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Chapter 6 
 
 

The heritability of DNA methylation in peripheral blood: 
influences of common SNPs and variability of genetic and 

environmental variance with age and sex 
 

 
 
 
Abstract 
Heritable and environmentally mediated epigenetic variation between 
individuals may be an important contributor to individual differences in disease 
susceptibility. We estimated the genetic and environmental variance of DNA 
methylation level at genome-wide sites in whole blood taking advantage of the 
resemblance of monozygotic (MZ) twin pairs (N=769) and dizygotic (DZ) twin 
pairs (N=424) with the classical twin method, and by using estimates of 
identity-by-descent (IBD) among closely related and distantly related individuals 
(N=2603, mean age=37.2 years (SD=13.3), 62% females) derived from 
genome-wide SNPs. The average heritability across genome-wide methylation 
sites was 19%, of which on average 37% was explained by genome-wide 
SNPs (MAF > 0.01). Polygenic genotype X sex and genotype X age interaction 
analysis identified 2654 methylation sites with evidence for sex-specific 
heritability and 39194 sites with age-specific heritability, and revealed that the 
between-individual variance due to environmental or stochastic influences 
increased with age at a large proportion of these sites. The question remains 
whether these sites affect age and sex-dependent disease susceptibility.  
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Introduction 
Epigenetic variation between individuals may represent an important 
contributor to individual differences in disease susceptibility1. Of the many 
epigenetic marks and mechanisms that exist2, DNA methylation is thought to 
contribute to stable long-term gene expression regulation and tissue-
differentiation3, 4, and is currently the only that can be assessed at a genome-
wide scale in large human epidemiological studies. Epigenome-Wide 
Association Studies (EWAS) in which a trait, disease or exposure is tested for 
association with DNA methylation show promising results5-10. DNA methylation 
variation between individuals may result from environmental and stochastic 
variation or from genetic influences (due to variation in the DNA sequence). 
Increasing evidence suggests that DNA-sequence-mediated epigenetic 
variation between individuals contributes to human disease susceptibility8, 11-13. 
Notably, methylation differences have been observed between the sexes14-16 
and across age17-20, suggesting that epigenetic regulation may also be involved 
in the widely observed age and sex differences in the aetiology of complex 
diseases21, 22. Studies of prenatal dietary exposures illustrate that the impact of 
environmental influences on DNA methylation may depend on the sex of the 
individual23, 24, while sex-specific SNP effects on DNA methylation have also 
been described25. 
 It is well-known that genetically identical model organisms such as 
cloned animals26, isogenic plants27 and inbred mice28 exhibit epigenetic and 
phenotypic differences. Human identical twins provide insight into the extent to 
which epigenetic regulation in humans may vary due to environmental and 
stochastic influences. The overall contribution of genetic and environmental 
differences to variation in DNA methylation between individuals in a population 
can be estimated by contrasting the correlation between DNA methylation 
levels of monozygotic (MZ) and dizygotic (DZ) twins, who share 100% and 50% 
of segregating genetic variants that contribute to methylation differences, 
respectively (the classical twin design). The average twin-based heritability of 
DNA methylation across genome-wide CpGs varies between 5% and 19% for 
different tissues17, 29-31. MZ twins already show differences in DNA methylation 
at birth31, 32 and some studies have indicated that certain epigenetic marks 
including DNA methylation at specific loci may diverge in twin pairs with 
ageing33, 34, although evidence for such effects is not always seen35. Changes 
in the heritability of DNA methylation with age or between the sexes can be 
assessed by polygenic genotype X age (or sex) interaction analysis36. 
 Here, we report on the largest twin study to date of genome-wide DNA 
methylation (Illumina 450k array) in whole blood. The study design allows the 
estimation of the heritability of DNA methylation based on the classical twin 
method and based on measured genetic relationships between individuals 
(identity-by-descent, IBD), and to estimate the variance of DNA methylation 
explained by common SNPs. To obtain insight into potential differences in 
epigenetic regulation between the sexes and across age, we investigated 
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polygenic genotype X sex and genotype X age interaction effects on DNA 
methylation at genome-wide sites. To examine the stability of DNA methylation 
in blood and the correlation of DNA methylation across two accessible tissues 
that are suited for human epidemiological studies (blood and buccal), 
longitudinal and cross-tissue analyses were performed using data from a small 
subset of subjects.  
 
