on CpG site
positions, we created a sequence of distances, dvcase , between
each event for cases and a sequence of distances, dvcontrol ,
between each event for controls.
dv case = {. . . , distance in base - pair between the
ithevent and i + 1thevent for cases, . . .}, and
dv control = {. . . , distance in base - pair between the
ithevent and i + 1thevent for control, . . .}. (5)
Similarly, we applied the Ansari-Bradley test and obtain
the statistics, Acases . This tests for the differences between the
distance distribution functions for cases and controls when
weighted by the subjects from cases.
The final statistic is the maximum of the two:
A f inal = max (A cases , A control ) .

(6)

A rejection of the null hypothesis implies an association
of the tested methylation sites in the region with affection
status. Because of the likely presence of tied observations in
the distance distribution functions, we used an implementation of the standard Streitberg/Roehmel shift algorithm
to retrieve exact distribution functions for our test statistics [Streitberg-Roehmel, 1986]. To obtain the significance
of the test statistics, we used permutation testing. For each
specified genomic region, case/control status was randomly
assigned to each individual so that the total number of cases
and controls of the original study is maintained. As a result,
the methylation structure of the study-population samples
was kept constant. The P-value was estimated as the proportion of permutation test statistics which were more “extreme”
than the actual observed test statistic for the data.
Computing the Weight
In order to incorporate the importance of spatial proximity
between CpG sites and to control for an uneven distribution
of the percent methylation values, we defined weights that
depend on both cluster and percent methylation values. We
took the distance to the nearest neighbor for each of the CpG
sites and the shortest distance vector, D = {di } for all 2 ࣘ I ࣘ
K – 1 where
di = min (|p i – p i–1 | , |p i – p i+1 |)
d1 = |p 2 – p 1 |
dK = |p K = p K –1 | .

(7)

Then, we computed the mean percent methylation value,
mscase , of all subjects from the case group and mean per-
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i

j

i

j

i

j

i


  
mi,j ∗ I control s j
=

j


 
I control s j .

(8)

We standardized each methylation site’s percent methylation value with respect to the mean of the cases. Our weighting
scheme for the ith CpG site based on the subjects from cases
was given by
⎛
⎤⎞
⎡

 
⎣
w 1,i = 1 + ⎝[ms case ]
mi,j ∗ I case s j + 1 ⎦⎠
j

log (di + 1) , and
based on the subjects from controls, was given by
⎤⎞
⎛
⎡

 
w 0,i = 1 + ⎝[ms control ] ⎣
mi,j ∗ I control s j + 1 ⎦⎠
j

log (di + 1) .

(9)

The weights are created to more highly weight close by CpG
sites and lower methylation values.
Simulation Study
In order to evaluate the proposed SCM, we simulated the
null population where the disease phenotype was independent of the percent methylation value at each CpG site. Then,
we simulated the disease populations where certain sites were
selected to associate with the disease status. The proposed
test statistic was computed on 1,000 simulated samples so
that we could evaluate both the type I error rate and examine
the power of the test to detect associations with the disease
phenotype.
For exploratory purposes, we varied the size of the genomic
region of interest centered on the chosen CpG sites in our
simulation study. For most of our reported results, we used
a genomic region of interest of 81 consecutive sites, denoted
by K, centered with the chosen CpG site. For this simulation study, we used the es ICGN data set, which contains 325
controls and 620 cases with chronic obstructive lung disease
(COPD). The es ICGN data set contains data collected for the
International COPD Genetics Network with 1,085 Caucasian
subjects using the Illumina infinium27K beadchip [Qiu et al.,
2012]. Es ICGN is a family-based study of subjects with ages
between 45 and 65 with at least 5 pack-years of cigarette
smoking. In our analysis, we treated all subjects in the data
set as independent cases and all unaffected siblings as controls. This should have negligible impact on our simulation
study. The data set has 26,486 CpG sites after data cleaning

