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Abstract
Background: Epigenome-wide association studies (EWAS)
using measurements of blood DNA methylation are performed
to identify associations of methylation changes with environmental and lifestyle exposures and disease risk. However, little is
known about the variation of methylation markers in the population and their stability over time, both important factors in the
design and interpretation of EWAS. We aimed to identify stable
variable methylated probes (VMP), i.e., markers that are variable
in the population, yet stable over time.
Methods: We estimated the intraclass correlation coefﬁcient
(ICC) for each probe on the Illumina 450K methylation array in
paired samples collected approximately 6 years apart from 92
participants in the Breakthrough Generations Study. We also
evaluated relationships with age, reproductive and hormonal
history, weight, alcohol intake, and smoking.
Results: Approximately 17% of probes had an ICC > 0.50
and were considered stable VMPs (stable-VMPs). Stable-VMPs

Introduction
Epigenetic proﬁles, including methylation of the 5-carbon
of cytosines, may help to unravel the pathogenesis of numerous
complex diseases, in particular for diseases that have an
environmental component to their etiology. Epigenetic modiﬁcations, such as DNA methylation or histone modiﬁcations, are
key determinants of chromatin structure, genomic stability, and
gene expression. These modiﬁcations are maintained during cell
division and when perturbed play a key role in cancer development
(1). Recent genomic approaches have identiﬁed thousands of genes
that are aberrantly methylated in cancer, and associated with risk of
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were enriched for probes located in "shores" bordering CpG
islands, and at approximately 1.3 kb downstream from
the transcription start site in the transition between the
unmethylated promoter and methylated gene body. Both
cross-sectional and longitudinal data analyses provided strong
evidence for associations between changes in methylation
levels and aging. Smoking-related probes at 2q37.1 and
AHRR were stable-VMPs and related to time since quitting.
We also observed associations between methylation and
weight changes.
Conclusion: Our results provide support for the use of white
blood cell DNA methylation as a biomarker of exposure in
EWAS.
Impact: Larger studies, preferably with repeated measures over
time, will be required to establish associations between speciﬁc
probes and exposures. Cancer Epidemiol Biomarkers Prev; 24(1); 221–9.
2014 AACR.

recurrence and prognosis (2, 3). Epigenetic changes could also be a
biologic indicator of lifetime accumulation of environmental
exposures related to early-life exposures (4), aging (5),
hormones (6), alcohol (7), and smoking (8, 9). Previously, it
was thought that DNA methylation was a stable yet reversible
modiﬁcation (10). Supporting this, we and others have reported
stable methylation changes associated with smoking in white blood
cell (WBC) DNA of former smokers many years after smoking
cessation (9, 11), and several loci have been reported to associate
with developmental exposure to famine many years after the
exposure (4, 12). However, there is also evidence in the
literature that DNA methylation can change rapidly during
development (13) and in response to many different exposures
(14–17).
Several studies have reported epigenetic traits in WBC DNA
as potential cancer risk markers for solid tumors, including
total genomic 5-methylcytosine (18, 19) candidate genes
(20–23) and epigenome-wide association studies (EWAS),
to identify blood-based DNA methylation signatures of risk
in ovarian cancer (24), bladder cancer (25), head and neck
squamous cell carcinomas (26), and breast cancer (9, 27).
Although EWAS report intriguing associations, replication in
larger studies with prediagnostic samples is required.
Few studies have investigated temporal stability of WBC DNA
methylation in serial samples from the same individuals (28–30),
which is an important step before utilization of a biomarker in
population-based studies. Given that only methylation traits that
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are stable over time can be well characterized using a single
blood sample, it is important to establish the temporal stability
of methylation markers in WBC DNA. The aim of our study was
to identify stable variable methylated probes (VMP), i.e.,
markers that are variable in the population, yet stable over
time, and to investigate associations with age, reproductive and
hormonal history, and lifestyle factors. Cross-sectional and
longitudinal analyses were carried out based on 92 paired serial
blood samples collected at two time points approximately six years
apart, from women participating in the Breakthrough Generations
Study (BGS).

