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Abstract
Background: High-throughput DNA methylation arrays are likely to accelerate the pace of methylation biomarker 
discovery for a wide variety of diseases. A potential problem with a standard set of probes measuring the methylation 
status of CpG sites across the whole genome is that many sites may not show inter-individual methylation variation 
among the biosamples for the disease outcome being studied. Inclusion of these so-called "non-variable sites" will 
increase the risk of false discoveries and reduce statistical power to detect biologically relevant methylation markers.

Results: We propose a method to estimate the proportion of non-variable CpG sites and eliminate those sites from 
further analyses. Our method is illustrated using data obtained by hybridizing DNA extracted from the peripheral blood 
mononuclear cells of 311 samples to an array assaying 1505 CpG sites. Results showed that a large proportion of the 
CpG sites did not show inter-individual variation in methylation.

Conclusions: Our method resulted in a substantial improvement in association signals between methylation sites and 
outcome variables while controlling the false discovery rate at the same level.

Background
DNA methylation involves the addition of a methyl group
to DNA resulting in altered gene expression. DNA meth-
ylation is essential for normal cell functioning and aber-
rant methylation has been associated with a variety of
developmental disorders and human diseases [1-8]. From
a translational perspective, methylation markers hold
great promise to be used in clinical settings. That is, the
inherent stability of the methyl-cytosine bond renders
DNA methylation markers potentially superior to the less
stable RNA gene expression markers. Furthermore,
methylation markers can be measured using biosamples
that are easy to collect (e.g., saliva) and even in archived
biosamples. As a matter of fact, diagnostic tools using
DNA methylation markers are already under develop-
ment for early cancer screening [9].

Methylation of human DNA is restricted to CpG sites.
Historically, methylation studies typically focused on the

CpG sites associated with only a few genes that were
hypothesized to be relevant to the disease of interest.
However, it has recently become technically and econom-
ically feasible to measure the methylation status of (tens
of) thousands of genes simultaneously using high-quality
commercial arrays [10-12]. Furthermore, the number of
sites that can be measured continues to increase rapidly
with a number of arrays already providing genome-wide
coverage [13-17]. These high-throughput methylation
profiling arrays create the opportunity to thoroughly
search for methylation markers across the whole genome
in a wide variety of biomaterial.

An important question that has received relatively little
attention in the methylation literature is whether all CpG
sites on the array should be used for subsequent analysis.
One potential problem with a standard set of probes
measuring the methylation status of CpG sites across the
genome is that certain probes may not show methylation
differences among individuals in the biosamples that are
studied. In order to predict disease status, the CpG sites
need to represent methylation variable positions [18] for
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the specific biosamples and individuals being studied.
From a statistical point of view, it is important to exclude
"non-variable sites," i.e., CpG sites that show no variation
among the individuals studied. The reason is that mea-
surements at these sites would largely reflect experimen-
tal "noise" caused by sample preparation, image
processing, etc., rather than true biologic differences
among the individuals. Consequently, any significant
association of these non-variable probes with the out-
comes of interest (e.g., disease status) is the result of
chance and is therefore a false positive finding. False pos-
itive findings are undesirable and should be minimized to
avoid wasting time and resources on leads that lack bio-
logical relevance. Furthermore, methods to control false
positives generally become more stringent in the pres-
ence of many markers without effect, thereby sacrificing
statistical power to detect true, biologically important
methylation markers.

In a sense, the issue resembles the situation in associa-
tion studies where single nucleotide polymorphisms with
very low minor allele frequency (i.e., the marker is not
polymorphic) are excluded after quality control analyses.
It is also reminiscent of expression array analysis where
genes with low intensity or variance are often filtered out
prior to further analyses [19,20]. Similar to gene expres-
sion, the methylation of many genes is biosample-specific
[1]. Efforts are being made to catalogue all methylation
variable positions in all major biosamples (Human Epige-
nome Project or HEP; http://www.epigenome.org). How-
ever, this information will not be available in the
foreseeable future for the vast majority of CpG sites on
commercial arrays and in (human) biosamples. The
implication is that a method is needed that can be applied
in all scenarios.

Although excluding non-variable CpG sites is relevant
in all instances, it may be particularly important for
peripheral biofluids, such as blood. Peripheral biofluids
are often analyzed when it is not feasible to obtain dis-
eased target tissue. Furthermore, methylation markers
that can be measured in peripheral biofluids are poten-
tially much better for diagnostic and prognostic purposes
because of the relatively simple, non-invasive manner in
which the biosamples can be collected. There is a consid-
erable amount of literature showing that methylation
markers are not limited to the affected tissue or cell type,
but can be detected in peripheral biofluids. A clear exam-
ple involves loss of imprinting of IGF2, one of the best-
studied epimutations, which is found in the colon as well
as lymphocytes and where either methylation marker is
associated with increased colorectal cancer risk [21]. Two
factors may explain why methylation markers can be
detected in peripheral biofluids. First, peripheral blood-
based studies may be useful in revealing methylation
changes predating or resulting from the epigenetic repro-

gramming events affecting the germ line and early
embryogenesis [22-25]. As the epigenetic profile of
somatic cells is mitotically inherited, these epigenetic
mutations could be found in cells from peripheral blood.
Second, blood contains proteins, metabolites, cells that
have been modified as they circulate through diseased
tissues and cell-free DNA from diseased tissues and cells.
As such, traces of the aberrant methylation in diseased
target tissue may be present in peripheral biofluids. The
problem here, however, is that methylation markers in
peripheral biofluids will not uniquely reflect the physio-
logical and pathophysiological state of the relevant dis-
ease tissues. This fact could potentially reduce the ability
to detect biological variation in methylation status, and
further highlights the need for a method to filter non-
variable probes prior to conducting disease or phenotype
association tests to improve the statistical power to
detect biologically meaningful results.

