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Abstract 

Integrating the genotype with epigenetic marks holds the promise of better understanding the biology 

that underlies the complex interactions of inherited and environmental components that define the 

developmental origins of a range of disorders.  The quality of the in utero environment significantly 

influences health over the lifecourse.  Epigenetics and in particular DNA methylation marks have been 

postulated as a mechanism for enduring effects of the prenatal environment.  Accordingly, neonate 

methylomes contain molecular memory of the individual in utero experience. However, inter-individual 

variation in methylation can also be a consequence of DNA sequence polymorphisms that result in 

methylation quantitative trait loci (methQTLs) and, potentially, the interaction between fixed genetic 

variation and environmental influences.  We surveyed the genotypes and DNA methylomes of 237 

neonates and found 1423 punctuate regions of the methylome that were highly variable across 

individuals, termed variably methylated regions (VMRs), against a backdrop of homogeneity.  MethQTLs 

were readily detected in neonatal methylomes and genotype alone best explained about 25% of the 

VMRs.  We found that the best explanation for 75% of VMRs was the interaction of genotype with 

different in utero environments, including maternal smoking, maternal depression, maternal BMI, infant 

birth weight, gestational age and birth order.  Our study sheds new light on the complex relationship 

between biological inheritance as represented by genotype and individual prenatal experience and 

suggests the importance of considering both fixed genetic variation and environmental factors in 

interpreting epigenetic variation.  
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Introduction 

The relationship between inter-individual variation in the epigenome, especially DNA methylation, and 

disease risk is an area of intense research interest. While the effect of fixed genetic variation on DNA 

methylation is apparent in studies of allele-specific methylation and genomic imprinting, there is also 

emerging evidence for environmental influences as a source of epigenomic variation.  Perinatal cohort 

studies offer a unique opportunity to explore the origins of variation across the epigenome, and in 

particular the extent to which fixed genetic variation can moderate the relationship between prenatal 

environmental factors and epigenetic status at birth.  

Epidemiological data links disease risk directly to in utero environment (Roseboom et al. 2001; Gillman 

et al. 2003; Hillier et al. 2007; Painter et al. 2008; Alisi et al. 2011; Sohi et al. 2011; Dancause et al. 2012; 

Schwarze et al. 2012) or to birth outcomes as a surrogate for in utero environment (Barker et al. 1989; 

Hofman et al. 2004; Boney et al. 2005; Bouhours-Nouet et al. 2008; Broekman et al. 2009; Skilton et al. 

2011).    This phenomenon is often called fetal programming and defines, in part, the developmental 

origins of health and disease (Bjornsson et al. 2004; Gluckman et al. 2008).  

Stable alterations to the epigenome are considered to be a putative molecular mechanism for fetal 

programming. Thus the environmental epigenetic hypothesis (Seckl and Meaney 1993; Meaney and 

Ferguson-Smith 2010), suggests that in utero environment affects the epigenome and that resulting 

epigenetic marks alter physiology to affect later disease risk (Gluckman et al. 2009). Evidence for this 

hypothesis derives from studies documenting the relationship between specific DNA methylation marks, 

in utero environments and later phenotypes (Guo et al. 2008; Perera et al. 2009; Pilsner et al. 2009; van 

der Kaay et al. 2009; Feinberg et al. 2010; Kaminen-Ahola et al. 2010; Ollikainen et al. 2010; Fryer et al. 

2011; Hoyo et al. 2011; Tobi et al. 2011; Pilsner et al. 2012; Relton et al. 2012; Stunkel et al. 2012).  For 

example, maternal carbohydrate intake in early pregnancy and offspring adiposity at 9 years old 

associate with DNA methylation level of the RXRA promoter in umbilical cord (Godfrey et al. 2011). 

There are examples of persistent, environmentally-induced DNA methylation states. For instance 

variations in maternal care alter the methylation of the glucocorticoid receptor gene promoter in rats 

(Weaver et al. 2004) and differential methylation at this same region is associated with childhood 

trauma in humans (McGowan et al. 2009). Although many aspects of the epigenome such as histone 

modification are likely to be involved, current evidence concentrates mostly on DNA methylation. 
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Multiple epigenome-wide association studies (EWAS) within birth cohorts have been initiated to search 

for epigenomic signatures of early life environment that may influence later life phenotype (Ng et al. 

2012; Michels et al. 2013; Mill and Heijmans 2013).  However, at least some DNA methylation marks are 

specified by sequence context in cis (Brandeis et al. 1994; Lienert et al. 2011) precluding exclusive 

environmental regulation. In humans, inter-individual variation in DNA methylation could be wholly or in 

part a consequence of nucleotide polymorphism, as local genetic variants influence the propensity for 

methylation of neighbouring cytosines.  These polymorphisms can be defined as methylation 

quantitative trait loci (methQTLs).  MethQTLs have been postulated as a link between GWAS SNPs and 

phenotype (Liu et al. 2013). 