Materials and Methods 
Subjects and samples 
The subjects in this study participated in the Netherlands Twin Register 
(NTR)37, 38 . In the biobank project, venous blood samples were drawn in the 
morning after an overnight fast, and separate EDTA tubes were collected for 
isolation of DNA and assessment of haematological profiles. Blood sampling 
and buccal sample collection procedures were described in detail previously39.  

Most subjects were twins, but the sample also included parents of 
twins, siblings of twins or spouses of twins, as described in detail in Appendix 
4. In total, 3264 blood samples from 3221 NTR participants were assessed for 
genome-wide methylation, of which 3089 samples from 3057 subjects passed 
quality control. Only samples with good quality DNA methylation data and for 
which data on white blood cell counts were available were kept in the analyses, 
leaving 3006 samples from 2975 subjects. This dataset included 769 MZ and 
424 DZ pairs, and for 31 subjects longitudinal methylation data were available 
(two time points). All analyses that included genome-wide SNP data were 
performed on data from a subset of subjects who were genotyped and who 
were of Dutch origin (N=2603). 

For a small subset of 11 MZ pairs (male pairs=3, female pairs=8, age: 
18 years), genome-wide methylation data were available for two types of 
samples: blood (as described above) and buccal. The buccal samples from 10 
twins were assessed in 2013, as described by van Dongen et al40. The 12 
additional buccal samples were assessed using the same protocol in 2014. 
Buccal and blood samples were collected shortly after each other.  

All subjects provided written informed consent and study protocols 
were approved by the Central Ethics Committee on Research Involving Human 
Subjects of the VU University Medical Centre, Amsterdam, an Institutional 
Review Board certified by the US Office of Human Research Protections (IRB 
number IRB-2991 under Federal-wide Assurance-3703; IRB/institute codes, 
NTR 03-180). 

 
Cell counts  
The following subtypes of white blood cells were counted in blood samples: 
neutrophils, lymphocytes, monocytes, eosinophils, and basophils (see 
Willemsen et al39). Lymphocyte and neutrophil percentages were strongly 
negatively correlated (r=-0.93). Of these two white blood cell subtypes, the 
percentage of neutrophils showed the strongest correlation with DNA 
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methylation levels (as evidenced by the correlation with Principal Components 
(PCs) from the raw genome-wide methylation data). Basophil percentage 
showed little variation between subjects, with a large number of subjects having 
0% of basophils. Therefore, the percentages of neutrophils, monocytes and 
eosinophils were used to adjust DNA methylation data for inter-individual 
variation in white blood cell proportions. 
 
Genome-wide SNP data 
Genome-wide SNPs were used to construct a Genetic Relationship Matrix 
(GRM), which summarizes overall genetic relatedness between all subjects 
(N=2603), based on all genotyped autosomal SNPs (MAF > 0.01) with the 
software program Genome-wide Complex Trait Analysis (GCTA)41. Details on 
genome-wide SNP data are provided in the Supplementary Methods.  
 
Infinium HumanMethylation450 BeadChip data  
DNA methylation was assessed with the Infinium HumanMethylation450 
BeadChip Kit (Illumina, Inc.)42. 500ng of genomic DNA from whole blood was 
bisulfite treated using the Zymo Research 96-well plate using the standard 
protocol for Illumina 450K micro-arrays, by the department of Molecular 
Epidemiology from the Leiden University Medical Center (LUMC), The 
Netherlands. Subsequent steps (i.e sample hybridization, staining, scanning) 
were performed by the Erasmus Medical Center micro-array facility, Rotterdam, 
The Netherlands. Quality control and processing of the blood methylation 
dataset is described in detail in the supplementary methods. In short, a number 
of sample-level and probe level quality checks were performed. Probes were 
set to missing in a sample if they had an intensity value of exactly zero, 
detection P-value > 0.01, or bead count < 3. Probes were excluded from all 
samples if they mapped to multiple locations in the genome43, had a SNP within 
the CpG site (at the C or G position) irrespective of minor allele frequency in 
the Dutch population44, or if they had a success rate < 0.95 across samples. 
Only autosomal sites were kept in the analyses. Blood methylation data were 
normalized with Functional Normalization45, and normalized intensity values 
were converted into beta-values (β) and M-values46; β -values were used for 
descriptive purposes only because of their biological interpretability, while M-
values were used as input for all analyses. The DNA methylation protocol and 
data processing of the buccal samples have been described previously 40.  
 