The goal of this study was to propose and apply a
method to estimate the proportion of non-variable CpG
sites and exclude those sites from further analyses. Our
method essentially uses correlations between technical
replicates obtained by assaying the same samples twice.
We illustrate our method by analyzing methylation pro-
files generated using DNA extracted from the peripheral
blood mononuclear cells (PBMCs) of 311 human sub-
jects.

Methods
Probe and sample correlations
The array signal yijk for biosample i on probe j and repli-
cate number k can be written as:

where mj is the average signal at probe j, aij the biosam-
ple specific deviation at probe j, and eij the measurement
error (e.g. be caused by factors related to sample prepara-
tion, image processing, etc) for biosample i on probe j for
replicate k.

We obtained two replicates, k = 1..2, to evaluate the
magnitude of the methylation signal versus the measure-
ment error. One way to evaluate this involves calculating
for a given probe j the Pearson (product moment) corre-
lation between the two replicates using the data from all
biosamples. The use of this correlation coefficient
assumes that the association between the same probe
measured twice is linear. This correlation we will label the
"probe correlation". If we assume that for probe j the mea-
surement errors are uncorrelated across the two repli-
cates, COV(ei1, e i2)j = 0, the covariance between the
measured signals equals the variance of the biosample

y m a eijk j ij ijk= + +
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specific deviations at probe j: COV(yi1, y i2)j = VAR(A)j.
Furthermore, if we assumes for the sake of simplicity that
the precision of the measurements is similar for the two
replicates, VAR(ei1) = VAR(ei2) = VAR(E)j, then the vari-
ance of the measured signals equals VAR(yi1) = VAR(yi2)
= VAR(A)j + VAR(E)j. Consequently, the correlation for
probe j across the two replicates becomes:

where VAR(A)j and VAR(E)j are random variables
obtained as a conditional covariance, and not a fixed
quantity obtained from applying the variance functional
to an unconditional random variable. This probe correla-
tion is an index of the signal-to-error ratio, as it equals
the biological variation in methylation signals across bio-
samples divided by the total variance that includes the
error variance as well.

Equation (1) implies that probe correlations can be low
for two reasons. First, the measurement error may over-
whelm the true methylation signal so that the probe
mainly measures error (i.e., VAR(E)j >> VAR(A)j Second,
the probe correlation may be low because there is little
biological variation in methylation status among biosam-
ples (i.e., VAR(Aj) ≈ 0). To explore the two possibilities,
we can examine the sample correlations as well as the
correlation between all probe correlations and the corre-
sponding probe variances.

The sample correlation for a given biosample i equals
the correlation between the two replicates calculated
across the data from all probes. Using assumptions simi-
lar to those upon which equation (1) is based, the sample
correlation for biosample i measured on two occasions
equals:

where VAR(M)i is the variance in methylation signals
across all probes for biosample i and VAR(E)i is the vari-
ance in the measurement error across all probes for bio-
sample i. If measurement error is large relative to
differences among probes in their methylation status, in
addition to observing low probe correlations, we would
expect the sample correlations to be low. In contrast, the
combination of low probe correlations and high sample
correlations suggests little variation in true methylation
across biosamples.

A second way to examine whether low probe correla-
tions are caused by large error variances as opposed to

low variances in true methylation status uses all probes to
calculate the correlations between technical replicate
probe correlations and the total probe variances. If the
probe correlation is low primarily due to large measure-
ment errors, we would expect a negative correlation
between the probe correlations and the total probe vari-
ances. This notion stems from the observation that
probes with large error variance, VAR(E)j, will on average
have large total variance because VAR(Y)j = VAR(M)j +
VAR(E)j, but lower probe correlations, as follows from
equation (1). On the other hand, if probe correlations are
low because of low variances in true methylation status
we would expect a positive correlation. This is because
probes with larger variation in true methylation signal,
VAR(M)j, will on average have larger total variance,
VAR(Y)j, in addition to larger probe correlations accord-
ing to equation (1).

Mixture modeling
Although the above analyses enable us to get a general
sense of the magnitude of the true methylation status ver-
sus the measurement error, it does not provide specific
guidelines about which individual probes to include in
further analyses. For this purpose, we propose to use all
probe correlations as inputs for a mixture model. This
model assumed a mixture of normal distributions (i.e.
conditional normality of the probe correlations). A com-
plex issue in mixture modeling involves the choice of the
number of underlying distributions/classes [26]. For
example, a statistical test for comparing models with dif-
ferent number of classes does not exist. In comparing
models with different number of classes, the "best" model
is therefore often the one with a substantially better fit
according to some information criterion. Furthermore,
the interpretation of the classes is critical in choosing the
number of classes. In this specific application, the main
purpose of the mixture modeling is to eliminate probes
showing little variation in true methylation status across
biosamples. For that purpose a mixture model where one
of the classes has a mean probe correlation close to zero
pointing to the probes with no biological variation is suf-
ficient. Based on such an estimated mixture model we
can then estimate the (posterior) probability of each
probe belonging to the class with the zero probe correla-
tion. If that posterior probability is high, that probe can
subsequently be eliminated from further (association)
analyses.