and a total of 1,085 subjects. We only used data from the 945
subjects with clean data for our analysis.
Simulation of the Null Population
Currently, there is no standard paradigm to simulate
methylation marks in the human genome. In order to simulate the null population, we used the following approach.
A random small genomic region might provide the null region (region that is not associated with the phenotype) that
we were looking for. Using the methylation measurements
for a specific CpG site for all subjects, we approximated the
distribution of the methylation percent values for that site.
We picked three CpG sites from chromosomes from the
beginning, middle, and the end of the human genome (the
1,300th CpG site of chromosome 1, the 200th CpG site of
chromosome 14, and the 800th CpG site of chromosome 19)
to be the center of genomic region of interest for our study.
We simulated samples using a normal distribution N(μ, σ2 )
with μ and σ2 estimated from the data and then truncated
any values outside of 0 and 1. Thus, the active range is much
smaller than [0, 1]. The es ICGN data set provided the genomic positional information and the empirical distribution
of the percent methylation values of all the CpG sites.
Using this approach, we generated a methylation percent
value for each subject. This was applied to all the sites in the
genomic region that we were interested in. Since the CpG sites
are relatively sparse in this data set, we treated sites within
subjects as independent. Since the null model stipulates that
there was no effect of methylation on the disease outcome, in
order to achieve maximum power, we randomly allocated the
945 subjects to controls (473) and cases (472). We generated
1,000 replicates of each null sample.
Simulation of the Disease Population
There is also no standard approach on how to simulate
methylation marks on the DNA molecule that are associated
with the disease. To evaluate our test statistics, we chose a
simple disease model. By assuming that the mean of the percent methylation values of CpG sites selected as associated
with the disease is shifted by the same constant percentage
of their standard deviation (SD) from the null, we simulated
methylation data for case subjects based on the null distribution with the mean shifted upward. Since the SCM detects
the difference in methylation level, this is the same as shifting
the mean upward for control subjects.
Following the same convention established in the null population simulation, we considered a genomic region with K
number of CpG sites without knowing in advance how many
of the sites are associated with the disease and their effects.
Thus, the number of disease-related CpG sites and their effects are being varied in this simulation and are controlled by
the following parameters: D denotes the number of diseaserelated CpG sites in the genomic region of interest while S
denotes the percentage of SD shift in the mean of cases from
the null distribution (assumed to be the same for all diseaserelated CpG sites).

To simplify the simulation, we assumed the disease-related
CpG sites were adjacent to one another and at the center of the
genomic region of interest while the rest of the CpG sites under investigation were not associated with the disease. This is
designed for maximum power. Future research can be done to
test against other alternatives with disease-related CpG sites
not centered or not adjacent to one another. We first generated the null percent methylation values using null empirical
distributions based on the estimates from the es ICGN data
set for all K CpG sites. To obtain our case sample, we replaced
the percent methylation value for the selected disease site for
each subject from cases by percent methylation value generated using a distribution that was based on the null empirical
distribution but with a varying shift in the mean which was S
percent of the SD. We repeated the same procedure for all the
other disease-related CpG sites, where the percent methylation values at each site were independently selected. Similar to
our null population simulation, we generated 1,000 replicates
of each case sample.
Application to a Colorectal Cancer Data Set
To illustrate the feasibility of the SCM to real data, we applied it to an exploratory analysis of a colorectal data set,
which is publicly available from the Cancer Genome Atlas
(TCGA) website [TCGA Network, 2012]. The data were processed using Illumina Infinium 450K chip. There are a total
of 329 samples from cancer patients. To avoid subject heterogeneity, we used only 76 matched samples from the same
patients—one sample from solid tumor and a corresponding sample from normal tissue. For simplicity and illustrative
purposes, we treated them as independent samples. The SCM
can be extended to handle matched pair but is beyond the
scope of this study. These samples were processed as three
separate batches. We used the ComBat function in the R
package sva [Leek et al., 2012] to correct for batch effect.
To illustrate our method, we applied it to all the methylation marks (methylome) on chromosome 14 in our data set
using a fixed sliding window approach. Each sliding window,
representing a genomic region of interest, contained W CpG
sites. The first window of chromosome 14 started at the 1st
CpG site and runs through the Wth CpG site; the second
window of chromosome 14 started at the 2nd CpG site and
runs through the W + 1th site; and so on till the end of the
chromosome.

Results
Evaluation of Type I Error Under the Null
We applied the SCM to all the simulated null samples.
Using an α-level of 0.05, the test maintained a type I error
rate of about 5%. Using the notation K for the total number
of consecutive CpG sites included in the genomic region of
interest, we experimented with varying the values of K from
3 to 81 in our studies. The type I error rates were 0.052, 0.048,
and 0.054 for the three chosen regions with K = 81. Similar
Genetic Epidemiology, Vol. 00, No. 00, 1–8, 2014
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sites increases, the power to detect the association increased
significantly even if the amount of shift in the mean methylation value was small. Note that this was a simple model that
assumed the sites were sampled independently and no correlation structure of the disease-associated sites was taken into
account. So, for complex diseases with a few disease sites (<5)
and a small difference in percent methylation values (<50%
from the SD), the power was low (i.e., less than 80%). We
demonstrated that this method is good at detecting association if there are a number of disease CpG sites (>5) clustered
together affecting the outcome of the disease.