Heritable and environmental influences on DNA methylation levels in blood 
To facilitate computations, missing methylation data (0.04%-2.14% of genome-
wide probes per individual, mean=0.1%) were imputed with the R package 
impute. Prior to analysis, the normalized methylation M-values were corrected 
for sex, age, array row, 96-wells plate (dummy coded), white blood cell 
percentages (neutrophils, monocytes and eosinophils; assessed at sample 
collection), and the first ten PCs derived from the genotype data, with the lm 
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function in R. All analyses that included genome-wide SNP data were 
performed on the residuals derived after correcting for these covariates. All 
other analyses (i.e. twin correlations, longitudinal analyses and blood-buccal 
comparison) were performed on the residuals derived after correcting for the 
before mentioned covariates minus the genotype PCs.  

The proportion of variance in DNA methylation attributable to total 
additive genetic effects (h2), the proportion attributable to the additive effects of 
all measured SNPs (h2

SNPs), and interactions of total additive genetic effects 
and environmental effects with age and sex were assessed by the classical 
twin model, and by modeling the DNA methylation data as a function of 
measured genetic relatedness between subjects. At each CpG site ( , the 
classical twin heritability was computed as: 

 
h2 = 2 * (rMZ - rDZ),  
 
Where rMZ and rDZ are the correlations of DNA methylation level at one CpG 
site between the MZ, and between the DZ twins, respectively. 
 
In all other analyses, h2 was estimated by fitting a linear mixed model in which 
the covariance of DNA methylation between individuals was modeled as a 
function of measured genetic relationships based on SNP data. These methods 
are described in detail by Nivard et al (Nivard M.G., Middeldorp C.M., Lubke G., 
Hottenga J.J., Abdellaoui A., Boomsma D.I., Dolan C.V. Continuous gene –
environment interaction in attention problems, anxious depression, body mass 
index and height leveraging twin, pedigree and genotype data. manuscript in 
preparation). In short, the approach outlined by Zaitlen et al47 was applied, 
which allows for (simultaneous) estimation of h2 and h2

SNPs in study samples 
that include both closely and distantly related individuals. The method makes 
use of two GRMs: a GRM describing the relationships between all individuals 

(GRM * ) and a second GRM in which all genetic relationships < 0.05 IBS 

(distant genetic relationships) are set to zero ( ∗
. ), making the 

estimates of genetic relatedness equivalent to the proportion in the genome 
shared identity-by-descent (IBD), as explained by Zaitlen et al47. For each CpG, 
we jointly estimated the total additive genetic variance ( ) and the variance 
explained by genome-wide SNPs  (σ ) as follows: 
 

∗ ⊗	 ∗
. ⊗ 	 	 	 		 ∗ 	⊗	 , 

 
Where  var CpGi  is the variance of DNA methylation at CpG i, adjusted for 
covariates,  σ  is the variance explained by all SNPs, the term 
	   denotes the difference between the total genetic variance and the 
variance explained by SNPs, and  reflects the variance attributable to 
residual effects (“unique environment”, which may include environmental 
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influences unique to each individual, stochastic influences and measurement 
error). The total heritability (h2

IBD) was calculated as: h2
IBD= / + ). The 

proportion of variance explained by genome-wide SNPs was calculated as: 
h2

SNPs= / + ) and the proportion of the heritability explained by SNPs 
was calculated as: h2

SNPs/ h
2
IBD. 