Materials and Methods
Study subjects
The study subjects were a sample of 92 participants in the BGS, a
large general population cohort consisting of approximately
110,000 women enrolled in the UK from 2003 to 2011 (31).
Eligible women were those enrolled in 2004 and who met the
following criteria: had a blood sample and questionnaire
collected at baseline (T0) and again at follow-up six years later
(T1), 35 to 84 years old at enrollment, be free of any cancer
before second blood collection, have blood samples received at
processing lab no more than one day after collection, being
white, and not known to have a relative in the eligible
population. This identiﬁed a total of 532 eligible women.
This population was further restricted to those reporting no
problems at collection or processing (e.g., lipemic, hemolyzed,
clotted samples), and with time between the receipt of the two
samples ranging from 5.5 to 6.5 years. This resulted in 418
women eligible to be included in the analyses. We obtained a
random sample of these 418 women to ﬁll in two 96-well plates
with paired T0 and T1 DNA samples from each woman, and
obtained methylation data from 92 pairs of samples. Paired
samples were processed on the same chips to minimize
intraindividual batch effects. Sample storage time in liquid
nitrogen tanks at 80 C was 7.1 years for T0 (range, 6.8–
7.7) and 1.2 years for T1 (range, 0.6–1.3). For quality
control (QC), we included duplicate samples from four
study subjects that showed strong correlation (R2 > 0.90)
across probes that had methylation levels between 30% and
70%. This correlation compared to R2 < 0.69 in the unrelated
pairs. We also included reference DNA samples 100% and 0%
methylated (in duplicate), which were used to ﬁlter poor
performing probes (see below).
Illumina 450K beadchip methylation analysis
DNA samples were extracted from buffy coats using DNA
Blood Mini Kits (Qiagen). Bisulphite conversion of 600 ng of
each DNA sample was performed using the EZ-96 DNA
Methylation-Gold Kit according to the manufacturer's protocol
(Zymo Research). Then, 4 mL of bisulphite-converted DNA was
used for hybridization on the Inﬁnium HumanMethylation 450
BeadChip, following the Illumina Inﬁnium HD Methylation
protocol (Illumina). Hybridization, scanning, and raw data
processing were performed by UCL Genomics (www.genomics.
ucl.ac.uk/). The intensities of the images were extracted using
the GenomeStudio (v.2011.1) Methylation module (1.9.0)
software (Illumina), which normalizes within-sample data
using different internal controls that are present on the
HumanMethylation 450 BeadChip and internal background
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probes. The methylation score for each CpG was represented as
a b value according to the ﬂuorescent intensity ratio with any
values between 0 (unmethylated) and 1 (completely methylated).
Raw microarray data, processed data, and a table of all intraclass
correlation coefﬁcient (ICC) and interquartile range (IQR) for
each probe are available from Gene Expression Omnibus
(accession GSE61151).
Statistical analysis
Raw methylation data were exported from GenomeStudio as
background subtracted b values with corresponding detection P
values. Quality control exclusion criteria were as follows:
probes not detected in the population (detection P value
> 0.05), samples with >1% of probes not detected, and
probes not detected in >20% of samples. A total of 484,954
probes and all samples passed these initial quality control
measures. The resulting data sets included samples from 92
individuals at T0 and a repeated sample from the same 92
individuals at T1. Data were preprocessed using peak-based
correction (32) and COMBAT to adjust for batch effects (33).
Individual probes were further ﬁltered based on the following
criteria: (i) 100% methylated reference b > 0.80 and 0%
unmethylated reference b < 0.20 (excluding 40,470 probes),
and (ii) annotated SNPs located within probe sequence
(excluding 89,474 probes), leaving a total of 355,633 probes
for further analysis.
DNA methylation values were coded as M values (log2(b/1 
b)). We used the ICC to identify markers that are variable in
the BGS population yet stable over time. The ICC is deﬁned as the
ratio of the between-subject variance to the total variance
(between-subject þ within-subject variance that reﬂects both
temporal and assay variation). Stable-VMPs were deﬁned as
those with ICC > 0.50, i.e., probes that showed a larger
variation between individuals than within individuals. IQR of
<1% was used to deﬁne probes that were considered to have low
variability across individuals.
Multivariate linear regression models were used to evaluate
associations between methylation M values and the following
variables (in relation to time of blood collection, unless
otherwise speciﬁed): age, age at menarche, parity, age at ﬁrst
birth, menopausal status, age at menopause, oral contraceptive
(OC) use, hormone replacement therapy (HRT) use, smoking
status, years since quitting smoking, weight, alcohol use, and
sample storage time, evaluated at time of each blood collection.
Each pair-wise combination of probe and exposure was evaluated
in separate regression models adjusted for age and geographical
location (deﬁned by postcodes into regions of South, East Anglia,
Midlands, North, Scotland, Wales). In addition, we performed
surrogate variable analyses (SVA; refs. 34, 35) and analyses
adjusted by cell type using the "methylSpectrum" method (36).
Brieﬂy, methylSpectrum calculates the WBC subtype proportions
in a sample of whole blood by comparing methylation signatures
in the dataset of interest with methylation signatures in a reference
dataset where the WBC subtype proportion is known. Crosssectional data analyses were performed separately for
T0 and T1. Longitudinal data analysis was used to evaluate
determinants of changes in methylation across both time
points. Random effects linear regression models for
longitudinal data were used to evaluate relationships between
changes in age and weight with changes in methylation levels over
time. Unlike cross-sectional analyses at T0 or T1, longitudinal data
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SVA, "plm" package for longitudinal data analyses (38), and
qqplot function from the "stats" package for Q-Q plots (http://
cran.r-project.org/).