We used MATLAB® (The MathWorks, Inc., Natick,
MA) to estimate mixture models. MATLAB uses the
Expectation-Maximization algorithm to estimate the
parameters of the mixture model. In the Expectation step,
the posterior probability of each probe is calculated using
the current model parameters (i.e., the mixing propor-
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tions, means, and variances). In the Maximization step,
the model parameters are estimated using the current
posterior probabilities. The cycle of Expectation and
Maximization steps is repeated until convergence is
achieved.

Application to Illumina® GoldenGate® methylation array
Subjects, biosamples and methylation assays
DNA was extracted from whole blood samples from 311
middle-aged and older males and females who had partic-
ipated in the Lung Health Study (LHS) [27,28] and Genet-
ics of Addiction Project (GAP) at the University of Utah.
All participants provided written informed consent, and
the blood sampling was part of a study protocol approved
by the University of Utah Institutional Review Board. Of
the 311 subjects, 145 were cigarette smokers with spiro-
metrically defined chronic obstructive pulmonary disease
(COPD) [29], and 166 did not have COPD (91 never
smokers and 75 smokers).

The GoldenGate® Assay for Methylation (Illumina Inc.,
San Diego, CA) was used to assess the DNA methylation
status of 1505 CpG sites from 807 genes, simultaneously.
Prior to methylation profiling, bisulfite conversion of the
DNA biosamples was conducted using the EZ DNA
Methylation Kit™ (Zymo Research Corp., Orange, CA) in
a 96-well format, as per the manufacturer's protocol; 2 μg
of genomic DNA was used for bisulfite conversion. Fol-
lowing conversion, 250 ng of DNA was used for the
methylation assay. The BeadStudio® Methylation Module
(Illumina Inc., San Diego, CA) was used to read fluores-
cent signals from scanned images collected from the Illu-
mina Beadarray® Reader.

The 311 DNA biosamples were analyzed using five Illu-
mina GoldenGate matrices. Technical replicates were
obtained for 126 biosamples by analyzing each on two
separate matrices. The methylation status of each CpG
site was calculated based on fluorescent intensities corre-
sponding to the methylated allele (Cy5) and the unmethy-
lated allele (Cy3). In order to remove measurement
artefacts prior to calculating the methylation status, Cy3
and Cy5 fluorescent intensities were independently cor-
rected for background signal, as well as differential
bisulfite conversion levels between biosamples using an
ordinary least squares regression model. Following signal
correction, the methylation measurement y for biosample
i on probe j was calculated as the ratio of fluorescent
intensities from the methylated allele (Cy5) to the total
fluorescent signal from both the methylated and the
unmethylated alleles (Cy3) such that:

Because this quantity is a ratio, yij is a continuous num-
ber between 0 and 1. Complete technical details for Cy3
and Cy5 corrections and yij calculations are provided in
Additional file 1: Supplementary Note 1.
Association analyses
The outcomes in this analysis were four measures of lung
function or decline in lung function measured spiromet-
rically as the forced expiratory volume in 1 second (FEV1)
[30]. These four measures were derived by fitting mixed
models to longitudinal spirometric, smoking history, and
demographic data obtained over the subjects' 17-year
average participation period in the LHS and GAP. Con-
ceptually, these measures represent different underlying
biological processes driving lung function decline. We
focused on age-related decline (Age decline), pack-years-
related decline (Pack-years decline), and the intensifying
effects of smoking, in terms of number of cigarettes per
day (CPD), on decline with age (CPD × Age decline) that
together accounted for the vast majority of individual dif-
ferences in lung function decline in these subjects. In
addition, we included Baseline lung function measured at
subjects' entry into the study as an outcome measure as it
has also been shown to vary in magnitude across individ-
uals [31].

Technical details for the outcome variables are pro-
vided in Additional file 1: Supplementary Note 2.

To test for association between DNA methylation vari-
ables and lung function decline outcome variables, we
performed regression analyses with the probes as predic-
tor variables. The F-test statistic was used to perform sig-
nificance tests. Separate analyses were conducted on all
probes as well as on only the subset of probes that
remained after selection. Two criteria were used to evalu-
ate the performance of our probe selection method. First,
we estimated the proportion of markers without effect
(p0) using the estimator proposed by Meinshausen and
Rice [32] which performs well in scenarios where p0 is
close to one. Thus, after successful probe selection, we
would expect a smaller proportion of markers without
effects. Secondly, we studied the distribution of q-values
[33,34]. The calculated q-values are positive false discov-
ery rates (pFDRs) that use the p-value of the tests as
threshold for declaring significance. More precisely, if the
P-values of the m tests are denoted pi, i = 1...m, we can
estimate the pFDR by:

Thus, the pFDR is estimated by dividing the estimated
number of false discoveries (i.e. estimated number of
tests for which null hypothesis is true × the probability t
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of rejecting a marker without effect) by the total number
of significant tests (i.e. total number of P-values smaller
than t) that includes the false and true positives. To guar-
antee that the estimated q values are increasing in the
same order as the p values, q values are estimated as:

Successful probe selection would result in more signifi-
cant results across a range of pre-specified q-value
thresholds used to declare significance.