 
Polygenic genotype X sex interaction effects on DNA methylation were 
investigated with the following model: 

∗
. ⊗	 	 ∗

	
		 ∗ 	⊗	 	 ∗

, 

 
Where = regression coefficient for the interaction of genetic variance 
with sex (coded as 0/1), and  = regression coefficient for the interaction of 
residual variance with sex (coded as 0/1). This parameterization of the 
interaction effect is equivalent to how polygenic genotype-by-environment 
interaction is commonly assessed within the classical twin model, as proposed 
by Purcell36. 
Polygenic genotype X age interaction effects on DNA methylation were 
investigated with the following model: 
 

	var CpGi GRM *
. ⊗	 σ 	β ‐ *Age

	
		 I * 	⊗	 σ

	β ‐ *Age , 

 
Where = regression coefficient for the interaction of genetic variance 

with age (z-transformed), and = regression coefficient for the interaction 

of residual variance with age (z-transformed). 
Prior to the analyses based on genome-wide SNP data, methylation data were 
standardized (z-transformation) to facilitate computations. A small proportion of 
CpGs for which a model did not run successfully were discarded (see results). 
The p-values of each of the four interaction effects (genetic and environmental 
variance by age and sex) were derived with a chi-square test (1 degrees of 
freedom), where X2= (beta/se)2. Statistical significance of interaction p-values 
was assessed after Bonferroni correction for the number of CpGs for which 
estimates were successfully obtained. The correspondence between twin-
based heritability and heritability estimated on the basis of actual IBD was 
evaluated by computing the correlation between the value of h2 for all CpGs 
based on the classical twin approach and the corresponding value of h2

IBD. 
 
Longitudinal correlation and correlation between blood and buccal methylation 
Data from individuals for whom two longitudinal blood samples were collected 
were used to calculate the correlation between DNA methylation level at time 
point 1 and DNA methylation level at time point 2 for each CpG site. After 
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obtaining an estimate of heritability and a longitudinal correlation for each CpG, 
the correlation between genome-wide estimates of (twin-based) heritability and 
genome-wide estimates of the longitudinal correlation was estimated to 
examine the relationship between longitudinal stability and the heritability of 
DNA methylation level. Data from individuals with 450k methylation data from 
blood samples and buccal samples were used to calculate the correlation 
between DNA methylation level in blood and buccal for each CpG. Prior to this 
analysis, the buccal methylation data (M-values) were corrected for sex, array 
row and assessment batch (2 levels). Blood-buccal correlations for all CpGs 
were correlated with the twin-based estimate of h2 to examine the relationship 
between the heritability in blood and the extent to which between-individual  
variation in DNA methylation level is shared across tissues. 
 
Table 1: Characteristics of the subjects. 

Sub-group/Analysis NA 
Mean age (SD), 

range 
Sex 

Interval 
(years)C 

MZ twin pairs 769 36.1 (12.4), 18-78 F: 541, M:228 

DZ twin pairs 424 33.9 (10.5), 17-79
FF: 180, 
MM: 93, 
FM:151 

 

Subjects with genome-
wide SNP data 

2603 37.2 (13.3),17-79 F: 1613, M:889 

Subjects with longitudinal 
methylation data 

31 34.4 (6.1),26-50B F: 24, M:7 5.2 (1.1), 2-7 

Subjects with blood and 
buccal methylation data 

22 18D F:16, M:6  

F= Female, M=Male. ANumber of subjects or twin pairs. BAge at first blood 
sample collection. CTime between first and second blood sample. DAll subjects 
were 18 years when blood and buccal samples were collected. 
 
Results 
Characteristics of the study sample 
Genome-wide methylation data were available for 769 MZ twin pairs and 424 
DZ twin pairs. The age and sex of subjects is described in Table 1. The 
analyses with genome-wide SNPs were performed on data from 2603 
individuals, including twins (N=2373), parents of twins (N=212), siblings of 
twins (N=16) and spouses of twins (N=3). Longitudinal data on DNA 
methylation in peripheral blood samples collected with an interval of on average 
5 years were available for 31 individuals and data from blood and buccal 
samples were available for 22 individuals. Methylation levels at 411169 
autosomal CpGs were analyzed. Prior to analyses, DNA methylation levels 
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were adjusted for age at sample collection, sex, white blood cell percentages, 
principal components (PCs) from the genotype data, and technical aspects as 
described in the methods. Together, this set of predictors explained on average 
17% of the variance in DNA methylation for genome-wide sites (Supplementary 
Figure 1). 
 