analyses control for unmeasured confounders that vary between
subjects but not within subjects over time.
Quantile–quantile (Q-Q) plots were used to compare the
observed and expected distribution of P values under the null
hypothesis of no association. Q-Q plots provide a quick visual
guide to assess departures from the null hypothesis across all
the statistical tests performed for each of the probes. This is
evidenced by a departure from the diagonal line that was
measured by the inﬂation factor lambda (l). Volcano plots
were used to examine the relationship between regression
coefﬁcients and the corresponding P values from linear
regression analyses. Volcano plots are used to visually identify
probes that are signiﬁcant and have a large effect, i.e., those probes
in the upper left or right quadrants. Enrichment of stable-VMPs in
speciﬁc probe types was tested using a 1df c2 test dichotomizing
the probes into above and below the threshold for stable-VMPs
and into the different probe categories tested. Differences in
methylation b values or ICC values between two groups of
probes were tested using the Wilcoxon signed rank-sum test.
For these exploratory enrichment analyses, we considered P <
104 as statistically signiﬁcant. For analyses to conﬁrm previously
reported associations between methylation levels and age or
smoking, we used the conventional P < 0.05 as the level of
signiﬁcance.
Statistical analyses were conducted using Stata/MP 12.1 for
Windows and the following R packages: "icc" command from the
"irr" package for ICC calculations, "dmrFind" command from the
"Charm" package (37) for linear regression analyses including