(Gibbs et al. 2010) showed methQTLs in human tissue in studies of multiple human brain regions and 

found between 4% and 5% of the 27,000 CpG sites studied had methylation levels that were significantly 

dependent on genotype (as measured in 537,411 SNPs).  Although both cis (defined as the CpG and SNP 

pair being within 1Mb chromosomal region) and trans effects were detected in this study, cis methQTLs 

were in massive abundance.  The average distance between a SNP and CpG pair that made up a 

significant methQTL was 81 kb, but the peak enrichment across the cis methQTLs was 45bp.  (Zhang et 

al. 2010) examined human cerebellum and found 9% of CpGs tested (748/8590) were within methQTLs. 

Another study (Bell et al. 2011) detected 180 (1%) methQTLs in the 22,290 CpGs and 3 million SNPs 

investigated across 77 HapMap lymphoblastoid cell lines, five of which were also reported by (Gibbs et 

al. 2010).  Most methQTLs were found in cis and over short distances of less than 5kb.  Moreover, 

genotype at one SNP associated with methylation at multiple neighbouring CpGs, as might be expected 

given the positional correlation previously noted in methylation data (Eckhardt et al. 2006). Similar 

results were obtained by (Grundberg et al. 2013) who also discovered methQTLs in adult adipose tissue 

acting in cis, explaining 19% of the observed variance in methylation levels. 

 

Ethnicity can be used as a proxy for genotype and has been shown to influence the DNA methylome 

(Zhang et al. 2011). African and European individuals have population-specific patterns of DNA 

methylation at approximately 30% of CpGs measured. Methylation levels at around 50% of these 

population-specific CpGs explained by divergence in allele frequencies at cis-acting SNPs between 

populations (Fraser et al. 2012). Studies of methylation differences using Illumina 

InfiniumHumanMethylation450 BeadChip array data from 133 lymphoblastoid cell lines from European 

and African HapMap samples found that 13% of analysed CpGs showed significant methylation 
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differences between the populations, over 50% of which were in methQTLs with local SNPs (Moen et al. 

2013).  CpGs showing differential methylation levels across ethnicities are more likely to be driven by 

genotype than other CpGs (Heyn et al. 2013).  Nevertheless, these studies also found that some 

methQTLs are specific to one population with no correlation between genotype and methylation in 

other populations, suggesting possible gene x environment interactions.   

Methylomes are more similar in related than unrelated individuals (Bjornsson et al. 2008) and 

concordance tracks degree of relatedness; the methylomes of monozygotic twins are more closely 

related than those of dizygotic twins (Kaminsky et al. 2009).  Methylation profiles from three different 

tissues of twin neonates generated on the InfiniumHumanMethylation27K BeadChip only clustered into 

twin pairs between 29-71% during unsupervised analysis, suggesting non-genomic influences on the 

newborn methylome (Gordon et al. 2012).   

In this paper we focus on examination of the relative influences of genotypic, environmental and gene x 

environment interactive effects on the neonatal methylome. Recent studies describe evidence for gene 

x environment interactions (GxE effects) on DNA methylation.  (Yousefi et al. 2013) found that LEPR 

genotype interacted with maternal smoking to associate with methylation of LEPR.  A SNP within the 

IL4R gene combined with methylation at a CpG site within the same gene predicts risk of childhood 

asthma (Soto-Ramirez et al. 2013).  Moreover, (Klengel et al. 2013) found that interaction of FKBP5 

genotype and early childhood trauma affects methylation of FKBP5 intron 7, FKBP5 expression and 

subsequent deregulation of glucocorticoid receptor signalling.  The proportions of inter-individual 

variation in methylomes that are driven by genotype, environment or an interaction of gene and 

environment (GxE) are currently unknown.  To clarify the relative influence of gene and in utero 

environment on epigenetic status at birth we studied variation in genome-wide DNA methylation 

patterns in umbilical cord samples from 237 Asian neonates using the InfiniumHumanMethylation450 

BeadChip together with genotyping and extensive measures of in utero environmental conditions. We 

report that genotype, and in particular GxE interactions, explain substantial proportions of inter-

individual variation in the methylome at birth.   
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Results 

Ethnicity associates with the first components of genotype but not DNA methylation  

Umbilical cord tissue DNA from 237 individuals (131 Chinese, 72 Malay, 34 Indian) in the GUSTO birth 

cohort (Soh et al. 2013), were interrogated on both IlluminaOmniexpress+Exome genotyping arrays and 

InfiniumHumanMethylation450 BeadChip.  708,365 SNPs (from the 958,178 assayed) varied in genotype 

and 301,468 CpGs (from the 411,107 assayed) varied in methylation levels by >5% across the 237 

individuals under study (see Table 1 for study subject characteristics).  When the genotype data was 

subjected to principal component analysis, the samples were cleanly separated by ethnicity.  The Indian 

subjects clustered away from Chinese and Malay subjects on principal component one and the Chinese 

and Malay subjects separated on principal component 2 (Figure 1A). In contrast when the DNA 

methylation data was subjected to principal component analysis, the samples did not separate well by 

ethnicity on components 1 or 2 (Figure 1B).  The methylation and genotyping arrays do measure 

different subsets of the genome, however each have probes in every coding gene in the genome and so 

are broadly comparable.  If methylation levels were specified wholly by genotype, we would expect 

ethnicity to drive the methylome in the same manner as observed for the genotype.   