Table 2 Twin correlations, classical twin heritability, heritability based on IBD, 
and variance explained by SNPs for DNA methylation level at genome-wide 
CpGs. 

Classical twin approach Heritability based on GRM  

Parameter Min Median Mean Max Parameter Min Median Mean Max 

rMZ -0.14 0.12 0.20 0.99 htotal
2 0.00 0.12 0.19 0.99 

rDZ -0.25 0.06 0.09 0.89 hSNPs
2 0.00 0.01 0.07 0.98 

h2 -1.56 0.16 0.22 1.65
hSNPs

2/ 
htotal

2 
0.00 0.22 0.37 1.00 

rMZ= Correlation between DNA methylation levels of monozygotic (MZ) twins. 
rDZ= Correlation between DNA methylation levels of dizygotic (DZ) twins.  h2= 
Heritability of DNA methylation level based on the classical twin method. htotal

2= 
Total IBD-based heritability of DNA methylation level. hSNPs

2= Proportion of 
variance of DNA methylation explained by genome-wide SNPs (MAF > 0.01). 
GRM= Genetic Relationship Matrix. 
 
Heritable and environmental influences on DNA methylation 
On average across genome-wide CpGs, the pattern of twin correlations (Table 
2) suggests that additive genetic influences account for the resemblance of 
twins for DNA methylation level; the average correlation in MZ twins (r=0.20) 
was approximately twice as large as the average correlation in DZ twins 
(r=0.09). We estimated h2, the proportion of variance in DNA methylation that 
can be explained by total additive genetic effects, at each CpG as twice the 
difference between the MZ and DZ twin correlation. The average heritability 
estimated by this approach was 0.22. These results are similar to the twin 
correlations and h2 based on 450k methylation from peripheral blood published 
previously17, 29. Most CpGs showed little inter-individual variation in DNA 
methylation (Supplementary Figure 2). The twin correlations and h2 were on 
average larger at CpGs with a larger variance (Supplementary Table 1). For 
example, at the most variable CpGs (defined here as CpGs with a SD of the 
beta-value >= 0.05, N=28078 CpGs), the average twin-based h2 was 0.64.  

Another approach to estimate the heritability of a trait is to model the 
trait covariance between subjects as a function of the actual proportion of  the 
genome that they share identity-by-descent (IBD)48, which can be estimated for 
example based on genome-wide SNPs. Genome-wide SNP data also allow for 
estimating the proportion of variation of a trait that can be explained by all 
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genotyped common SNPS (h2
SNPs )

49. We estimated h2 and h2
SNPs 

simultaneously by fitting linear mixed models with two Genetic Relationship 
matrices (GRMs) to the methylation data of all subjects; one GRM describing 
genome-wide IBD relationships between closely related (including MZ and DZ 
twins and their family members) and distantly related individuals (among which 
IBD is 0), and one GRM describing the genetic relationships between all 
individuals, respectively47. Estimates were successfully obtained for 405010 
CpGsites (98.5%). The genome-wide average IBD-based heritability of DNA 
methylation (h2=0.19) was similar to the classical twin estimate of h2, and the 
estimates from the two methods were strongly correlated (r=0.83). 

 
Common SNPs explain a large portion of the heritability of DNA methylation 
The average h2

SNPs across all CpGs was 0.07 (Figure 1A), and the proportion of 
total heritability explained by SNPs (h2

SNPs/ h
2) was on average 0.37 (Table 2). 

At a relatively large proportion of CpGs, the proportion of total heritability that 
was explained by SNPs was (almost) 0% or (almost) 100% (CpGs  with h2

SNPs/ 
h2 < 0.01: 158367 (39%), CpGs with h2

SNPs/ h
2> 0.99=73820 (18%), Figure 1B). 

