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Epigenetics is emerging as an attractive mechanism to explain the
persistent genomic embedding of early-life experiences. Tightly
linked to chromatin, which packages DNA into chromosomes,
epigenetic marks primarily serve to regulate the activity of genes.
DNA methylation is the most accessible and characterized component of the many chromatin marks that constitute the epigenome,
making it an ideal target for epigenetic studies in human populations. Here, using peripheral blood mononuclear cells collected
from a community-based cohort stratiﬁed for early-life socioeconomic
status, we measured DNA methylation in the promoter regions of
more than 14,000 human genes. Using this approach, we broadly
assessed and characterized epigenetic variation, identiﬁed some
of the factors that sculpt the epigenome, and determined its
functional relation to gene expression. We found that the leukocyte
composition of peripheral blood covaried with patterns of DNA
methylation at many sites, as did demographic factors, such as sex,
age, and ethnicity. Furthermore, psychosocial factors, such as
perceived stress, and cortisol output were associated with DNA
methylation, as was early-life socioeconomic status. Interestingly,
we determined that DNA methylation was strongly correlated to
the ex vivo inﬂammatory response of peripheral blood mononuclear
cells to stimulation with microbial products that engage Toll-like
receptors. In contrast, our work found limited effects of DNA
methylation marks on the expression of associated genes across
individuals, suggesting a more complex relationship than anticipated.
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pigenetic processes not only regulate developmental programming and cellular identity but might also mediate the
interaction of the environment with the genome (1, 2). The
regulation of epigenetic variation likely is complex, involving
various factors, such as ethnicity and aging, environmental exposures, genetic allelic variation, and stochastic elements (3, 4).
Along with chromatin proteins, DNA methylation constitutes a
main component of the epigenome, and it is considered the most
stable and accessible epigenetic mark for quantitative measurements in human populations. As such, the emerging interest in
exploring associations of DNA methylation with disease and
phenotypic variation has led to the development of principles for
epigenome-wide association studies (EWASs) (5, 6). However,
the underlying biology of epigenetics, along with technical and
methodological issues, poses major challenges for the realization
of EWASs in human populations (5, 7, 8).
In somatic cells, DNA methylation occurs almost exclusively
on cytosine residues in the context of CpG dinucleotides, which
are nonrandomly distributed across the human genome (9–12).
Speciﬁcally, the density of CpGs in a particular genomic region
varies, allowing a classiﬁcation into low-density CpG (LC) regions,
intermediate density CpG (IC) regions, and high-density CpG
(HC) regions (13). In concert with other chromatin modiﬁcations,
DNA methylation has the capacity to regulate gene expression
(14). This is best understood for tumor suppressor genes in cancer,
whose expression is negatively regulated by increased methylation
of HC regions in their promoter (15). However, the relationship
between promoter DNA methylation and gene expression might
www.pnas.org/cgi/doi/10.1073/pnas.1121249109

be less straightforward in nonmalignant somatic tissues, because
recent work in established cell lines has failed to establish broad
correlations across individuals (16, 17).
Human epigenetic population studies have natural limits rooted
in tissue-speciﬁc differences of epigenetic marks, because only a
very small number of all human cell types are easily accessible for
interrogation. Speciﬁcally, these are buccal epithelial cells and
peripheral blood leukocytes. Many epigenetic studies in human
populations have used unfractionated leukocytes without accounting for possible interindividual differences in subset composition and the distinct epigenomes likely associated with each
cell type, an issue that has long been recognized in analogous
gene expression studies (18–20). Despite these limitations, tremendous interest has arisen in relation to identifying biological
and environmental factors that interact with the epigenome, and
the functional consequences thereof (21). In the context of epigenetic population studies, it is important to appreciate that the
intimate linkage between epigenetic marks and tissue speciﬁcation results in between-tissue variation in DNA methylation that
greatly exceeds between-individual differences within any one
tissue (18, 22, 23).
In regard to developmental origins of adult human phenotypes, epigenetics has emerged as an attractive candidate responsible for persistent biological embedding of experiences
during development or early life (24, 25). Speciﬁcally, epigenetic
marks have been linked in previous research to diverse environmental exposures, including nutrition and maternal mood
during pregnancy, early-life socioeconomic status (SES), abuse,
and parental stress (26–31). Although often supported by analogous ﬁndings in animal models, the extant research in humans
derives from a small group of correlational studies that generally
used relatively small sample sizes and diverse technological platforms to interrogate the epigenome (8). Furthermore, rigorous
statistical approaches for the analysis of genome-wide measurements of DNA methylation have not always been applied, or yet
agreed on, by the community, thus hampering careful assessment
of reported associations and comparisons between different
studies (5, 8, 32).
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Here, we aimed to characterize variation in human DNA
methylation in an accessible tissue, to identify some of the factors that sculpt the epigenome, and to determine its functional
relation to gene expression. We used a diverse suite of assessments ranging from blood composition to demographic and
psychosocial factors to test for correlation to DNA methylation.
By combining statistical approaches aimed at minimizing errors
due to multiple testing and at deriving principal components
governing coordinated variation in DNA methylation, we were
able to begin developing a comprehensive framework and resource of factors predicting DNA methylation in a normative
human population.
Results
Study Cohort and DNA Methylation Measurements. To begin ex-