 

Evidence for methQTLs  

Methylation levels at the majority of CpGs in the neonate methylomes were very similar across 

individuals, with median absolute deviation scores (MAD) < 0.1.  To identify regions with appreciable 

inter-individual variance that could reflect individual in utero experience or genotype we defined inter-

individual variably methylated regions (VMRs) across the 237 individuals using a previously published 

methodology (Ong et al. 2012). This analysis returned 1423 VMRs; these were found on every 

chromosome in a manner roughly dependent on probe spacing (Supplemental table 1 and Supplemental 

figure 1), although they tended towards north shore (p=1.77x10
-4

) and open sea (p=9.11x10
-12

) regions 

(Supplemental table 2). 

  

The CpG with the highest MAD score within each VMR was used to represent each of the 1423 VMRs 

and denoted as VMR-CpGs.  For each VMR-CpG we compared methylation levels to SNP genotype at all 

708,365 heterologous positions by linear regression, controlling for sex.  Strong sex effects on the 
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autosomes have previously been noted in InfiniumHumanMethylation450 BeadChip data and are least 

partially artefactual, driven by cross-reaction of probes with the sex chromosomes (Chen et al. 2013).  

The best match (lowest p-value) SNP for each VMR-CpG was retained.  The final dataset of 1423 CpG-

SNP pairs showed a range of associative p-values skewed towards the low end, suggestive of methQTLs 

in the dataset (Supplemental Figure 2).  P-values obtained from the regression analysis were binned into 

1000 equally spaced bins. Distributions were defined as skewed if the first bin contained more than the 

expected 708 p-values in each bin expected if p-values were distributed evenly. 966 (68%) of the 

individual VMR-CpGs had a skewed p-value distribution. In addition 1037 (73%) had a –log10p value 

above 6.5, which is approximately the background noise level seen across the genome (Figure 2B,D,F).  

 

 

Best matched SNP and VMR-CpG pairs tended to be closely co-located in cis  

Twelve of the 1423 CpG-SNP pairs (<1%) included a SNP located within the CpG that either creates or 

eliminates a CpG site.  We denoted these instances as “disrupting pairs”.  828 of the 1423 pairs (58%) 

included a SNP and CpG from the same chromosome.  We denoted these “cis pairs”.  The remaining 583 

pairs (41%) include a CpG and SNP located on different chromosomes and were denoted as “trans 

pairs”.  The proportion of cis pairs was much greater than expected by chance (chance would predict 

pairs to be equally distributed across chromosomes at ~4.5%) and tended to be more likely to come 

from a skewed p-value distribution and to have higher R
2
 values than the trans pairs (Figure 2A).  The 

influence of genotype operating independent of environmental context was undetectable for some 

VMR-CpGs (e.g. Figure 2B and C) and very clear for others (e.g. Figure 2F and G).  Even in a mid-range 

where methylation at the VMR-CpG was not strongly related to genotype on a scatter plot (e.g. Figure 

2E), there was still a tendency for the best hit to be in cis (e.g. Figure 2D). 

Disrupting pairs had significantly stronger associations between genotype and methylation level than cis 

pairs, which in turn had stronger associations than trans pairs (Figure 3 p=7.3x10
-117 

by Kruskal-Wallis 

test). Within the cis pairs, there was a strong inverse relationship for the strength of association 

between methylation levels and genotype, and the distance between the CpG and SNP, p= 8.84x10
-5

. 

The mode was within 0-10bp or 50-60bp without the disrupting pairs (Figure 4). There seemed to be a 

continuum of genotypic influence on methylation levels with approximately 68-73% of the VMR-CpGs 

showing an appreciable association with genotype. Defining a genuine methQTL would necessitate 

choosing arbitrary cut-offs.  However, the trans CpG-SNP pairs tended to be on the lowest end of the 
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distribution of association statistics and hence were less likely to represent genuine methQTLs (Figure 

2A). 