Results
Probe selection
Probe correlations (defined in Equation 1) were calcu-
lated using the 126 replicate biosamples and are shown in
Figure 1. The mean of probe correlations across the 1505
probes was 0.268 (SD = 0.246). This suggested that, on
average, sample differences in methylation status only
accounted for only 26.8% of the total variation. Equation
(1) indicates two possible reasons for the low probe cor-
relations. First, VAR(E)j may be much larger than VAR(A)j
so that the true methylation signals are overwhelmed by
the measurement error. Alternatively, VAR(A)j, the meth-
ylation difference among biosamples, may be close to
zero. To explore whether large error variance versus lim-
ited variation in methylation signal caused the small
probe correlations, we also calculated the sample correla-
tions (defined in Equation 2) shown in Figure 2. In sharp
contrast to the probe correlations, the sample correla-
tions calculated using the 126 replicate biosamples were
high, with a mean of 0.995 (SD = 0.0037).

The high sample correlations indicate that the mea-
surement errors are relatively small compared with the
methylation variations among probes, because large mea-
surement errors would yield large denominators in Equa-
tion 2 and result in low sample correlations. Accordingly,
the high sample correlations that we observed suggest
that the low probe correlations are not caused by large
measurement errors but rather reflect low variation in
methylation among the individuals studied. This conclu-
sion was supported when we plotted the correlation
between the 1505 probe correlations and the 1505 total
probe variances (see Additional file 1: Figure S1). The
correlation was 0.436, meaning that probes with high
probe correlations also tended to have a relatively larger
total variance. This observation also supports the idea
that low probe correlations are primarily due to low
methylation-related variation among biosamples rather
than large measurement errors.

We then attempted to determine which probes should
be removed prior to conducting the subsequent statistical
analyses. Figure 1 shows that the distribution of 1505
probe correlations is bi-modal. This suggested that
probes may fall into two different classes, one with little
methylation variation and low probe correlation, and the
other with more methylation variation and relatively high
probe correlation. Indeed, when we fitted a two-class
mixture model the first class had an estimated mean of
0.09 (SD = 0.016) with a mixing proportion of 0.58. These
results indicate that nearly 60% of probes had very little
variation, highlighting the significance of this probe
selection problem and pointing to the probes that should
be eliminated prior to association analyses. The second
class had an estimated mean probe correlation of 0.51
(SD = 0.019) with a mixing proportion of 0.42. This
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Figure 1 The distribution of probe correlations. The distribution of 
probe-level correlations across technical replicates for each probe is 
shown. Pearson correlation coefficients were calculated for the 1505 
CpG probes using 126 replicate biosamples distributed across five 
methylation matrices.

Figure 2 The distribution of sample correlations. The distribution 
of sample correlations across technical replicates for each probe is 
shown. Pearson correlation coefficients were calculated for the 1505 
CpG probes using 126 replicate biosamples distributed across five 
methylation matrices.
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showed that there were also probes showing variation in
methylation that could potentially be disease biomarkers.

Based on the mixture model, the posterior probabilities
of each probe belonging to each class were estimated.
The extreme bimodal distribution of the posterior proba-
bilities (Figure 3a) further supported the validity of using
a two-class mixture model in this context, and implies
that most of the probes can be assigned to one or the
other of the classes with reasonably high confidence. Fur-
thermore, the observed bimodality yields the desirable
property of cut-off stability where the choice of threshold
does not have a major impact on the number of probes
selected (Figure 3b). Accordingly, given that probes with
higher correlations are more likely to reflect biologically
relevant methylation variation, we selected the 634
probes with posterior probability ≥0.5 as members of the
class for subsequent analyses.

We found that a class with mean probe correlation of
zero was obtained with the two-class model. This makes
the two-class model the most parsimonious model for
our purpose of eliminating non-variable probes. In addi-
tion, Figure 1 shows that the two-class solution has good
face validity as the probe correlation distribution was

clearly bimodal and Figure 3 shows that the two-class
solution gives an excellent separation of the two compo-
nents where very few probes having a substantial poste-
rior probability of belonging to both classes. For sake of
completeness, in Additional file 1 figure S2 we also plot-
ted two fit indices (AIC and BIC) for solutions with 1-6
classes. S2 shows a dramatic improvement in fit going
from a one- to two-class solution with very little addi-
tional improvement in fit using more than two classes.
Such plots too have been proposed as a selection crite-
rion [26] and suggest here that a two-class solution may
be the most parsimonious mixture model for the purpose
of selecting probes showing no inter-individual variation.

Association analysis
To evaluate the statistical advantages of the proposed
probe selection method, we first estimated the propor-
tion of probes without effect (p0). Table 1 shows that p0s
after probe selection were consistently lower than p0s
before probe selection. In an absolute sense the improve-
ment in p0s is not large, but this is because we do not
expect a priori that a large number of methylation probes
are associated with the outcome of interest. Figure 4 dis-
plays the distribution of q-values before (Figure 4A) and
after (Figure 4B) probe selection, providing a better con-
ceptual representation of the practical impact of probe
selection. A substantial improvement, as indicated by an
increase in the number of identified significant probes,
was observed for the outcome variables Age decline, CPD
× Age decline and Baseline lung function. At the same
pFDR level, the number of significant probes consistently
increased. In other words, probe selection seems to
improve the statistical power to find probes that are asso-
ciated with the outcomes while controlling the false dis-
covery rate at the same level.