Identiﬁcation of stable-VMPs in the Illumina 450K array
We deﬁned stable-VMPs as those that had ICC > 0.50 because
this implies larger variation between individuals than within
individuals over time. Using this threshold, we identiﬁed
61,593 stable-VMPs of 355,633 probes that had passed QC
and ﬁltering (Fig. 1A). These constitute 13% of all probes or
17% of probes after excluding probes with SNPs and failed
reference samples. These stable-VMPs were signiﬁcantly (P <
1  104) enriched for CpG island "shores" (2 kb up- and
downstream of CpG islands) compared with other regions
(Fig. 1B), and for gene body compared with promoter probes
(probes at 200 bp from transcription start sites, TSS200; P < 1 
104; Fig. 1C).
A smoothed plot of the mean ICC and mean methylation level
for each probe against the genomic location of the probe in
relation to the TSS is shown in Fig. 2. This showed a peak of
probes with higher ICC at approximately 1.3 kb downstream from
the TSS (Wilcoxon signed rank-sum test, P < 104 compared with
TSS200 probes), corresponding to a mean methylation level of
50%, halfway between low promoter methylation and high
intragenic methylation. We observed this for both plus strand
and minus strand genes.
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Figure 1.
Analysis of temporal variation of 450K
probes in 92 serial WBC DNA samples in
the BGS. A, distribution of ICC for 450K.
Using a threshold of ICC > 0.50, we
identiﬁed 61,593 probes that were
considered to be both variable and
stable over time (stable-VMPs). B, these
stable-VMP probes were enriched for
probes in "shore" regions (blue)
compared with "shelf" (red), CpG
islands (green), and other regions
(black). C, ICC distribution for probes in
the promoter (TSS200) and gene body
showed enrichment for gene body
probes.
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Determinants of WBC DNA methylation
Table 1 shows the distribution of subject characteristics at
baseline (T0) and follow-up (T1), and whether there were
changes in these variables over time. The median (range) age
increased from 53 years (35–77) in T0 to 59 years (41–83) in T1,
and the percentage of postmenopausal women increased from
45% to 66%. The median increase in weight from T0 to T1 was 1
kg.
Q-Q plots showed strong evidence for an excess of associations
beyond that expected by chance for methylation levels and aging,
both in cross-sectional analyses at T0, T1 and in longitudinal
data analyses (T0: l ¼ 1.19, T1: l ¼ 1.23, longitudinal: l ¼
1.34; Fig. 3A–C). SVA and cell-type adjustments did not explain
the excess of associations.
Funnel plots suggested that highly signiﬁcant probes
tended to be associated with increases rather than decreases
in methylation with aging (Fig. 3D and E). Regression coefﬁcients for age in the cross-sectional and longitudinal data
analyses were highly correlated (r ¼ 0.67 for T0 and r ¼
0.68 for T1; Fig. 3D and E). Longitudinal data regression
coefﬁcients for 148 of 151 probes with data available that
have recently been reported to be associated with age (30)

A

had P < 0.05 and showed coefﬁcients highly correlated with
coefﬁcients in the original publication (Supplementary Fig. S1
and Supplementary Table S1). The regression coefﬁcients from
longitudinal analyses shown in tables are the average effect of
age on methylation levels when age changes across time and
between subjects by one year, i.e., they reﬂect both changes
between subject and across time.
Q-Q plots for weight showed evidence for an association with
methylation levels, particularly after adjustment for cell type
(Supplementary Fig. S2). Regression coefﬁcients for weight in
the cross-sectional and longitudinal data analyses were highly
correlated (r ¼ 0.68 for T0 and r ¼ 0.68 for T1), and volcano plots
for weight suggested a tendency for probes with higher coefﬁcients
and lower P values to show associations with increased rather than
decreased methylation with weight. The probes with the strongest
evidence for associations with weight (P < 105) are shown
in Table 2.
Q-Q plots showed little evidence for an association between
smoking status or time since quitting smoking and methylation
levels (Supplementary Fig. S3). Of 29 probes that had been
previously associated with smoking status at the time of
analysis (9, 39, 40), three probes at 2q37.1 and one probe at
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Figure 2.
Distribution of average ICC and mean
methylation percentage according to
genomic location. A, in black, the
Loess-smoothed average of ICC
across 95,277 probes associated with
plus strand genes (genes oriented in
the rightward direction in relation to
the genome location) and within
10 kb of the TSS. In blue, the
Loess-smoothed mean methylation of
the same probes. Panel below shows a
heatmap of scaled probe density and
the proportion of stable-VMPs (ICC >
0.5) in each 200-bp window from 10
kb to þ10 kb. B, in black, the Loesssmoothed average of ICC across
92,964 probes associated with minus
strand genes (genes oriented in the
leftward direction in relation to the
genome location) and within 10 kb of
the TSS. In blue, the Loess-smoothed
mean methylation of the same probes.
Probes in "shores" are not included.
Panel below shows a heatmap of
scaled probe density and the
proportion of stable-VMPs (ICC > 0.5)
in each 200-bp window from 10 kb
to þ10 kb.
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Table 1. Characteristics of women participating in the study at two points in time, T0 and T1, approximately 6 years apart
T0
Individuals, N
92
Age at blood collection, years, median (range)
53 (35–77)
Age at menarche, years, median (range)
13 (10–17)
Menopausal status
Premenopausal, N (%)
33 (36%)
Postmenopausal (excluding current HRT users), N (%)
41 (45%)
Undetermined/on HRT, N (%)
18 (20%)
Age at menopause (postmenopausal only, excluding current HRT users), years, median (range)
50 (29–56)
Parity
Nulliparous, N (%)
14 (15%)
Parous, N (%)
78 (85%)
Age at ﬁrst birth (parous only), years, median (range)
25 (18–39)
OC use
Never, N (%)
21 (23%)
Former, N (%)
70 (76%)
Current, N (%)
1 (1%)
Missing, N (%)
0 (0%)
HRT use (postmenopausal only)
Never, N (%)
25 (46%)
Former, N (%)
16 (30%)
Current, N (%)
13 (24%)
Missing, N (%)
0 (0%)
Weight, kg, median (range)
65 (49–127)
Weight change between T0 and T1, kg, median (range)
Body mass index, median (range)
24 (20–51)
Regular alcohol use
No, N (%)
18 (20%)
Yes, N (%)
74 (80%)
Missing, N (%)
0 (0%)
Duration of alcohol use, years, median (range)
31 (2–44)
Smoking status
Never, N (%)
61 (66%)
Former, N (%)
28 (30%)
Current, N (%)
3 (3%)
Time since quitting, former smokers, years, median (range)
26 (4–47)
Age when started smoking (ever smokers), years, median (range)
17 (14–21)
WBC subtype, percentage, median (range)
Lymphocytes
9 (3–21)
T cells CD8þ
T cells CD4þ
15 (2–28)
Nature killer cells
4 (0–14)
B cells
8 (4–13)
Monocytes
10 (7–18)
Granulocytes
52 (38–65)