 

GxE models best explained variation in methylation at most VMR-CpGs  

The GUSTO study has ascertained multiple environmental measures that are known to influence or 

reflect the quality of the in utero experience.  We chose nineteen parameters as surrogate measures of 

the uterine environment (see Table 1) and examined whether methylation at each of our 1423 VMR-

CpGs was better explained by genotype, environment or GxE.  We ran 39 regression models (see 

Methods) including the best SNP hit from the previous methQTL analysis, described above.  For the GxE 

models we tested all the SNPs located on the same chromosome as the CpG as well as the best hit from 

the methQTL analysis.   All models contained sex and were compared using Akiake information 

coefficients (AIC).  Methylation levels at ~25% of the 1423 VMR-CpGs were best explained by genotype 

alone, whilst the rest were best explained by GxE models (Figure 5A).  The models containing 

environment alone were never the best explanation of methylation at the VMR-CpGs.  The information 

loss experienced between the two top models (Δ)(Burnham and Anderson 2004) ranged 0.0002-49.0 

(calculated by delta in AICs). The genotype only model tended to be a “narrow winner”, i.e. the Δ was 

low in comparison to the Δ shown by the cases where GxE was the best explanation (Figure 5B). The 

majority of best models showed an adjusted R
2
 value above 0.12. The distribution of adjusted R

2
 values 

for the cases where GxE was the best model was shifted slightly to the right compared to that for the 

cases of genotype being the best model (Figure 5C).  When the results were restricted to models 

without substantial support for the next best model, Δ >2 (Figure 5D) and an adjusted R
2
 > 0.4 the 

proportion of VMR-CpGs for which genotype only was the best model was still ~24%.  

The VMR-CpGs that were best explained by genotype alone tended to be in open seas (p=1.38x10
-5

) 

whilst VMR-CpGs that were best explained by GxE tended to be both in open seas (p= 2.12x10
-6

) and 

north shores of CpG islands (p=0.012) (Supplemental table 2 and Supplemental figure 1), consistent with 

previous observations (Feinberg et al. 2010).  Again the majority of the SNPs in the best models were in 

cis with the VMR-CpGs (85% for the winning GxE models and 78% for the G winning models).  When only 

models with high levels of support (Δ>2 and adjusted R
2
 > 0.4) are included, only cis SNPs remain 

(Supplemental Figure 3). 
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The GxE models allow for methylation associated with environment in each of the genotypic subgroups 

present, but with different slopes.  However, we often saw that environment and methylation were very 

closely associated in one genotype and less so in the other two genotypes.  To identify these CpG-VMRs, 

we segregated the subjects by the genotype in the best GxE model and ran regressions of methylation 

and the phenotype for the best GxE model.  50 VMR-CpGs were significant after Bonferroni correction.  

Examples are shown in Figure 6. 

 

Restricting subjects to one ethnicity reduced the impact of genotype 

The 491 VMR-CpGs with differential methylation for ethnicity have significantly stronger associations 

with SNPs compared to all other 930 CpGs (p=2.17x10
-19

).  We reasoned that the inclusion of multiple 

ethnicities would increase the genotypic influence on the methylome.   We thus conducted an analysis 

including only the 131 Chinese subjects in our dataset. In the Chinese-only subgroup we still found many 

methQTLs but there was a subtle (downwards) shift to less significant associations for the majority of 

CpG-SNP pairs (Supplemental figure 4A). The number of VMR-CpGs for which the methylation was best 

explained by genotype alone fell slightly to 21% (Supplemental figure 4B).   

 

CpGs with the most variation across samples are most likely to be driven by genotype 

We noted that the CpG MAD score across samples or the range of methylation values across samples 

was related to the strength of association between the CpG methylation values and the genotype of the 

best SNP (Figure 7; p= 3.54x10
-39

).  Our 1423 VMR-CpGs were chosen to lie within VMRs.  This approach 

improves the specificity of the analysis (Ong and Holbrook 2013). However, we also picked a further 

1500 CpGs that had the most extreme MAD scores in the dataset and that were not included in a VMR.  

Indeed within this set the genotype driven model is a better explanation for a higher proportion of the 

CpGs (Supplemental figure 5). 
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Discussion 

We used DNA obtained from the umbilical cord at birth to provide evidence for the influence of 

genotype on inter-individual variability in DNA methylation.  MethQTLs were readily apparent in the 

methylome of neonates born at term with birth weights that spanned the normal range from a 

community sample of pregnancies that were not selected or weighted for any particular outcome. Our 

findings are consistent with a recent report (Gutierrez-Arcelus et al. 2013) of 14,189-32,318 methQTLs 