Discussion
New high-throughput methylation profiling arrays offer
the opportunity for systematic searches for methylation
markers across a wide variety of biomaterial. The poten-
tial problem with a standard set of probes measuring the
methylation status of CpG sites across the whole genome
is that a proportion of the sites may not show inter-indi-
vidual methylation variation in the biosamples for the
disease outcome being studied. In this article, we propose
a method to estimate the proportion of non-variable CpG
sites and to exclude those sites from further analyses.
Excluding such CpG sites prior to further analyses is
important to minimize false-positive findings and to
improve statistical power to detect true, biologically rele-
vant methylation markers.

We applied our method to methylation profiles gener-
ated using DNA extracted from the PBMCs of 311 sub-
jects. Approximately 60% of the CpG sites did not show

Figure 3 a - Posterior probability distribution from mixture mod-
el. The posterior probability distribution, indicating the likelihood of a 
probe belonging to the subset of highly correlated, informative 
probes. b - The number of probes selected at different posterior 
probability thresholds. The number of probes (y-axis) that will re-
main at different posterior probability thresholds (x-axis) calculated 
from the two-class mixture model.



Meng et al. BMC Bioinformatics 2010, 11:227
http://www.biomedcentral.com/1471-2105/11/227

Page 7 of 10
inter-individual variation in methylation. The probes on
the array used in this study involve a cancer panel that
was studied using whole blood collected from patients
without cancer. It may therefore very well be that in can-
cer tissue, more probes would show inter-individual vari-
ation. However, arrays with a standard set of probes
measuring the methylation status of CpG sites across the
whole genome for high-throughput methylation profiling
arrays are increasingly used to search for methylation
markers across the whole genome in a wide variety of bio-
material. The point we would like to convey is that a

(large) proportion of CpGs on such standard arrays may
not vary with respect to methylation status. Inclusion of
these so-called "non-variable sites" will increase the risk
of false discoveries and reduce statistical power to detect
biologically relevant methylation markers. Furthermore,
we expect the same problem to apply to technologies that
sequence the methylated fraction of the genome. That is,
part of the methylomes may not show inter-individual
variation.

In our analyses, the FDR was used to illustrate our
probe selection method. The apparent gain in power we
observed should generalize to other methods for control-
ling false discoveries. For example, when a set or family of
m tests is performed, we can also control the family-wise
error rate (FWE) ensuring that the probability of one or
more false discoveries is less than the chosen significance
level, a. The Bonferroni correction is a simple and com-
monly used method to control the FWE. The threshold
p-value (α') used to declare significance computed with
the Bonferroni correction is α' = a/m. This simple equa-
tion shows that a reduction in the number of probes (m)
using a probe selection method such as the one described
herein results in a much more liberal threshold p-value
and hence better power to detect true methylation mark-
ers. For our follow up association analyses, probes were
either included or excluded. This binary choice seemed
justified by the bimodal distribution of the posterior
probabilities (Figure 3) suggesting that the vast majority
of probes could be assigned to one of the two categories
with high probability. It is possible that in other scenarios
the posterior probabilities may follow a more continuous
distribution making the decision of which probes to
exclude more arbitrary. In these scenarios an alternative
would be to include all probes and then weigh them dif-
ferentially in the analysis (e.g., by p-value weighting) [35]
according to their posterior probabilities of showing vari-
ability or not. For example, a probe with a high probabil-
ity of showing no variability would have a weight close to
zero and would essentially be excluded from the analysis,
while a probe with a high probability of showing variabil-
ity would get a large weight because any association with
the outcome of interest would much more likely be true.

Table 1: p0 estimates using test results from regression analyses

Outcome Before probe selection After probe selection

Age decline 0.9996 0.9781

Pack-years decline 0.9992 0.9986

CPD × Age decline 0.9970 0.9715

Baseline lung function 1.0009 0.9904

CPD, cigarettes per day.

Figure 4 pFDR analyses. (A) The number of significant probes detect-
ed at different q-value thresholds from the regression analyses be-
tween DNA methylation changes and four outcome measures of lung 
function or decline prior to probe selection described herein. (B) The 
number of significant probes detected at different q-value thresholds 
after probe selection. A greater number of significant probes was iden-
tified for a given q-value cutoff for Age decline, CPD × Age decline and 
Baseline lung function outcomes after probe selection.
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We explored several variables to see if they could pre-
dict the variable sites. First, we examined whether probe
correlation could be predicted from methylation levels.
However, the correlation between methylation levels and
probe correlation was 0.205 (Additional file 1: Figure S3).
This very modest correlation means that a simple rule
excluding all probes that never exceed a certain percent-
age methylation will not perform as well as the proposed
method.

Second, Bock at al. [36] studied 1,705 amplicons (aver-
age size 287 bp) from human chromosomes 6, 20 and 22
in three tissues (CD4+ T lymphocytes, CD8+ T lympho-
cytes and melanocytes) from 10 different biosample
donors. These authors considered total variation as a
measure of inter-individual differences. One of their main
findings was that probes that were more likely to show
inter-individual differences in methylation were less likely
to be in CpG islands. Although our measure of inter-indi-
vidual differences is more refined (e.g. the total variance
measure used by Bock et al. may be high because of a
large error component rather than large inter-individual
differences in methylation), we did observe a correlation
of .436 (Additional file 1: Figure S1) between our measure
and the total variance meaning that the two measures are
related. Using our measure of inter-individual differ-
ences, we observed that 61.2% of the probes classified as
being variable were in CpG islands versus 75.4% of the
probes classified as being non-variable. We therefore rep-
licate the findings of Bock et al. Implications of this find-
ing are that, for example, focusing on CpG islands (as
some commercial arrays do) could be somewhat limited
in terms of explaining variation in diseases.