T1
92
59 (41–83)
N/A
13
61
18
52

(14%)
(66%)
(20%)
(40–58)

No change
No change
No change
20
62
0
10

(22%)
(67%)
(0%)
(11%)

37
24
7
4
66
1
25

(51%)
(33%)
(10%)
(6%)
(49–121)
(16–18)
(19–49)

7 (8%)
74 (80%)
11 (12%)
N/A
61 (66%)
29 (32%)
2 (2%)
31.5 (10–53)
N/A

10
16
4
8
10
51

(3–30)
(1–26)
(0–11)
(5–12)
(7–16)
(38–66)

Abbreviation: N/A, not assessed.

AHRR showed signiﬁcant associations with smoking status at P <
0.05 both at T0 and T1, in the same direction as previously
reported (i.e., lower methylation levels for ever than never
smokers; Table 3). Our data also suggested increased levels of
methylation with longer time since quitting in former smokers,
although not all of the probes were statistically signiﬁcant (Table
3). Other probes also showed associations in the same direction as
previously reported; however, they did not reach P < 0.05 in either
T0 or T1 (Supplementary Table S2).
Examination of Q-Q plots for cross-sectional analyses of
methylation levels and other subject characteristics at T0 and
T1 showed little evidence for associations with methylation levels
for most variables, with some indication of an excess signal at the
tail for alcohol use (Supplementary Fig. S4).

Discussion
We have shown that approximately 17% (N ¼ 61,593) of probes
on the Illumina 450K methylation array can be considered stable-