ploring epigenetic variation and its predictors in human populations, we puriﬁed peripheral blood mononuclear cells (PBMCs)
from a community cohort of 92 individuals in the Vancouver
lower mainland area (33). Individuals ranged in age from 24 to
45 y (median = 33.04, SD = 5.03) and were 62% female (n = 57)
vs. 38% male (n = 35). Although this cohort broadly resembled
the community average, it was stratiﬁed according to early-life
SES. To measure DNA methylation in genomic DNA derived
from PBMCs, we used the Inﬁnium HumanMethylation27 array
platform (Illumina), which enables the simultaneous quantitative
assessment of 27,578 CpG loci at single-nucleotide resolution in
the promoters or ﬁrst exons of ∼14,475 genes. For each CpG
site, a β-value is derived, which approximately corresponds to the
percentage of methylated DNA molecules in a given sample.
After ﬁltering to remove technically unreliable or sex-biased
probes on the X and Y chromosomes, we included a total of
22,922 CpGs in our analysis.
Variable DNA Methylation Loci Existed in Peripheral Blood. We decided to focus this work on PBMCs, because these are clinically
relevant cells commonly used in immunological assays and are
devoid of multinucleate granulocytes. The correlation between
individuals was R2 = 0.986, which was lower than the correlation
for technical replicates (R2 = 0.994), with the overall DNA
methylation distribution having a highly bimodal pattern similar
to the one observed in deep PBMC methylome sequencing from
one individual (10) (Fig. S1A). Next, we divided CpG loci based
on mean DNA methylation levels into hypomethylated (less
than 20% β-values), heterogeneously methylated (β-value levels
between 20% and 80%), and hypermethylated (more than
80% β-values) categories, according to published criteria (10,
22). Not unexpectedly, we found distinct contextual CpG densitydependent differences with HC region loci primarily present in
the hypomethylated category, whereas LC region loci were primarily present in the heterogeneous and hypermethylated categories (10) (Fig. 1A).
Having established the general pattern of promoter methylation in our cohort, we next asked whether there was appreciable
interindividual variation for each CpG site by comparing its SD
with its mean methylation, akin to an approach used in mouse
liver (34). To avoid the uneven variability across the methylation
range when using β-values that causes the extremes to have much
lower variability, we transformed the data into M-values (35).
These represent the log of methylated intensity over unmethylated intensity and resulted in a much more uniform variability,
consistent with published data (Fig. S1 B and C). Using M-values
did not alter the general distribution of CpGs in HC, IC, or LC
regions (Fig. 1B and Fig. S1A). Displaying SD distributions from
M-values suggested that HC region loci were most variable,
followed by IC and LC region loci, although the differences were
small (Fig. S1D). This was statistically substantiated by ANOVA,
which revealed signiﬁcant differences when comparing the SD of
HC, IC, and LC sites (P = 4.25E-14). This was attributed to HC
sites, which were signiﬁcantly different from IC (P = 2.75E-6) and
LC (P = 2.20E-16) sites as determined by Tukey “honestly signiﬁcant difference” comparison. Using an SD cutoff of 0.5, ∼7.8%
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of all CpG sites (1,779 of 22,922) were variable, whereas an SD
cutoff of 1 resulted in 99 variable CpG sites (0.43%). The variation across the methylation range and individuals for these 99
CpG sites generally showed a continuous pattern (Fig. 1C). Although all our subsequent analyses were done using the M-value–
transformed data, we retransformed them after a given analysis
back to β-values because these are easier to understand.
Blood Composition Was Associated with DNA Methylation. Although
lacking granulocytes, PBMCs are still a somewhat heterogeneous
mixture of white blood cells. Primarily, these are lymphocytes
and monocytes, which, on average, comprised 31.56% (SD = 8.37)
and 6.74% (SD = 2.1) of the total circulating leukocytes in our
cohort, respectively. (The other 63% of cells in the pool were
granulocytes, which we removed before DNA extraction by means
of density-gradient centrifugation). We wanted to determine
whether the amount of lymphocytes and monocytes present in an
individual would affect the DNA methylation patterns derived
from PBMCs. To reduce the number of tests, we eliminated all
CpGs with less than 5% or more than 95% β-values across all
samples, corresponding to sites that were almost uniformly
unmethylated and uniformly methylated in our cohort, thus
leaving 17,870 CpGs for all subsequent analyses. Using Spearman correlation and correction of the false discovery rate (FDR)
at a q value <5% and further ﬁltering for a minimum methylation
difference >5%, we identiﬁed high-conﬁdence associations of
264 CpG sites with lymphocyte percentage and 248 CpG sites
with monocyte percentage, as determined by whole blood cell
count. As expected, there was substantial overlap between these
two sets of CpG loci (n = 119), which resulted in a sum total of
393 subtype-associated high-conﬁdence CpG loci, representing
2.1% of the 17,870 CpGs included in this analysis. Using more
relaxed criteria at an FDR at a q value <25% and no ﬁltering for
absolute methylation difference, we found 1,323 CpGs associated with lymphocyte percentage and 2,182 CpGs associated
with monocyte percentage, respectively. Accounting for the
overlap (n = 463), the remaining subtype-associated 3,042 CpG
sites corresponded to 17.0% of the 17,870 CpGs assessed. The
association of PBMC DNA methylation with lymphocyte percentage derived from whole blood was further substantiated by
P-value distributions (Fig. S2A) and quantile-quantile (Q-Q) plots
(Fig. S2B) that deviated clearly from what would be expected by
chance alone. Similar results were found in the analogous representations for monocyte percentage (Fig. S2 C and D).
Using a second smaller cohort, we compared the DNA methylation proﬁle of PBMCs with that of CD14+ monocytes and
CD3+ T cells puriﬁed by immunomagnetic selection. Based on
within-person comparisons, we found 1,208 CpG sites that were
speciﬁc for one of the three classes as determined by ANOVA,
primarily driven by the differences between monocytes and T
cells/PBMCs (details are provided in SI Results and Fig. S3).
Reassuringly, this set included 93.2% (246 of 264) of the highconﬁdence CpGs associated with lymphocyte percentage and
90.7% (225 of 248) of the CpGs associated with monocyte percentage in the community cohort analysis, suggesting that our statistical approach to determine correlations was very well-supported
by experimental data.
These ﬁndings illustrated that at a large number of CpG loci,
methylation readouts are inﬂuenced by the cellular composition
of a blood sample. Puriﬁcation of the desired cell type population
is the most reliable approach for eliminating this unwanted
interindividual variability. However, it is not always possible to
perform such puriﬁcations due to the volume of blood and
specialized technology required to obtain sufﬁcient amounts of
all salient cell types. To circumvent this problem, we developed a
multiple regression approach that can be applied to methylation
data post hoc, assuming a complete blood cell count was performed simultaneously (Materials and Methods). After applying
this approach to our original dataset, the previously observed
correlations between subset percentages and DNA methylation
readouts were eliminated. Thus, statistical corrections may be
Lam et al.
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Fig. 1. Variable DNA methylation in PBMCs derived from a human cohort. (A) Distinct distribution of mean DNA methylation levels dependent on the
context of CpG site. All CpG sites were classiﬁed into LC regions, IC regions, and HC regions. CpG sites were further divided based on mean DNA methylation
levels into hypomethylated (less than 20% β-values, dark gray), heterogeneously methylated (β-value levels between 20% and 80%, gray), and hypermethylated (more than 80% β-values, light gray). (B) Mean DNA methylation levels are represented by M-values and divided according to CpG density
categories. M-values are log transformations of methylated intensity over unmethylated intensity and resulted in a much more uniform variability. A M-value
of 0 is equivalent to a β-value of 0.5, with negative M-values indicating less than and positive M-values indicating more than a β-value of 0.5. (C) Population
distribution of the 99 CpG loci with a mean SD > 1, with CpG density category indicated by colors as in B. Each column depicts DNA methylation levels at one
speciﬁc CpG site, with every individual in our study graphically represented by one dot. The most variable CpG site is shown in the leftmost column, with CpG
sites arranged in columns of decreasing variability going from left to right.