Third, Christensen et al. [37] used the same array as the
one in the present study to compare methylation patterns
across 11 tissues from 217 samples. We downloaded their
spreadsheet reporting the mean probe methylation levels
of all 11 tissues. For each probe we calculated the vari-
ance across the 11 tissue means and then correlated the
probe correlations from our study with these between-
tissue variances. The correlation was 0.29 (see also Addi-
tional file 1: Figure S4). Because tissues came from differ-
ent subjects in the Christensen et al. study, the between-
tissue variance is a function of both differences between
tissues as well as differences between subjects. However,
since the between-tissue variance heterogeneity was
much larger than the within-tissue heterogeneity and
within-tissue heterogeneity was reduced because we used
the mean across all subjects to estimate the tissue specific
methylation levels, the between-tissue variance will for
an important part capture differences between tissues.
Thus, these analyses provide some support for the
hypothesis that probes showing more inter-individual
variation are more likely to show variation across differ-
ent tissues.

In this study we used two technical replicates. More
technical replicates could be used to improve the probe
selection. The mixture modelling could then be per-
formed using interclass correlations (e.g. as estimated
using mixed models) as input. How much the probe
selection can be improved will depend on factors such as
the measurement error and amount of biological varia-
tion. Furthermore, rather than doing more replicates for
the same number of biosamples, probe selection can also
be improved by increasing the number of biosamples for
the same number of replicates. Optimization algorithms
can in principle be constructed to determine the optimal
balance between number of replicates and biosamples for
a given budget.

Our approach provides a statistical framework to filter
out non-variable probes in any analysis, regardless of the
individuals, biosamples, or CpG sites that are studied.
The technical replicates are a key component of this
approach. Extra methylation arrays and lab work for
those replicates may increase the cost of the study. How-
ever, since the probe selection method improves the
power to detect disease-relevant methylation markers
and aims to minimize unnecessary false discoveries, a
substantial savings in time and resources can be poten-
tially achieved in the subsequent biomarker verification
process. Furthermore, for a given scenario, methylation
profiles for technical replicates need to be performed
only once. The probes showing no variation could then
be catalogued and excluded from future studies that use
similar biosamples. However, given the tremendous vari-
ability in individuals that are studied (e.g., having differ-
ent (sub)types of diseases), biosamples that are used, and
CpG sites that are interrogated by the different arrays, it
is unlikely a comprehensive catalogue can be established
in the near future. For many research scenarios, the use of
a framework such as proposed here to filter out non-vari-
able probes may be the best alternative.

Conclusion
In this study, we proposed a statistical method to estimate
the proportion of non-variable probes and eliminate
those probes from further analyses. Excluding those non-
variable probes resulted in a substantial improvement in
association signals between probes and outcome vari-
ables while controlling the false discovery rate at the same
level.

Potential Conflict of interests
EvdO was a consultant for Altria Client Services. The
Center for Biomarker Research and Personalized Medi-
cine was made possible in part by a start-up gift from
Altria Client Services Inc. to the VCU School of Phar-
macy. ELM, BKZ and ARJ were employees of Altria Cli-
ent Services at the time of manuscript preparation. The



Meng et al. BMC Bioinformatics 2010, 11:227
http://www.biomedcentral.com/1471-2105/11/227

Page 9 of 10
other authors declare no potential conflicts of interest.
The authors alone are responsible for the content and
writing of the paper.

Additional material

Authors' contributions
HM, ARJ, and EvdO developed the method. HM, ARJ, and DEA performed data
analysis. PB conducted bisulfite conversion of the biosamples. YJ carried out
the DNA methylation array experiments. HM, ARJ and EvdO drafted the manu-
script. GL, TKS, BKZ, and ELM participated in method design and edited the
manuscript. All authors read and approved the final manuscript.

Acknowledgements
The authors gratefully acknowledge the contributions to this study and manu-
script by Michael S. Paul, Ph.D. and Alex Lindell from LineaGen, Inc., Salt Lake 
City, Utah and George J. Patskan, Ph.D. from Altria Client Services Inc. The 
authors also acknowledge the comments of reviewers Qiwei Liang, Ph.D. and 
Alec J. Hayes, Ph.D. and the editorial assistance of Eileen Y. Ivasauskas of Accu-
writ Inc. Financial support was provided by Philip Morris USA Inc. and Linea-
Gen, Inc.

Author Details
1Altria Client Services, Research Development & Engineering, 601 E. Jackson 
Street, Richmond, VA 23219, USA, 2Venebio Group, LLC, Virginia Bio-Technology 
Research Park, Richmond, Virginia, USA, 3Center for Biomarker Research and 
Personalized Medicine, School of Pharmacy, Virginia Commonwealth 
University, Richmond, VA 23298, USA, 4Memorial Sloan-Kettering Cancer 
Center, 415 East 68th Street, New York, NY 10021, USA, 5Bon Secours Virginia 
Health System, 14331 Roderick Ct., Midlothian, VA 23113, USA and 6American 
Type Culture Collection, 10801 University Blvd, Manassas, VA 20110, USA

References
1. Cross SH, Bird AP: CpG islands and genes.  Curr Opin Genet Dev 1995, 

5:309-314.
2. Das PM, Singal R: DNA methylation and cancer.  J Clin Oncol 2004, 

22:4632-4642.
3. Esteller M: CpG island hypermethylation and tumor suppressor genes: 

a booming present, a brighter future.  Oncogene 2002, 21:5427-5440.
4. Flagiello D, Poupon MF, Cillo C, Dutrillaux B, Malfoy B: Relationship 

between DNA methylation and gene expression of the HOXB gene 
cluster in small cell lung cancers.  FEBS Lett 1996, 380:103-107.