These findings indicate that for many CpGs, a relatively large proportion of total 
estimated heritable variation in DNA methylation can be explained by common 
SNP effects but there is also a substantial number of CpG sites in the genome 
where DNA methylation is heritable but cannot be explained by common SNPs. 
In total, there were 199340 CpG sites (49%) where common SNPs explained at 
least 1% of the variance of DNA methylation level, and 356741 CpGs (88%) 
with a total (IBD-based) heritability of at least 1%. 
 
Variation of genetic and environmental influences on DNA methylation by 
gender and with age  
To assess sex differences in the total heritability of DNA methylation, the IBD-
based model was extended to allow for interaction between the total genetic 
variance and sex and interaction between unique environmental variance and 
sex. Sex interaction models ran successfully for 388950 CpGs (95%). At the 
genome-wide level, the average heritability was nearly identical in males (mean 
h2=0.199, median=0.13) and females (mean h2=0.198, median=0.13). 
Significant interaction between sex and the genetic or environmental variance 
was evident at 2654 CpGs. Of CpGs with significant sex interaction effects, 
1562 had a lower heritability in females (59%, Supplemental Figure 3). 
Compared to all genome-wide sites, CpGs with significant sex interaction had a 
higher overall heritability on average (mean=0.37, median=0.29) and a larger 
variance explained by SNPs (mean=0.15, median=0.01), and were overall 
more variable between subjects (mean SD=0.04 for sites with significant sex 
interaction, versus mean SD=0.025 for all CpGs). In a similar way, we ran 
models that included age as a continuous interaction term and found significant 
interaction of the genetic or environmental variance of DNA methylation with  
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Figure 1: Heritability of DNA methylation, variance explained by SNPs and 
longitudinal stability. A): Histogram of total (IBD-based) heritability (h2total) of 
DNA methylation (green) and variance explained by genome-wide SNPs (h2 
SNPs, purple) for genome-wide CpGs. The y-axis is truncated. B) Smooth 
scatterplot of the total (IBD-based) heritability (h2 total, x-axis) of DNA 
methylation versus the variance explained by genome-wide SNPs (h2 SNPs) 
for genome-wide CpGs. The density of data points is denoted by the color 
intensity (darker blue=higher density of data points). C) Histogram of IBD-
based heritability at age 25 (green) and at age 50 (purple) for 39194 CpGs with 
significant interaction between age and genetic variance or between age and 
unique environmental variance. Dark blue denotes the overlap of green and 
purple bars. D) Smooth scatterplot of (twin-based) total heritability (h2 total, x-
axis) versus longitudinal correlation (y-axis) for genome-wide CpGs. 
 
 A  
 

  B  

 
 C  
 

  D  
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age at 39194 CpGs. Age interaction models ran successfully for 375783 CpGs 
(91%). CpGs with significant age interaction were more variable on average 
between subjects (mean SD age moderated CpGs= 0.036), had a higher total 
heritability on average (mean=0.37, median=0.36, based on IBD; mean=0.47, 
median=0.51, based on twins), and a larger proportion of variance explained by 
SNPs (mean=0.11, median=0.05). To illustrate the direction of effect, 
heritability of DNA methylation at age 25 and 50 is plotted for sites with 
significant age interaction effects in Figure 1C. For 90% of sites with significant 
age interaction, the heritability was lower at age 50 than at age 25. There were 
2147 CpGs where the heritability was < 0.01 at age 50, suggesting that genetic 
variation contributes very little to the variation in methylation at these sites at a 
higher age, while the heritability of methylation at these sites at age 25 was on 
average 0.21. For most sites, the change in heritability was modest 
(Supplementary Figure 4), but large differences also occurred. For example, 
there were 103 CpGs where the change in heritability was larger than 0.5 
between age 25 and age 50. For 32045 sites (82 %) with significant age 
moderation and 2022 sites (76%) with significant sex moderation, the 
difference in heritability (which is expressed as the ratio of additive genetic 
effects over the sum of additive genetic effects plus unique environmental 
effects) was related to a change in the unique environmental component. The 
overlap of age and sex moderation effects for individual CpGs is illustrated in 
Figure 2.  
 