(3-7%) found within Infiinium450K data by searching the SNPs (genotype 2.5 million) in 5 kb flanking 

regions either side of each CpG in umbilical cord tissue and cord blood.  However, (Gutierrez-Arcelus et 

al. 2013) did not describe any phenotypic or environmental data on their subjects and or attempt to 

show any environmental influence on methylation levels.  In these ways our studies differ in aims and 

scope. We found that the effect of genotype on methylation was more pronounced in multi-ethnic 

populations, but was also apparent within sample of homogeneous ethnicity (Figure 5 and Supplemental 

figure 4B).  Moreover, there was a strong relationship between range of methylation values and 

influence of genotype (Figure 7 and Supplemental figure 5). There is recent evidence that epigenetic 

states may serve to directly mediate the relation between certain genetic polymorphisms and 

phenotype (McVicker et al. 2013).  The mechanism by which sequence polymorphism affects local CpG 

methylation is unknown (assuming the SNP is not within the CpG, a situation we have labelled disrupting 

pairs). However, the effect is likely mediated by the sequence-specific binding of proteins and alteration 

of chromatin factors that subsequently affects binding of de novo methylases or demethylating 

mechanisms.  A similar mechanism has been evidenced for other epigenetic marks, recently shown to be 

affected by polymorphism in a similar way to methylation (Otani et al. 2009; Kasowski et al. 2013; 

Kilpinen et al. 2013; McVicker et al. 2013). A study of these other epigenomic marks in a similar context 

to that we describe for DNA methylation would be fascinating.   

Despite the evidence for genotypic influence independent of environmental influences, we found that 

the majority of the VMR-CpGs were best explained by the interaction of genotype and maternal/fetal 

environment (Figure 5). The environmental measures selected for analysis included proxy factors such 

as birth weight and gestational age, maternal smoking and depression, all of which are known to 

influence a broad range of developmental outcomes. Despite the importance of GxE models in 

explaining the majority of VMR-CpGs, we failed to find VMR-CpGs that were best explained by 

environmental conditions independent of genotype. This finding emerged despite the considerable 

evidence for the effects of environmental factors in pregnancy on both epigenetic states (Barker et al. 
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1989; Roseboom et al. 2001; Gillman et al. 2003; Hofman et al. 2004; Boney et al. 2005; Hillier et al. 

2007; Bouhours-Nouet et al. 2008; Painter et al. 2008; Broekman et al. 2009; Alisi et al. 2011; Skilton et 

al. 2011; Sohi et al. 2011; Dancause et al. 2012; Schwarze et al. 2012) and health outcomes(Godfrey et 

al. 2011).  Our data suggest that genotype exerts a moderating influence on such environmental effects.    

The regression models explained a high proportion of the variance in methylation levels for a minority of 

the VMR-CpGs. For most VMR-CpGs the models explained only 10-20% of the variance (Figure 5D).  One 

reason why the models might fail to explain the majority of the variance for more VMR-CpGs is that the 

association between methylation and a specific environmental condition may only be apparent in one 

genotypic subgroup (Figure 6).  This observation is consistent with the emerging view that genotype can 

determine the degree of environmentally-induced phenotypic plasticity (i.e. so called ‘plasticity genes’ 

(Belsky et al. 2009; Simons et al. 2011) and that epigenetic mechanisms serve to maintain 

environmentally-induced phenotypic variation (Meaney and Ferguson-Smith 2010; Pujadas and Feinberg 

2012). This is a particularly important finding for studies of either population differences or the influence 

of environmental factors on phenotypic outcomes. The finding of GxE interaction effects on the 

epigenome suggests that the necessary level of interrogation extends beyond simple EWAS analysis to 

include genotype.  The failure to include assessment of genotypic moderation of environment–

epigenome relations might result in an underestimation of the potential for environmental impact 

among sub-populations. (Patel et al. 2013) show that candidate SNP and CpG loci with marginal 

associations in GWAS and EWAS respectively, can show strong associations with disease (in this case 

type 2 diabetes) when combined. 

Another possible reason for the modest explanatory power of certain models is that they are limited to 

only 19 proxy factors related to in utero environment and that only single individual genotypic and 

environmental influences were examined within the models.  Models containing multiple SNPs 

(epistasis) or combining different facets of environments may explain more of the variance in DNA 

methylation.  Moreover, the population under study did not show extreme values in the environmental 

measures (Table 1), and stronger effects may emerge with the study of high risk populations.   

Cellular heterogeneity may also compromise our ability to account for variance across the methylome.  

The umbilical cords that we studied include a mixture of cell types.  Recent studies in blood suggest that 

some of the inter-individual variation in methylation is accounted for by differences in cellular content 

(Lam et al. 2012; Liu et al. 2013).  We were unable to separate the cell types in the GUSTO umbilical 

cords as the tissues were frozen at collection.  Our study involved only a subset of the SNPs in the 
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genome, which included the one million SNPs on the OmniExpress+Exome arrays.  Although, missing 

SNPs could have accounted for additional variance in the VMRs, the one million SNPs were distributed 

relatively evenly across the genome and represented the majority of haploblocks. Finally, the CpG sites 

assessed by InfiniumHumanMethylation450 BeadChip are biased towards gene bodies and flanking 

regions and therefore we did not cover intergenic regions thoroughly. 