www.aacrjournals.org

VMPs, and thereby representing good candidates for EWAS using
WBC DNA that incorporate a single time-point measure of
DNA methylation levels. The remaining probes represent either
markers with low variation across individuals or markers that
vary over time within an individual. There was considerable
enrichment for stable-VMPs, approximately 1.3 kb downstream
of the transcription start sites of most genes. This is a genic category
that is poorly covered by the Illumina 450K array for many genes
and, therefore, would be better interrogated in future studies using
unbiased genome-wide bisulphite sequencing. Nevertheless, the
genes for which data are available for this category suggest that
interindividual variation is highest at intermediate methylation
levels (41). We have observed this for both plus strand and minus
strand genes, supporting the hypothesis that the transition from
promoter to gene body is the genomic region of most
intraindividual variability (41). There could be several possible
mechanisms for why there is increased variation in this genic region
and how this may inﬂuence variability in gene expression that
should be tested in future research. These include modiﬁed
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Figure 3.
Associations between DNA
methylation probes and age at blood
collection. Q-Q plot for the
relationship between age and DNA
methylation M values at T0 (A), T1 (B),
and longitudinal data (C), using
standard analyses, SVA, and cell-type
adjustment. Volcano plots for
regression coefﬁcients for the
relationship between age and DNA
methylation M values and the
corresponding log10 (P value) at T0
(D), T1 (E), and longitudinal data (F).
Grayscale (light–dark) shows ICC
values (low–high). Scatter plots of
regression coefﬁcients from crosssectional (D, E) and longitudinal
analyses (F) of age and DNA
methylation M values are shown.
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transcription efﬁciency, different levels of sense and antisense
mRNA, or altering (or being altered by) the variability in local
histone marks that are focused on this promoter proximal
intragenic region, such as H3K36me3 (42, 43).
There is considerable evidence from monozygotic twin studies
(44, 45) and cross-sectional studies (5, 46, 47) that the epigenome
changes with age. This phenomenon has been described as
epigenetic drift (48–50) and suggests a general deregulation
in maintaining the ﬁdelity of tissue-speciﬁc epigenetic patterns
over time. Q-Q plots showed a large excess of associations
between methylation and age beyond that expected by
chance. This could reﬂect a real biologic effect of age or a
systematic error not accounted for in the analyses. The excess
of associations was present in longitudinal data analyses that
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account for unmeasured time-invariant confounders, as well as
in cross-sectional analyses after adjustment for unmeasured
confounding using SVA and after blood cell–type correction,
suggesting these might be real biologic effects. Our data also
suggested a tendency of associations between increased rather
than decreased methylation levels and increasing age that needs
conﬁrmation. Although this report does not include replication of
age associations in independent populations, our data did
provide strong conﬁrmation of age associations previously
reported by Florath and colleagues (30), both in cross-sectional
and longitudinal data analyses. A limitation of our analysis,
however, is the short time interval between blood collections,
with a change in age of only about 6 years. Additional work
is needed to identify speciﬁc probes related to age and to gain
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Table 2. ICC and association between weight and methylation levels for probes with P < 105
Cross-sectional, T0
Probe
Gene
Type of probe
Position (HG b37)
ICC
ba
P
cg08536358
PDHA2
II
96760014
0.01
0.842
3.4  107
cg12641838
PSMB9
I
32822013
0.02
0.164
3.1  106
cg14233050
PXN
II
120651871
0.00
0.826
5.7  107
cg12354986
TRIOBP
I
38142174
0.25
0.047
4.2  104
cg05838155
FBXL20
I
37557276
0.09
0.029
0.003
cg17501210
RPS6KA2
II
166970252
0.74
0.031
0.002
cg10453777
13q21.2
II
62245229
0.14
0.010
0.129

Cross-sectional, T1
ba
P
0.014
0.214
0.022
0.252
0.007
0.256
0.055
0.001
0.023
0.005
0.035
0.001
0.027
2.3  105

Longitudinal
ba
P
0.400
7.1  107
0.094
1.8  106
0.383
2.3  106
0.052
2.6  106
0.028
5.4  106
0.039
8.2  106
0.020
9.5  106

NOTE: Bolded results have consistent direction of association for cross-sectional analyses in T0 and T1, and longitudinal analyses for weight change between
T0 and T1.
a
b coefﬁcient per 5 kg change in weight (kg).