5. Herman JG, Baylin SB: Gene silencing in cancer in association with 
promoter hypermethylation.  New Engl J Med 2003, 349:2042-2054.

6. Jones PA: DNA methylation and cancer.  Oncogene 2002, 21:5358-5360.
7. Li LC, Carroll PR, Dahiya R: Epigenetic changes in prostate cancer: 

implication for diagnosis and treatment.  J Natl Cancer Inst 2005, 
97:103-115.

8. Singal R, Ginder GD: DNA methylation.  Blood 1999, 93:4059-4070.
9. Laird PW: The power and the promise of DNA methylation markers.  Nat 

Rev Cancer 2003, 3:253-266.
10. Bibikova M, Chudin E, Wu B, Zhou L, Garcia EW, Liu Y, Shin S, Plaia TW, 

Auerbach JM, Arking DE, Gonzalez R, Crook J, Davidson B, Schulz TC, 
Robins A, Khanna A, Sartipy P, Hyllner J, Vanguri P, Savant-Bhonsale S, 
Smith AK, Chakravarti A, Maitra A, Rao M, Barker DL, Loring JF, Fan JB: 
Human embryonic stem cells have a unique epigenetic signature.  
Genome Res 2006, 16:1075-1083.

11. Bibikova M, Lin Z, Zhou L, Chudin E, Garcia EW, Wu B, Doucet D, Thomas 
NJ, Wang Y, Vollmer E, Goldmann T, Seifart C, Jiang W, Barker DL, Chee MS, 
Floros J, Fan JB: High-throughput DNA methylation profiling using 
universal bead arrays.  Genome Res 2006, 16:383-393.

12. Fan JB, Gunderson KL, Bibikova M, Yeakley JM, Chen J, Wickham Garcia E, 
Lebruska LL, Laurent M, Shen R, Barker D: Illumina universal bead arrays.  
Methods Enzymol 2006, 410:57-73.

13. Barski A, Cuddapah S, Cui K, Roh TY, Schones DE, Wang Z, Wei G, Chepelev 
I, Zhao K: High-resolution profiling of histone methylations in the 
human genome.  Cell 2007, 129:823-837.

14. Dalma-Weiszhausz DD, Warrington J, Tanimoto EY, Miyada CG: The 
affymetrix GeneChip platform: an overview.  Methods Enzymol 2006, 
410:3-28.

15. Khulan B, Thompson RF, Ye K, Fazzari MJ, Suzuki M, Stasiek E, Figueroa ME, 
Glass JL, Chen Q, Montagna C, Hatchwell E, Selzer RR, Richmond TA, Green 
RD, Melnick A, Greally JM: Comparative isoschizomer profiling of 
cytosine methylation: the HELP assay.  Genome Res 2006, 16:1046-1055.

16. Schumacher A, Kapranov P, Kaminsky Z, Flanagan J, Assadzadeh A, Yau P, 
Virtanen C, Winegarden N, Cheng J, Gingeras T, Petronis A: Microarray-
based DNA methylation profiling: technology and applications.  
Nucleic Acids Res 2006, 34:528-542.

17. Zilberman D, Gehring M, Tran RK, Ballinger T, Henikoff S: Genome-wide 
analysis of Arabidopsis thaliana DNA methylation uncovers an 
interdependence between methylation and transcription.  Nat Genet 
2007, 39:61-69.

18. Rakyan VK, Hildmann T, Novik KL, Lewin J, Tost J, Cox AV, Andrews TD, 
Howe KL, Otto T, Olek A, Fischer J, Gut IG, Berlin K, Beck S: DNA 
methylation profiling of the human major histocompatibility complex: 
a pilot study for the human epigenome project.  PLoS Biol 2004, 2:e405.

19. Tritchler D, Parkhomenko E, Beyene J: Filtering genes for cluster and 
network analysis.  BMC Bioinformatics 2009, 10:193.

20. Dozmorov I, Lefkovits I: Internal standard-based analysis of microarray 
data. Part 1: analysis of differential gene expressions.  Nucleic Acids Res 
2009. Advance Access published August 31, 2009, doi:10.1093/nar/
gkp706

21. Cui H, Niemitz EL, Ravenel JD, Onyango P, Brandenburg SA, Lobanenkov 
VV, Feinberg AP: Loss of imprinting of insulin-like growth factor-II in 
Wilms' tumor commonly involves altered methylation but not 
mutations of CTCF or its binding site.  Cancer Res 2001, 61:4947-4950.

22. Monk M, Boubelik M, Lehnert S: Temporal and regional changes in DNA 
methylation in the embryonic, extraembryonic and germ cell lineages 
during mouse embryo development.  Development 1987, 99:371-382.