Our analysis was intended to estimate the relative influences of genotypic, environmental and gene x 

environment interactive effects on the neonatal methylome.  The models should not be considered as 

fully determinative of specific outcomes.  Indeed, many of the environmental factors considered here 

are inter-dependent.  Parity and maternal age, for example, are obviously correlated.  Moreover, 

potential sources of environmental influence, such as socio-economic status, were not considered. 

Similarly, the associations shown in Figure 6 derive from models that did not control for potentially 

important covariates.  In addition, due to the number of predictive factors tested it is difficult to ascribe 

significance to any individual association, instead we report the models that best explain the variance in 

methylation values. Nevertheless our data serve to underscore the importance of GxE interactions and 

suggest that models of epigenetic variation should consider such interactive influences.   

 

Conclusions 

Our report, to our knowledge, is the first attempt to quantify the relative influence of genotype and 

environment, and their interaction on the human epigenome.  This quantification is important as many 

reports compare DNA methylation to phenotype independent of genotype.  Our results strongly suggest 

that genotype is an essential factor in these relationships.  In particular, it is an important question to 

address in neonates because the influence of pre-natal environment on future disease risk is intensely 

studied with respect to subsequent risk of illness.  Our findings suggest that such studies should include 

an assessment of the degree to which environmental influences are moderated by genotype. 
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Methods 

For detailed sample and data acquisition, see supplemental material 

Briefly, 244 umbilical cord samples from healthy babies which are part of the GUSTO birth cohort study 

(Soh et al. 2013) were selected.  Subject characteristics can be found in Table 1.  Genotyping was 

performed on the Illumina Omniexpress + exome array and processed in a standard fashion.  DNA 

Methylation profiling was performed on the InfiniumHumanMethylation450 BeadChip.  Data was 

processed as described previously (Pan et al. 2012).  Sex chromosome data were removed.   A temporal 

batch effect was observed and removed using empirical Bayes methodology (COMBAT) (Johnson et al. 

2007).  All probes identified as cross-hybridising in either Chen et al (2013) (Chen et al. 2013) or Price et 

al (Price et al. 2013) were removed from the dataset. 301,468 probes remained. 

 

Identification of inter-individual CpGs 

Variably methylated regions (VMR) were detected as previously described (Ong and Holbrook 2013). A 

candidate VMR was defined as at least two spatially contiguous probes within 1 kb of each other and 

with median absolute deviation (MAD) values more than the 95th percentile. We expanded candidate 

regions to contain more than two probes, as long as the distance between any two neighboring probes 

within the region was not larger than one kb. For each VMR the CpG with the highest MAD score was 

utilised as the representative CpG.  These 1423 CpGs were used as the dataset for subsequent analyses.  

In addition the 1500 CpGs with the highest MAD scores outside of VMRs were also captured for further 

analysis. 

MethQTL analysis  

Linear regression was performed for each of the 1423 VMR-CpGs, against all heterologous SNPs 

identified on the genome wide arrays. For the purposes of these regressions genotype was coded as 1, 2 

or 3 and treated as continuous whereby the heterozygote represents an intermediate state between the 

two homozygotes.  In the model analysis below, genotype is categorical. The regressions were adjusted 

for sex. For each of the 1423 VMR-CpGs, we selected the CpG-SNP pair with the lowest p-value for 

further analysis. The linear regression analysis was performed in R. 

Model analysis  
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Methylation (����) at each CpGs was subjected to the following models (�1�, �2�, �3�) and models were 

compared using Akiake information coefficients (AIC) (Akaike 1973). 

 

Genotype model:     ���� ~ 
� � ���  ⑴ 

where 
� is the best SNP from previous MethQTL analysis, treated as a categorical variable. 

  

Environment model:      ���� ~���� � ��� ⑵ 

Where ����  is the phenotype (� � 1 �� 19 , see its corresponding phenotype in table 1) which gave the 

lowest model AIC. 

 

Genotype x Environment model:  ���� ~
� � ���� � 
� � ��� � ��� ⑶ 

 

Where ����  is the phenotype (� � 1 �� 19 , see its corresponding phenotype in table 1) which gave the 

lowest model AIC. And 
� is the SNP on the same chromosome as ���� which gave the lowest model 

AIC (also treated as a categorical variable).   

 

The model with the lowest AIC was declared the “winner” i.e. the model which best explained the Meth 

compared to the alternative models. 

 

Akiake deltas were calculated as the difference between the AIC for the best model and the AIC for the 

next best model (Burnham and Anderson 2004).  

Adjusted R
2
 was calculated by equation (4). 

 

1 �
�1 � ����� � 1�

� � � � 1
  ⑷ 

 

Where: �� = sample R
2
, �=number of predictors, �=total sample size 

 

 

Segregated analysis 
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For each of the CpGs for which a GxE model had the lowest AIC, the subjects were segregated by the 

genotype and regression against phenotype was performed in each genotypic group.  Bonferroni 

correction was performed for the 2963 number of regressions run.   