insight into the biologic mechanisms underlying this association
between methylation and increasing age.
We and others have previously shown that methylation in
blood DNA is inﬂuenced by environmental exposures such as
smoking (9, 10, 39, 40). In the present study, we have conﬁrmed
associations between smoking habits and three probes at 2q37.1
and one probe at AHRR previously reported by Shenker and
colleagues (9). Methylation levels in these probes were related
to time since quitting smoking in former smokers and had ICC >
0.5, suggesting that methylation levels in stable-VMPs could be
used as biomarkers of exposures occurring in the past. Previous
studies have also shown associations between different measures
of body size and methylation in blood DNA (29, 51–53). Our
data provided support for associations between methylation
levels and increasing weight, with a tendency for decreased
rather than increased methylation and typically low ICC,
suggesting these markers are unstable over time. Of the other
exposures evaluated, alcohol use showed the strongest evidence
for associations with methylation levels in WBC DNA. However,
replication in future studies is required to establish associations
with speciﬁc probes. In addition, although analyses were adjusted
by age, larger studies will be required to better assess the potential
confounding and effect modiﬁcation of age given its strong
inﬂuence on methylation levels. The biologic mechanisms
underlying associations between past lifestyle exposures such as
former smoking, weight changes, and alcohol use are unclear. In
particular, a large proportion of WBCs are short lived
[approximately 50% of WBCs in our study samples were
granulocytes (Table 1) that are primarily formed by neutrophils
with an average lifespan of 1 to 4 days, whereas 38% were
lymphocytes that have an average lifespan of one week to a few
months]. Therefore, a potential mechanism for long-lasting effects
on methylation would be for exposures to induce methylation
changes in the blood stem cell population that persist in each
subsequent differentiated cell population. However, currently

there is no evidence yet to support this stem cell hypothesis.
Furthermore, it should be noted that methylation variability in
WBC DNA may not reﬂect variability in other tissues or cell types.
We used several approaches to account for measured as well as
unmeasured confounding factors, including longitudinal data
analyses, SVA, and cell-type corrections in cross-sectional
analyses. Generally, cross-sectional and longitudinal analyses
gave similar results, and SVA and blood cell–type correction
had modest impact in reducing potential inﬂations of tests
statistics in Q-Q plots, on occasions even resulting in
overcompensation. Thus, although taking into consideration
that WBC contains a mixture of cell types is important, this
and other reports (27, 54) have demonstrated that adjusting
for blood cell subtype using current methods does not always
have a substantial impact on results from EWAS. Using direct
measures of blood cell composition or accounting for health
conditions or medication use that could affect blood cell
composition could be useful; however, these analyses were not
possible in our sample. Therefore, although we used the best
available methods to account for possible biases, it is possible that
signals seen in Q-Q plots reﬂect biases unaccounted by analyses
rather than real biologic effects. Future developments in statistical
methods for the analysis of methylation data might be required to
better account for inﬂation of test statistics observed in EWAS.
In conclusion, we have identiﬁed over 61,000 stable-VMPs
in the Illumina 450K methylation array that represent
good candidates for EWAS using a single blood sample per
individual. Probes that are not considered stable-VMPs because
of substantial temporal variation may still be informative
if they vary across individuals, but may require serial DNA
samples to capture the temporal variability when evaluating
associations with other phenotypes. Probes that have low
variability across individuals (IQR < 1%, n ¼ 74,666 probes)
may be considered uninformative for EWAS. Although this array is
still widely used, the genomic coverage is limited (2% of

Table 3. Association between smoking habits and methylation markers with P < 0.05 for associations with smoking status at T0 and T1, and corresponding ICC
Association with smoking status
Association with years since stop smoking in
(ever/never)
former smokers
T0
T1
T0
T1
Probe
Cytoband Gene Position (HG b37) ICC
b
P
b
P
b per 5 years
P
b per 5 years
P
cg06644428a
2q37.1
233284112
0.600 0.205 0.043
0.331 0.001
0.121
0.071
0.049
0.422
a
2q37.2
233284402
0.891
0.209 0.001
0.192 0.002
0.079
0.012
0.050
0.141
cg05951221
cg21566642a
2q37.3
233284661
0.832 0.167
0.003
0.210 9105
0.070
0.037
0.031
0.238
cg05575921a,b,c 5p15.33
AHRR 373378
0.723 0.190 4.104 0.177 0.001
0.042
0.064
0.059
0.019
a

Previously reported in ref. 9.
Previously reported in ref. 40.
c
Previously reported in ref. 39.
b
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CpG sites) and only about 13% of the probes were identiﬁed as
stable-VMPs. Thus, it is likely that many more regions across
the genome will be identiﬁed as stable-variable regions using
newer technologies such as whole-genome bisulphite sequencing.
We also provided strong conﬁrmation of associations between
methylation levels in WBC DNA with age and past smoking.
Further studies, preferably using serial blood collections
and/or intervention studies, will be required to identify further
methylation probes in blood that reﬂect changes in exposures.
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