able to minimize confounding caused by differences in individuals’
leukocyte subtype composition in future methylation studies.
Demographics Were Associated with Variable DNA Methylation. We
next tested whether demographic, psychosocial, and environmental
factors predicted DNA methylation, because we had ascertained
a comprehensive set of 15 variables belonging to these categories
in our cohort (Table S1). We categorized associated loci into
either the high-conﬁdence group as above (5% or less FDR) or
a medium-conﬁdence group (25% or less FDR), similar to an
approach we used previously (31). The latter is more liberal in
cognizance of our small sample size and, in some cases, the more
distant relationship between variables and PBMC DNA methylation. Details of all correlation analyses, including the number
of CpG loci belonging to each category and the fraction of those
having a methylation change of more than 5%, are presented
(Table S1).
Because our cohort included both males and females, we ﬁrst
tested whether DNA methylation was associated with sex. We
identiﬁed 487 autosomal CpG loci associated with sex, of which
123 belonged to the high-conﬁdence class. However, the majority
of differences were subtle, with only 27 CpGs having more than
5% methylation change between the genders. In addition to the
FDR method, these ﬁndings were further substantiated by a
skewed P-value distribution (Fig. 2A) and a Q-Q plot that deviated
from the randomly expected values (Fig. S4A). Age is another
demographic characteristic that has been associated with DNA
methylation. Despite the narrow age range present in our cohort,
we identiﬁed 2 high-conﬁdence and 13 medium-conﬁdence CpG
sites that were associated with aging, with 6 of them having more
than 5% methylation change (Table S1).
Given that most community cohorts will include participants
from a variety of racial/ethnic backgrounds, we next tested
whether this was associated with variation in DNA methylation.
Due to the small sample size, we divided the cohort into Caucasian (n = 63) and non-Caucasian (n = 29) subjects, with the
latter being primarily of Asian or mixed descent. Even with this
Lam et al.