Figure 1. Power curve as the mean of percent methylation value
is shifted. The color indicates the number of disease sites within the
window (of 51 CpG sites) of investigation.

results for type I error rate were obtained for values of K as
small as 3. Based on the simulation results, we concluded that
the SCM captured the type I error rate properly at the 0.05
significance level regardless of the size of selected region.
Power Estimates
To estimate power, we used the sites around the 1,300th
CpG site of chromosome 1. We chose K to be 51 and let
D, the number of disease-related CpG sites, vary from 1 to
21. To be precise, with K = 51 and D = 1, there are 25 null
sites followed by one disease-related site, the chosen site, and
followed by 25 more null sites. We shifted the mean of the
percent DNA methylation value as a percentage (0%, 10%,
20%, 30%, 50%, and 100%) of the SD.
The result is summarized in Table 1 and plotted in Figure
1. If there is only one disease CpG site among the 51 sites that
we were investigating, the power to detect the association is
very small. As expected, this parameter combination did not
differ much from the null. However, as the number of disease

Results: Application of the SCM to Chromosome 14 of a
Cancer Data Set
For illustrative purposes, we applied the SCM to chromosome 14 of a colorectal cancer data set from TCGA [2012].
The study characterizes somatic alterations in colorectal carcinoma and identified 32 somatic recurrently mutated genes.
For methylation patterns, the paper reported the identification of four subgroups based on unsupervised clustering
of the promoter DNA methylation profiles of 236 colorectal
tumors but not direct association. Since DNA methylation
profiles were disrupted extensively by cancer, we expected
our method to show diverse number of DMRs. As we have
demonstrated our result for null sample work with values of K
ranging between three sites and 81 sites, we chose the number
of consecutive CpG sites, K, as 51, somewhere in the middle
of our studied range. We scanned the entire chromosome 14
from beginning to the end.
The scanning result showed that there were 2,079 windows with P values < 10–5 , which is the Bonferroni corrected
significance level. Many of these significant windows were
contiguous forming 67 clusters of statistically significant regions as shown in Figure 3. Two windows belong to a window
cluster if they have four or less nonsignificant windows in between. The two largest window clusters comprised 176 and
144 windows. These two window clusters are shown as the

Figure 2. Using windows of 51 CpG sites, the sliding window scan shows regions of chromosome 14 which have P values of <10−5 by using the
SCM.

6

Genetic Epidemiology, Vol. 00, No. 00, 1–8, 2014

Figure 3. Histogram of the size of CpG window clusters on chromosome 14 with P values <10−5 .

Table 1. Power estimates for detecting disease sites within 51
CpG sites around chromosome 1, 1,300th CpG site
S (%)

D=1

D=3

D=5

D = 11

D = 21

0
10
20
30
50
100

0.052
0.075
0.087
0.124
0.214
0.537

0.052
0.096
0.155
0.266
0.512
0.951

0.048
0.231
0.608
0.891
0.999
1.000

0.051
0.459
0.912
0.100
1.000
1.000

0.057
0.854
0.100
1.000
1.000
1.000

“red” vertical lines in Figure 2. The following was the distribution of the window cluster sizes.
This exploratory analysis showed that there were two big
window clusters with sizes >140 CpG sites on chromosome
14 which were associated with the disease. To show direct
association, detailed modeling and analysis work should be
done on these two particular DMRs.
One window here consists of 51 consecutive CpG sites
which usually cover several genes. For example, the biggest
window cluster of DMRs that was detected on chromosome
14 started at location 22958402 and ended at 23398747 on
chromosome 14 with a width of 440,345 base pair units
in the region of 14q11.2. It comprises the following 10
genes: AJUBA, PSMB5, ACIN1, CEBPE, SLC7AB, BCL2L2,
PABPN1, IL25, CMTM5, and MYH6. So, the SCM used in
this exploratory investigation helped to identify genomic regions that were associated with colorectal cancer.
A similar analysis is done on chromosome 10 and the results
are available in the supplementary material section.