23. Efstratiadis A: Parental imprinting of autosomal mammalian genes.  Curr 
Opin Genet Dev 1994, 4:265-280.

24. Yeivin A, Razin A: Gene methylation patterns and expression.  In DNA 
methylation: molecular biology and biological significance Edited by: Jost J, 
Saluz H. Basel: Birkhauser-Verlag; 2008:523-568. 

25. Rakyan VK, Preis J, Morgan HD, Whitelaw E: The marks, mechanisms and 
memory of epigenetic states in mammals.  Biochem J 2001, 356:1-10.

26. Nylund K, Asparouhov T, Muthén B: Deciding on the number of classes 
in latent class analysis and growth mixture modeling: A monte carlo 
simulation study.  Structural Equation Modeling 2007, 14:535-569.

27. Connett JE, Kusek JW, Bailey WC, O'Hara P, Wu M: Design of the Lung 
Health Study: a randomized clinical trial of early intervention for 
chronic obstructive pulmonary disease.  Control Clin Trials 1993, 
14:3S-19S.

28. Anthonisen NR, Connett JE, Kiley JP, Altose MD, Bailey WC, Buist AS, 
Conway WA, Enright PL, Kanner RE, O'Hara P: Effects of smoking 
intervention and the use of an inhaled anticholinergic bronchodilator 
on the rate of decline of FEV1: the Lung Health Study.  JAMA 1994, 
272:1497-1505.

29. Rabe KF, Hurd S, Anzueto A, Barnes PJ, Buist SA, Calverley P, Fukuchi Y, 
Jenkins C, Rodriguez-Roisin R, van Weel C, Zielinski J: Global strategy for 
the diagnosis, management, and prevention of chronic obstructive 
pulmonary disease: GOLD executive summary.  Am J Respir Crit Care Med 
2007, 176:532-555.

30. Knudson RJ, Lebowitz MD, Holberg CJ, Burrows B: Changes in the normal 
maximal expiratory flow-volume curve with growth and aging.  Am Rev 
Respir Dis 1983, 127:725-734.

31. Griffith KA, Sherrill DL, Siegel EM, Manolio TA, Bonekat HW, Enright PL: 
Predictors of loss of lung function in the elderly. The Cardiovascular 
Health Study.  Am J Respir Crit Care Med 2001, 163:61-68.

32. Meinshausen N, Rice J: Estimating the proportion of false null 
hypotheses among a large number of independently tested 
hypotheses.  Ann Stat 2006, 34:373-393.

Additional file 1 Supplementary Material. Technical details of the study, 
including methylation status calculation, measures of lung function and 
decline, and supplementary figures.

Received: 1 November 2009 Accepted: 5 May 2010 
Published: 5 May 2010
This article is available from: http://www.biomedcentral.com/1471-2105/11/227© 2010 Meng et al; licensee BioMed Central Ltd. This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/2.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.BMC Bioinformatics 2010, 11:227

http://www.biomedcentral.com/content/supplementary/1471-2105-11-227-S1.PDF
http://www.biomedcentral.com/1471-2105/11/227
http://creativecommons.org/licenses/by/2.0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=7549424
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=15542813
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=12154405
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=8603715
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=14627790
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=12154398
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=15657340
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=10361102
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=12671664
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=16899657
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=16449502
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=16938546
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17512414
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=16938544
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=16809668
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=16428248
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17128275
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=15550986
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=19549335
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=19720734
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=11431321
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=3653008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=8032205
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=11336630
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=8500311
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=7966841
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=17507545
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=6859656
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=11208627


Meng et al. BMC Bioinformatics 2010, 11:227
http://www.biomedcentral.com/1471-2105/11/227

Page 10 of 10
33. Storey JD: The positive false discovery rate: a Bayesian interpretation 
and the q-value.  Ann Stat 2003:2013-2035.

34. Storey JD, Tibshirani R: Statistical significance for genome-wide studies.  
Proc Natl Acad Sci USA 2003, 100:9440-9445.

35. Benjamini Y, Hochberg Y: Multiple hypothesis testing with weights.  
Scand J Stat 1997, 61:407-418.

36. Bock C, Walter J, Paulsen M, Lengauer T: Inter-individual variation of DNA 
methylation and its implications for large-scale epigenome mapping.  
Nucleic Acids Res 2008, 36:e55.

37. Christensen BC, Houseman EA, Marsit CJ, Zheng S, Wrensch MR, Wiemels 
JL, Nelson HH, Karagas MR, Padbury JF, Bueno R, Sugarbaker DJ, Yeh RF, 
Wiencke JK, Kelsey KT: Aging and environmental exposures alter tissue-
specific DNA methylation dependent upon CpG island context.  PLoS 
Genet 2009, 5:e1000602.

doi: 10.1186/1471-2105-11-227
Cite this article as: Meng et al., A statistical method for excluding non-vari-
able CpG sites in high-throughput DNA methylation profiling BMC Bioinfor-
matics 2010, 11:227

http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=12883005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=18413340
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Abstract&list_uids=19680444

	Abstract
	Background
	Results
	Conclusions

	Background
	Methods
	Probe and sample correlations
	Mixture modeling
	Application to Illumina® GoldenGate® methylation array Subjects, biosamples and methylation assays

	Results
	Probe selection
	Association analysis

	Authors' contributions
	Discussion
	Conclusion
	Potential Conflict of interests
	Additional material
	Acknowledgements
	Author Details
	References