Figure 2: Venn diagram of the number of CpGs with significant interaction 
between sex and genetic variance (Sex X Va), between sex and unique 
environmental variance (Sex X Ve), between age and genetic variance (Age X 
Va) and between age and unique environmental variance (Age X Ve).
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Longitudinal correlation of DNA methylation in blood 
The longitudinal correlation was on average 0.21 (median=0.16), and the 
longitudinal correlation was strongly correlated with the h2 of methylation at the 
same CpG (r=0.70), which suggests that sites with a larger heritability tend to 
be more stable across the time interval studied, as previously observed50. 
Highly heritable methylation sites (h2 > 0.8, N= 17871) were highly stable over 
time (mean r=0.79, median r=0.84). Of note, sites with a high longitudinal 
correlation and a low h2 also exist (Figure 1D): at these sites, longitudinal 
stability may reflect stability of environmentally driven variation or stability of 
variation that initially arose stochastically. 
 
DNA methylation correlation between blood and buccal cells 
Of 405487 CpGs common to the blood and buccal dataset, methylation level 
was positively correlated between blood and buccal at 244703 CpGs (mean 
r=0.22, median r=0.19) and negatively correlated at 160784 CpGs (mean r=-
0.16, median r=0.14) between blood and buccal samples.  Across all CpGs, the 
heritability in blood was weakly correlated with the size of the cross-tissue 
correlation (r=0.32). Focusing only on the most variable methylation sites in 
blood (SD of the β-value >= 0.05),  heritability in blood was moderately 
correlated (r=0.54) with the blood-buccal correlation. Of note, CpGs where 
methylation level was strongly correlated between blood and buccal (r  > 0.8, 
N=1015 CpGs, or r < -0.8, N=2 CpGs) were highly heritable and highly stable 
over time in blood (mean h2=0.91, median=0.93; mean longitudinal r=0.83, 
median r =0.90). These findings suggest that when inter-individual variation in 
methylation level is strongly correlated between blood and buccal cells, genetic 
influences are main the cause of this correlation.  
 
Discussion 
We assessed genome-wide DNA methylation in whole blood in a large 
population-based twin cohort (including a small group of family members of 
twins) and estimated the heritability of DNA methylation level based on the 
classical twin method and based on measured genetic relationships between 
individuals (IBD). The two methods provided similar estimates: the genome-
wide average heritability was 0.22 based on the classical twin approach and 
0.19 based on IBD. Across genome-wide CpGs, the average proportion of 
variance of DNA methylation level explained by common SNPs was 0.07, and 
SNPs explained on average 37 % of the total heritability of methylation level. 
Our results indicate that for 49% of CpGs targeted by the 450k array at least 
1% of the variation of DNA methylation in whole blood between individuals can 
be ascribed to the effects of common SNPs. These findings provide guidance 
for methylation QTL analyses by giving an indication of the number of CpGs 
that may be identified through methylation QTL analyses on whole blood 
samples (given sufficient power). Interestingly, at 18% of 450k targeted CpGs, 
> 99% of the heritability was explained by common SNPs. Yet, at the genome-
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wide level there was a discrepancy between total heritability and variance 
explained by common SNPs. The proportion of DNA methylation heritability 
that cannot be explained by common SNPs may derive from genetic variants 
that are not or incompletely tagged by common SNPs, including rare variants 
and structural variation. CpGs with a higher heritability of DNA methylation 
tended to show larger stability across a time interval of on average 5 years. 
Also, CpGs where between-individual variation in methylation level was 
strongly correlated between blood and buccal cells were characterized by a 
high heritability in blood, suggesting that genetic influences underlie strong 
cross-tissue correlations. 

We identified 2654 sites with evidence for sex-specific heritability and 
39194 methylation sites with age-specific heritability. In support of previous 
indications that certain epigenetic marks between monozygotic twins may 
diverge as the twins age33, 34 (a phenomenon referred to as epigenetic drift), 
our study indicated that the majority of methylation sites with significant age 
interaction showed a decreasing heritability with age due to increasing 
importance of environmental or stochastic influences on DNA methylation. The 
question remains whether these sites affect age and sex-dependent disease 
susceptibility. 
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