 

Genomic feature enrichment analysis 

CpG Island shores were defined as up to 2 kb regions from the CpG Island Start or End as per convention 

(Irizarry et al. 2009) CpG Island shelves were next defined as another 2 kb from the shore boundaries, as 

specified in Table 10: Group Methylation Profile Table, Infinium HD Assay in GenomeStudio Methylation 

Module v1.8 User Guide from Illumina. Open seas are regions that are not islands, shores or shelves. The 

TSS SwitchGear track in UCSC Genome Browser was used to delineate human promoters and genomic 

coordinates of human enhancers were obtained from the VISTA enhancers track (Visel et al. 2007). For 

individual VMR lists, we determined the total number of probes belonging to each of the six genomic 

categories (CpG island, south shore, north shore, south shelf, north shelf and open sea) and also for a 

background list of 55,003 regions which are possible on the InfiniumHumanMethylation450K BeadChip. 

The p-value for enrichment of the region lists with each genomic category is computed by a hyper 

geometric test (one-tailed). 

  

Data Access:  
The data from this study have been submitted to the NCBI Gene Expression Omnibus (GEO; 

http://www.ncbi.nlm.nih.gov/geo/) under accession number GSE53816 and GSE54445. 
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Figure Legends 

Figure 1: A, Unfiltered genotypes organise subjects by ethnicity Principal component 1 (x-axis) plotted 

against principal component 2 (y-axis) from principal component analysis of genotypes for all 708,365 

heterologous SNPs across the 237 subjects.  Subjects are coloured by self-reported ethnicity. B, 

Unfiltered methylomes do not organise subjects by ethnicity Principal component 1 (x-axis) plotted 

against principal component 2 (y-axis) for principal component analysis of methylation levels at all 

301,468 variable CpGs across the 237 subjects.  Subjects are coloured by self-reported ethnicity.  

 

Figure 2: A, The strength of association of genotype and methylation levels is a continuum with most 

VMR-CpGs showing some association with genotype Scatter plot of Pearson R
2
 (x-axis) for the VMR-

CpG and best SNP match against log2 of the number of regression p-values in first bin of the 1000 

equally distributed bin (y-axis), the red line represents an absolutely even 708 regression p-values in the 

1
st
 bin. Disrupting pairs are black, cis pairs are grey and trans pairs are white. B, Some VMR-CpGs are 

minimally influenced by genotype Manhattan plot of methylation at one VMR-CpG against all SNPs (x-

axis), -log10 p-value on y-axis, for an example VMR-CpG with low R
2 

and number of p-values in 1
st
 bin.  C, 

Scatter plot of genotype (x-axis) against methylation (y-axis) for top pair from same VMR-CpG as in B. D, 

Some VMR-CpGs are moderately influenced by genotype Manhattan plot of methylation at one VMR-

CpG against all SNPs (x-axis), -log10 p-value on y-axis, for example VMR-CpG with moderate R
2
 and 

moderate number in 1
st
 bin.  E, Scatter plot of genotype (x-axis) against methylation (y-axis) for top pair 

from same VMR-CpG as in D. F, Manhattan plot of CpG against all SNPs (x-axis) and  -log10 of the p-value 

(y-axis), for an example VMR-CpG with high R
2
 and high number in 1

st
 bin.  G, Scatter plot of genotype 

(x-axis) against methylation (y-axis) for top pair from same CpG as in F  

Figure 3: Strength of association between genotype and methylation is strongest for disrupting pairs 

and weakest for trans pairs Box plot of –log10 of the p-value of the association between genotype and 

methylation levels at each VMR-CpG, for CpG-SNP pair categories disrupting (SNP is within CpG), cis 

(SNP is on same chromosome as CpG) and trans (SNP is on a different chromosome to the CpG)  

Figure 4: cis pairs tend towards short distances between the SNP and CpG Bar chart of –log10 of the p-

value (y-axis) against chromosomal distance between the SNP and CpG (x-axis) for cis pairs within 5 kb 
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Figure 5: A, The majority of VMR-CpGs are best explained by GxE models Pie chart showing the 

proportions of the 1423 VMR-CpGs which were best explained by the genotype(G), environment or 

interaction between gene and environment (GxE) regression models. B, Genotype tends to be a narrow 

winner Stacked histogram of deltas between delta AICs for best and next best model across the 1423 

VMR-CpGs.  Each box is coloured to denote the model which best explained methylation levels at the 

VMR-CpG. C, The proportion of VMR-CpGs explained by GxE is stable as model confidence increases 

Pie chart showing the proportions of the 210 VMR-CpGs which were best explained by the genotype, 

environment or GxE regression models with no substantial support for the next best model (Δ>2) and 

adjusted R
2
 > 0.4. D, The models explain a range of the variation at VMR-CpGs Stacked histograms of 

adjusted R
2
 of the winning model across all 1423 VMR-CpGs. Each box is coloured by the winning model.  