admittedly rough grouping, we found 299 medium-conﬁdence
CpG sites associated with ethnicity, of which 21 had more than 5%
methylation change (Table S1). Consistent with DNA methylation
being associated with ethnicity, both the P-value distribution
(Fig. 2B) and the Q-Q plot were skewed (Fig. S4B).
Early-Life Poverty and Adult Stress Were Correlated with DNA
Methylation. Our cohort was assembled to test for inﬂuences of

early-life SES lasting into adulthood irrespective of current SES
(33). Thus, half of the cohort grew up in low-SES households and
the remainder in high-SES households, as deﬁned by the commonly
used occupational prestige of the subjects’ parents. Occupational
prestige reﬂects the long-term outcome of a person’s educational
background and provides a rough approximation of his/her
earning potential. It takes into account social context in the sense
that status rankings are based on values that are likely to be
somewhat culturally bound (33). Each group was further stratiﬁed into low-SES and high-SES categories based on the subject’s
current SES. We identiﬁed three medium-conﬁdence CpG sites
associated with early-life SES, although none had more than 5%
change in DNA methylation (Table S1). Perhaps more importantly, we observed the characteristic nonrandom P-value distribution (Fig. 2C) and Q-Q plot skewing (Fig. S4C). This contrasted
with current SES, in which both the P-value distribution (Fig.
2D) and the Q-Q plot (Fig. S4D) resembled what would be
expected by chance. Interestingly, SES analysis also provided
a clear example of the importance of accounting for differential
blood cell counts between individuals. Speciﬁcally, when using
noncorrected DNA methylation data, current SES actually had
a more suggestive P-value distribution pattern, which strongly
decreased after applying our regression algorithm described
above (Fig. S5A). In contrast, this method made no difference
for early-life SES (Fig. S5B).
We next tested whether psychosocial stress was associated with
DNA methylation. Both subjects’ self-reports of total cortisol
levels and perceived stress, based on 18 saliva samples collected
over 3 d of monitoring, had P values (Fig. 2 E and F) and
PNAS | October 16, 2012 | vol. 109 | suppl. 2 | 17255
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ligands (36). After they had been separated through centrifugation, PBMCs were cultured for 6 h with a variety of microbial
products known to act through distinct TLR signaling pathways.
Responses were quantiﬁed by production of the proinﬂammatory
IL-6, which was measured in culture supernatants using highly
sensitive immunoassays. Interestingly, we found strong associations
between DNA methylation and PBMC responsivity to several TLR
ligands (Table S2). In particular, 2,408 medium-conﬁdence CpG
sites were associated with IL-6 responses to oligodeoxynucleotide (ODN; unmethylated DNA), a TLR-9 agonist, with 364 of
them having a methylation change >5%. In addition, DNA
methylation at 52 medium-conﬁdence CpG sites correlated with
IL-6 responses to LPS (a molecule on the surface of Gramnegative bacteria), a TLR-4 agonist, and 8 of them survived ﬁltering for methylation changes >5% (Table S2). For ex vivo IL-6
responses to ODN and LPS, the P-value distributions (Fig. 3 A
and B) and Q-Q plots (Fig. S6 A and B) clearly differed from a
random pattern. Reassuringly, many biologically plausible candidates related to immune and inﬂammatory response were included
in the sets of most strongly associated genes, including chemokine
ligand 11 (ρ = 0.3007, q value = 0.10, methylation change =
−9.0%) for the TLR-9 stimulation and IL-1β (ρ = −0.4191,
q value = 0.12, methylation change = 5.6%) for the TLR-4
stimulation. We also identiﬁed a small number of mediumconﬁdence CpG sites associated with IL-6 responses to peptidoglycan (a bacterial cell wall component that functions as a
TLR-2 agonist) and IL-1β (a proinﬂammatory cytokine used to
activate PBMCs nonspeciﬁcally (Table S2), despite the fact that
their P-value distributions barely deviated from random distributions (Fig. S6 C and D).