Discussion and Conclusion
It is well known that human DNA methylation CpG sites
are spatially clustered [Hansen et al., 2011; Lister et al.,
2009]. Thus, spatial location information of the CpG sites
should help to identify the associations between disease and

DMRs. Our proposed SCM combines the use of physical
spatial location information and percent methylation values
from CpG sites of a genomic region to create a statistic. This
statistic is then used to assess the significance of the relationship. By incorporating spatial location information, the
SCM improves the likelihood of finding real significant associations. As shown in the simulation result, the SCM has
reasonable power to detect methylated regions which had
differences in the mean level of percent methylation values.
The SCM is a simple and easy to use statistical test for comparing genomic regions. No modeling is needed. As demonstrated in the simulation study, the SCM maintains proper
type I error rate. Compared with a simple GWAS approach
which treats all CpG sites as independent and a linear mixed
model with estimated correlation, one may end up with an inflated type I error. And if the disease-associated CpG sites are
spatially clustered and the shift in mean percent methylation
values is associated with the disease, the SCM method will
have good power to detect the association. The SCM can also
be used for screening association across the entire genome. By
applying a sliding window approach, we can locate genomic
regions of high significance quickly. In the colorectal cancer
data set, we used the SCM to identify two regions with large
clusters in chromosome 14 of a colorectal data set. Once the
SCM identifies DMRs, rigorous follow-up such as biological
analysis on the identified regions can be used to find possible causative agents for disease. Our simulation is based on
a simple shift in the mean percent methylation values and
if the disease process causes such events to occur, the SCM
will have good power to detect these DMRs. But, one must
be cautious to interpret the P values from a genomic region
scan since a single CpG site can belong to a number of these
sliding windows. Multiple testing adjustments must be applied. Thus, using the SCM for screening is suitable at this
point as an exploratory tool and identifies DMRs for further
investigation using additional biological methods. Further
research should be done to examine the power of SCM in
other measures besides a simple shift in the mean.
Although the SCM does not allow the user to adjust for
batch effects directly, this can be corrected by using a number of standard software packages such as sva [Leek et al.,
2012] to the data before applying the SCM. In order to avoid
confounding, one can match samples by the confounding covariate or by a propensity score. However, if the experimental
design is not under your control, one can adjust for potentially confounding covariates, such as gender, by applying
less powerful statistical technique such as stratification. The
P-value is computed using the permutation approach. It requires a significant amount of computing time. On an Intel i7
2.90GHz CPU, it has taken about 40 hr to complete a scan on
the entire chromosome 14 with 10,000 permutation using a
sliding window size of 51 CpG sites on the TCGA data set. So,
this is not yet practical to do a genome-wide scan for sliding
windows sequentially. However, since the computations are
independent of one another, one can break up the computations into parallel processes to get the result faster. The actual
performance depends on the computing platform, processors
available, amount of memory available, and the precision one
Genetic Epidemiology, Vol. 00, No. 00, 1–8, 2014
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would like to obtain for the P-value. Furthermore, we expect
to continue fine-tuning the algorithm by taking advantage of
parallelization and improving efficiency. These preprocessing works are common for statistical analysis and should not
incur a big burden on the user.
Before this can be used as a general association test, we
need to determine how population and family substructure
affect DNA methylation profiles in future studies. If we ignore
these effects, it can lead to spurious conclusions. Furthermore, since DNA methylation profiles can change over time,
we cannot conclude definitively that DNA methylation are in
the causal pathway to the disease. The reverse could also be
true—the disease could have caused the variability in DNA
methylation profile. Thus, for now, the SCM is best used as an
exploratory screening method to locate potential associated
DMRs for further analysis.
However, there are some limitations imposed by the current technology for providing full information on the spatial
distribution of CpG locations as only predefined CpG sites
are on the chip. The SCM is best suited for high coverage
chip or sequencing data where more location information
of CpG sites is available. For example, data from the denser
Illumina Infinium 450K chip provide more information than
data from a sparser Illumina Infinium 27K chip.
Additional extensions to the basic algorithm can be made
to further enhance the SCM’s power. For example, different
kinds of window patterns can be used for screening analysis,
in addition to the sliding window pattern. The advantages
and disadvantages of using different kinds of window patterns will need to be studied in a future research. Another
extension is to study when it is appropriate to treat small percent methylation values as totally “unmethylated.” The state
of methylation at a particular CpG site is binary in nature,
just on or off, but the percent methylation value for a CpG
site is continuous. Due to the uncertainties associated with
the signal, a small value is reported even if the methylated
state is off. Thus, small percent methylation values could be
an artifact of the measuring process. The distribution of distances to neighboring CpG sites will change if there are more
zero value methylation sites. The power to detect association may increase if we can treat these CpG sites with very
small percent methylation values as totally unmethylated. By
expanding our approach, we can further increase the power
and utilities of the SCM.
By incorporating spatial location information into the
analysis, we create a novel and simple association test that
locate biologically relevant DNA methylation segments in
the genomic region of interest. It captures type 1 error rate
properly and has power to detect if there is a shift in the mean
methylation value in the genomic region of interest. Locating
the DMR is the essential step that can lead to the discovery of
the underlying biological process between DNA methylation
and diseases.
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