0.0
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Spearman p−value

0.4
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0.8

1.0

Spearman p−value

Fig. 2. Demographic and psychosocial factors were associated with DNA
methylation. Graphical representations of P-value distributions. In each case,
the dashed line represents the uniform distribution that was expected by
chance. The skewed distributions with an enrichment of CpG sites having
small P values suggested that sex (A), ethnicity (B), and early-life SES (C) were
correlated with DNA methylation. (D) This contrasted with the lack of correlation suggested by the uniform P-value distribution of current SES. Furthermore, cortisol output (E) and perceived stress (F) were both correlated
with DNA methylation. Testing for correlations was done using either Wilcoxon tests (A–D) or Spearman ρ statistics (E and F).

distribution Q-Q plots (Fig. S4 E and F) that were signiﬁcantly
different from patterns expected by chance, suggesting that these
factors might be correlated with PBMC DNA methylation. This
was further substantiated by the identiﬁcation of ﬁve mediumconﬁdence CpG sites that were correlated to total cortisol levels,
one of which had a change of >5% in DNA methylation levels
(Table S1).
DNA Methylation Predicted ex Vivo Stimulation Response of PBMCs.

A portion of the blood collected for methylation studies was also
used to quantify the functional capacity of PBMCs as determined
by their capacity to engage distinct Toll-like receptor (TLR)
signaling pathways. TLRs are a family of receptors expressed by
cells of the innate immune system and other tissues involved in
host defense. On recognizing common microbial threats, TLRs
activate signaling cascades that orchestrate an early-stage immune response involving inﬂammation. TLRs are considered the
interface between the microbial world and the immune system.
Importantly, we have previously shown that PBMCs from low
early-life SES show greater stimulated production of the proinﬂammatory cytokine IL-6 after ex vivo stimulation with TLR
17256 | www.pnas.org/cgi/doi/10.1073/pnas.1121249109

possible to identify probes that correlate with speciﬁc phenotypic
traits. Next, we applied a different approach to identify common
patterns of methylation variation across the population, identifying
individuals within the population that show correlations in DNA
methylation. Using principal component analysis (PCA) allows us
to identify those individuals who have CpG loci that show the most
covariation across the population. These population variances
can then be correlated and tested for statistical enrichment for any
particular trait. It is possible that the identiﬁed patterns of
methylation variation across the population may possess multiple
statistically signiﬁcant traits. Using a covariance matrix between
individuals, we calculated the eigenvectors of this matrix to determine the principal components. We called these “eigen-probes”
because they revealed the dominant type of probe patterns across
the population, in analogy to the “eigen-genes” identiﬁed in gene
expression microarrays (37).
The top/zeroth eigen-probe associated with the largest eigenvalue merely reﬂected a difference in the population mean probe
intensity from one probe to the next and was not considered in
what follows because it is not informative for variations across
individuals. The remaining eigen-probes revealed variation in
DNA methylation across the population. For example, the ﬁrst,
second, and third eigen-probes accounted for 17%, 11%, and 9%
of the variance, respectively (Fig. 4A). Closer examination showed
that there were a few dominant patterns of variation, suggesting
that there were CpG probes in the data whose methylation either
strongly rose or decreased for these individuals compared with
the rest of the individuals in the population. The ﬁrst eigen-probe
revealed a group of ∼10 individuals who showed correlations in
their methylation, reﬂected as positive peaks (Fig. 4B). The
second and third eigen-probes also showed sets of individuals
whose methylation strongly covaried compared with others
(Fig. 4 C and D).
We correlated the eigen-probes with the variation of traits
(e.g., age, body mass index, IL-6 response to ODN) across the
population (Materials and Methods) and found 9 eigen-probes
of the 92 that correlated strongly with one of the traits after
Bonferroni correction for multiple testing (P values < 0.001). As
Lam et al.
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Fig. 3. DNA methylation was predictive of PBMC ex vivo response. As
judged by the skewed P-value distributions, IL-6 production in PBMCs was
associated with DNA methylation on ex vivo stimulation for 6 h by ODN (A)
and LPS (B). Dashed lines represent the uniform distribution expected by
chance. Testing for correlations was done using Spearman ρ statistics.

previously found on a probe-by-probe basis, traits that showed
correlation with a pattern of methylation across the population
were ODN level, ethnicity, sex, and stress. Only one of the eigenprobes showed correlation with multiple traits (depression and
stress). At this level of stringency, only the second eigen-probe
(Fig. 4C) of the top three eigen-probes correlated with any
particular trait over the whole population (in this case, IL-6 response to ODN; P = 0.001).
The above analysis was based on assessing correlations between patterns of methylation with quantitative traits over the
entire population. Given that the top eigen-probes revealed that
there were distinct groups of individuals who strongly covaried
in their methylation patterns compared with others in the population, we tested these subgroups for enrichment in a given
trait. For the ﬁrst eigen-probe (Fig. 4B), we identiﬁed a group of
10 subjects that was enriched for low early-life SES (8 of 10
individuals, Bonferroni-corrected P = 0.006.). The groups formed
from the second eigen-probe (Fig. 4C) using the above criterion
showed no strong enrichment for any trait. The other top eigenprobes showed groups enriched for ethnicity and exercise. Thus,
analysis of the top eigen-probes showed that it was possible to
group individuals based on common variation in methylation and
that these groups possessed enriched traits that may not have
been revealed when considering how the trait correlates with the
pattern of methylation over the whole population.
Variable DNA Methylation Across Individuals Was Not Closely Linked
to Gene Expression. For 55 of our subjects, we had previously

published gene expression studies with mRNA levels in the very
same PBMC fraction used to extract genomic DNA for methylation studies (33, 38). This allowed for a direct assessment of
the linkage between DNA methylation and gene expression. As
expected, the overall correlation between DNA methylation and
expression of the associated gene within an individual was negative, with a mean Spearman correlation of ρ = −0.29 (Fig. 5A).
This means that highly methylated genes were expressed at low
levels, and vice versa. We note that although this was generally
true, a substantial proportion of genes behaved differently from
this pattern. For example, some lowly methylated promoters were
associated with low expression levels and some highly methylated
promoters were associated with high expression levels (Fig. S7).
However, rather than focusing on individual correlations, it is
much more relevant for epidemiological studies to compare the
methylation state of a given gene’s promoter and its expression
level across individuals. If DNA methylation and gene expression
were tightly linked, we would expect that changes in DNA methylation between individuals would correspond to changes in expression levels between individuals. Using this approach, our
analysis showed that both Q-Q plots (Fig. 5B) and P-value distribution (Fig. S8) were indeed consistent with a nonrandom
correlation between DNA methylation and gene expression.
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However, using FDR correction, we found that only 97 of the
16,419 CpG sites tested (0.6%) had high-conﬁdence correlations
(FDR < 5%) to expression of their associated genes, with an
additional 213 CpG sites (1.3%) being correlated when mediumconﬁdence FDR correction was used (Table S3). This relationship was largely driven by the genomic context of a given CpG,
because LC region loci were overrepresented with an odds ratio
of 3.139 (P = 3.544E-8) and HC region loci were underrepresented
with an odds ratio of 0.2713 (P = 8.564E-9). Although the
majority of our high- and medium-conﬁdence CpGs had the
expected negative correlation to gene expression, there clearly
were CpGs with a positive correlation (Fig. 5B). Speciﬁcally,
among 97 of the high-conﬁdence CpG sites, 88 (90.7%) had a
negative correlation, whereas 9 (9.3%) had a positive correlation. However, we noticed that the magnitude of change in DNA
methylation even for high-conﬁdence CpG loci was often below
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Fig. 4. PCA revealed covariant DNA methylation patterns in a population.
(A) Percentage of variation in DNA methylation accounted for by the top 20
eigen-probes. (B–D) DNA methylation signatures for the top 3 eigen-probes
over the population of individuals. Using a methylation variation (M-value)
cutoff of ±0.1 allowed us to create groups of correlated individuals for each
eigen-probe that we could then test for enrichment for particular traits
(main text).
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5% (Table S3). The most striking example of a robust association
was the negative correlation between DDX43 gene expression
and two CpGs in its promoter (Fig. 5C). DDX43 encodes an
ATP-dependent RNA helicase in the DEAD-box family that is
overexpressed in various solid cancers and hematological malignancies and, coincidentally, was also one of the genes identiﬁed as having sex-speciﬁc DNA methylation. Next, we examined
whether highly variable DNA methylation was associated with
concurrent expression changes. Surprisingly, many CpG loci that
had substantial variation were not correlated with gene expression, suggesting that variable DNA methylation was not obligatorily transmitted to the functional level of mRNA production
(Fig. 5D).

B

Discussion
This study broadly assessed variation of DNA methylation in one
of the few accessible tissues in a human community cohort,
thereby providing a reference framework for factors that are
associated with epigenetic variation. Having established the
presence of epigenetic variation in the cohort, we showed that
the leukocyte composition of peripheral blood covaried with
patterns of DNA methylation at many sites. Demographic factors,
such as sex, age, and ethnicity, were also associated with variable
DNA methylation, as were stress and cortisol output. Consistent
with epigenetic marks constituting a mechanism for biological
embedding of early-life experiences, we found an association
between DNA methylation and low early-life SES. Interestingly,
we found cases in which DNA methylation was strongly related
to the ex vivo inﬂammatory response of PBMCs to stimulation
with microbial products that engage TLRs. The general validity
of these correlations was further supported by the identiﬁcation
of similar DNA methylation patterns between individuals using
PCA, which suggested the coordinated effects of several individual factors giving rise to commonalities in epigenetic marks.
Lastly, although DNA methylation within an individual had the
expected negative correlation with gene expression, we found
limited effects of DNA methylation marks on the expression of
their associated genes across individuals. This suggested that in
human populations, the relationship between DNA methylation
and gene expression was more complex than might have been
expected from research in model systems.
The number of sites with variable DNA methylation was relatively small, yet the extent of variation at a given CpG locus
could be substantial. When examining correlates of this variation, we found leukocyte composition to be the strongest quantitative and qualitative correlate of variable DNA methylation.
Speciﬁcally, a large number of CpG sites were associated with
the relative amount of either lymphocytes or monocytes present
in the leukocyte fraction. Reassuringly, the vast majority of these
sites were distinctly methylated in CD3+ T cells or CD14+ monocytes that had been isolated from the larger PBMC population
through immunomagnetic separation. Thus, our data suggest that
careful measurements of leukocyte composition differences between individuals must be made, because these might affect
associations between environmental variables and DNA methylation. Perhaps not surprisingly, this is reminiscent of similar
ﬁndings in gene expression studies, and as such, it has profound
implications for the interpretation of DNA methylation studies
using DNA derived from whole blood (19, 20). This problem can
be mitigated by applying a statistical model that incorporates
differential cell counts and by using these “corrected” methylation values for subsequent analyses, as we have done here.

C

D

Fig. 5. DNA methylation and gene expression were not tightly linked across
individuals. (A) Histogram of correlations between DNA methylation and
expression of the associated genes within each individual across all 16,419
CpG sites demonstrated the canonical negative correlation between DNA
methylation and expression. Average correlation is shown in red. (B) Q-Q
plot shows the association of DNA methylation and mRNA expression of
associated genes across individuals. Although the majority of signiﬁcant
correlations were negative, a substantial fraction was unexpectedly positive.
(C) Representative example of two CpG loci in the promoter of the DDX43
gene that had a strong negative correlation with expression across individuals. These sites were also differentially methylated between males and
females. Lines of least square and Spearman correlation between DNA
methylation at each site and mRNA expression of DDX43 gene are shown on
the graph. (D) Only a minority of variable CpG sites had a signiﬁcant
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correlation with mRNA expression across individuals. The extent of variation
in DNA methylation is shown as SD on the y axis, whereas the correlation
between DNA methylation and expression of the associated gene is shown
on the x axis. Each circle indicates one CpG site. Testing for correlations was
done using Spearman ρ statistics, and the red circles in B and D indicate CpG
sites that survive FDR correction at a q value <5%, whereas the black circles
indicate CpG sites with q values between 5% and 25%.
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Although not always “doable” in practice, an even better approach would be to perform the epigenetic proﬁling after
immunomagnetic puriﬁcation of the speciﬁc blood cell subtypes
of interest for a particular biological question.
We were surprised by the relative scarcity of statistically signiﬁcant associations between PBMC DNA methylation at any
single CpG site and the 12 environmental and psychosocial
factors assessed here. However, the skewed distribution patterns
of P values and the deviations from random in the Q-Q plots
supported a general trend toward correlation between DNA
methylation and certain variables, such as early-life SES, perceived stress, and cortisol output. Although this likely indicated
small effects, their widespread prevalence is a unique ﬁnding and
was not inconsistent with the lack of any single CpG sites surviving an FDR of 5%, given the stringent multiple-testing correction necessary in any analysis involving thousands of statistical
tests. It is tempting to speculate that larger cohorts will help to
substantiate the statistical signiﬁcance of these general correlations. Regardless, our ﬁndings might provide the opportunity to
serve as a starting point for performing power calculations relevant for epigenetic epidemiology (5, 8).
In part, the lack of strong statistical associations might also be
linked to the characteristics of our cohort. Speciﬁcally, for some
variables of interest, such as smoking and alcohol consumption,
we did not have the range necessary for proper statistical assessments. In addition, with the exception of early-life SES, our cohort
did not include individuals at the edges of the phenotypic spectrum. For example, given that our participants did not have
chronically high stress levels, inclusion of such individuals might
result in stronger correlations than the one already indicated by
the nonrandom P value distribution. We note that similar arraybased approaches have uncovered associations of DNA methylation with disparate variables and exposures not interrogated here,
including hair dye use, smoking, sun exposure, exercise in sedentary people, posttraumatic stress disorder, parental stress, and
institutionalized children (31, 39–45). In each case, the number of
signiﬁcant CpG loci is rather small and comparable to our ﬁndings, as is the limited magnitude of change in DNA methylation,
which rarely exceeds 10%. A similarly limited extent of epigenetic
alterations is found in nonmalignant complex diseases, such as
diabetes mellitus and systemic lupus erythematosus, even when
the affected tissue was interrogated (46–48). Although this might
be reﬂective, in part, of the limited number of CpGs present on
the array, it is certainly consistent with our ﬁndings.
One of the most remarkable and surprising ﬁndings reported
here was the association of DNA methylation with PBMC inﬂammatory responses to TLR ex vivo stimulation. Speciﬁcally, the
number of correlated CpG sites and the magnitude of methylation
change were only slightly lower than the numbers we found for
leukocyte cell composition, although the latter was generally
more statistically signiﬁcant. The underlying biology for the expansive correlation of DNA methylation with IL-6 production in
response to ex vivo stimulation with ODN and LPS remains to be
determined, as do the reasons for this effect apparently being
limited to certain stimuli.
Reassuringly, the general trend emerging from PCA largely
corroborated the ﬁndings from individual analyses. PCA revealed
the common patterns of covariation in methylation across the
population, and a small number of eigen-probes showed correlation with a single quantitative trait. The predictive traits were
consistent with those found on the probe-by-probe analysis. By
examining the eigen-probes, it was possible to identify groups of
individuals who shared covarying methylation patterns on these
subsets of probes. We have found that these individuals were
indeed enriched for particular traits or combinations thereof, as
nicely exempliﬁed by the enrichments of subjects with low earlylife SES. The groupings of individuals that the ﬁrst eigen-probes
revealed also showed that correlating methylation patterns over
the whole population with a particular trait can potentially miss
enrichments that exist within subgroups. This and other potential
interactions will provide the basis for further exploration of the
Lam et al.

speciﬁc DNA methylation sites underlying these groupings, and
their relation to each other.
One issue of particular interest relates to the role of epigenetics
in the embedding of early-life experiences. Although our data
from both the correlation analysis and the PCA clearly support
an association of early-life SES with adult DNA methylation, the
small number of statistically signiﬁcant correlated CpG loci
appears to be at odds with existing data from a comparable but
smaller 1958 British cohort study reporting DNA methylation
changes in 1,252 promoters correlating to early-life SES (26).
However, this result is based on an analysis treating neighboring
microarray probes as independent data points to identify signiﬁcantly differentially methylated regions. Because the probes
have an average spacing of ∼100 bp, which is smaller than the
size of DNA fragments hybridized to the array, neighboring probes
are not truly independent, and treating them as independent
would be expected to inﬂate the signiﬁcance of any small differences between groups. In addition, details of FDR calculations and data normalization not adequately described in the
paper could further add to these inﬂated statistics. Lastly, it is
possible that the differences are rooted, in part, in the use of
unfractionated leukocytes in the 1958 cohort study. Regardless,
in principle, the relationship between early-life but not current
SES and DNA methylation reported here and in the 1958 cohort
paper mirrors the association of gene expression proﬁles with
SES that we published earlier using the same cohort (33).
Our experimental approach of measuring DNA methylation
and mRNA expression from the exact same primary PBMC
samples derived from our cohort resulted in several intriguing
ﬁndings. Although we did conﬁrm the well-established general
relationship between DNA methylation levels and gene expression across genes within an individual, we found that across
individuals, only a small percentage of all DNA methylation loci
had a signiﬁcant relation to expression of their associated gene.
As expected, the majority of the latter correlations were negative, although there were a substantial number of genes for which
there was a positive correlation between DNA methylation and
gene expression. In the context of epigenetic epidemiology, it
was perhaps most striking that CpG loci with variable DNA
methylation did not have an obvious association with gene expression. This suggested that variation in DNA methylation does
not necessarily relate to variation in gene expression in primary
PBMCs, and hence that the relationship between gene expression
and promoter CpG methylation is more complex than previously
appreciated. The reason for this is unclear, but it might be related to multiple additional layers of epigenetic modiﬁcations
cooperating with DNA methylation to regulate gene expression.
It is also possible that variable DNA methylation serves to poise
its associated gene for expression in response to future events,
such as a challenge to the immune system. Our ﬁndings with
respect to the ex vivo stimulation hinted at this possibility, although we did not explicitly test mRNA expression after engaging
TLRs. Regardless, our data were consistent with published work
that either failed to establish strong connections between differential DNA methylation and gene expression or found small
but signiﬁcant sets of genes with positive correlations between
promoter methylation and gene expression (16, 22, 46, 49).
Given these complexities, it is obvious that the simple formula of
decreased methylation equaling elevated expression might not
always be suitable for human cohort studies, even though this
picture has often been conveyed in the nascent ﬁeld of social
epigenetics.
The data presented here provide important insight into factors
that need to be considered when evaluating epigenetic variation
in human populations. For example, the identiﬁcation of autosomal loci associated with demographic factors, such as sex,
ethnicity, and age, suggests that these relationships need to be
taken into account when testing for effects of the environment
on the epigenome. In addition, it is important to consider that
variation of DNA methylation can be linked to allelic variation at
nearby SNPs, although this was not assessed in our study (16, 17,
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50, 51). Indeed, when appropriately incorporating the concepts
introduced here and addressing published concerns integral to
human epigenetic epidemiology, there is no doubt that the early
promise of social epigenetics will mature to yield important
contributions to our understanding of the causes and effects of
phenotypic variation in a developmental context (5, 8, 21, 25).

rank sum test or Spearman correlation. Multiple testing corrections were
done using the FDR method to determine a q value (52).

Detailed information on materials and methods used in this study is provided
in SI Materials and Methods. Brieﬂy, the Illumina HumanMethylation27
array platform was used to measure DNA methylation at 27,578 CpG sites in
PBMC genomic DNA obtained from a published community cohort constituting 92 individuals of mixed sex and ethnicity (33). DNA methylation
was correlated to a variety of biological, demographic, and psychosocial
variables carefully ascertained in each individual using either the Wilcoxon
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