Figure 6:  Association of methylation with environment in one genotypic group. Examples of VMR-

CpGs whose methylation are significantly associated with phenotype in only one genotypic group.  

Phenotypic values are shown on the x-axis and % methylation values on the y-axis. The panel on the left 

shows the data for all samples. Samples are coloured via their genotypic group (AA= brown, AB = pink 

and BB = blue) and a straight line is fitted for each group. The lines are labelled with R
2
 values.  The 

panel on the right shows just the genotypic subgroup with the highest R
2
.   

Figure 7: VMR-CpGs with larger ranges of methylation values are more likely to be MethQTLs scatter 

plot showing the range of methylation values at each CpG across samples (x-axis) compared to the 

strength of association between the VMR-CpG methylation values and the genotype of the best SNP (y-

axis)  

Supplemental Figure 1: VMRs are present on all chromosomes but tend towards open seas Circos 

diagram showing the variability in methylation across the genome and the CpGs under study.  

Chromosomal ideogram is the outermost track (X and Y chromosomes are not shown), while average 

methylation values across the InfiniumHumanMethylation450 BeadChip and 237 subjects  are depicted 

in the adjacent track (very dark green ≤0.2, light yellow 0.2-0.8, red ≥0.8).   Going towards the centre, 

MAD values are depicted as a black histogram, CpG Island definitions from UCSC are tiled in green, 

followed by the 1423 VMRs in a very dark purple tile-track. The track next to the VMR tile-track depicts 

the location of the VMR-CpG (shelf=grey, shore=brown, island=green, open sea=blue). The model which 

best explained the VMR-CpG is depicted in adjacent track as blue for GxE, and red for Genotype only. 

The –log10 of the p-value and R
2
 values from the methQTL analysis are depicted as histograms in dark 

purple colour.  The top MAD1500 CpGs have two tracks with orange histograms for the –log10 of the p-
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value and the R
2
 in the methQTL analysis. The Chinese-only VMRs are depicted in a very dark red tile-

track and the –log10 of the p-value and R
2
 values in the methQTL analysis as histograms of same colour. 

Supplemental Figure 2: Genotype is significantly associated with VMR-CpGs Histogram showing the p-

value distribution from regression analysis of 1423 VMR-CpGs against all heterologous SNPs. P-values 

obtained from the regression analysis were binned into 1000 equally spaced bins and the number in 

each bin was counted to obtain frequency 

Supplemental figure 3 : A, the majority of the SNPs in the best models were in cis with the VMR-CpGs 

Pie chart showing the proportions of the 1423 VMR-CpGs which were best explained by the genotype, 

environment or GxE regression models, sections are further divided by whether the SNP and VMR-CpG 

are in cis or trans B, When only models with high levels of support are included, only cis SNPs remain 

Pie chart showing the proportions of the 210 CpGs which were best explained by the genotype, 

environment or GxE regression models with no substantial support for the next best model (Δ>2) and 

adjusted R
2
 > 0.4, sections are further divided by whether the SNP and VMR-CpG are in cis or trans 

Supplemental Figure 4: A, Association with genotype is slightly weaker when analysis is restricted to 

subjects of Chinese ethnicity only Scatter plot of R
2
 (x-axis) for the VMR-CpG and best SNP match 

against log2 of the number of regression p-values in first bin of the 1000 equally distributed bin (y-axis), 

the red line represents an absolutely even 658 regression p-values in the 1
st
 bin. Disrupting pairs are 

black, cis pairs are grey and trans pairs are white. B, Proportion of VMR-CpGs best explained by 

genotype decreases when analysis is restricted to subjects of Chinese ethnicity only Pie chart showing 

the proportions of the 1365 VMR-CpGs which best explained by the genotype, environment or GxE 

regression models  

Supplemental Figure 5: A, Association with genotype is stronger when analysis is restricted to just the 

most divergent CpGs Scatter plot of R
2
 (x-axis) for the VMR-CpG and best SNP match against log2 of the 

number of regression p-values in first bin of the 1000 equally distributed bin (y-axis), the red line 

represents an absolutely even 708 regression p-values in the 1
st
 bin. Disrupting pairs are black, cis pairs 

are grey and trans pairs are white. B, Proportion of the CpGs best explained by genotype increases 

when analysis is restricted to just the most variable CpGs Pie chart showing the proportions of the 

1500 CpGs which best explained by the genotype, environment or GxE regression models  
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Figures 

(uploaded separately) 

Tables 

Table 1 – Ethnicity, sex and in utero environmental exposures of subjects 

Characteristic   Timepoint   Summary   

      count(%) Mean±SD Range 

Ethnicity - no.(%) Chinese 

Questioned at first clinic visit 

and confirmed by genotype 

131(57.81)     

  Malay 72(30.38)     

  Indian 34(14.35)     

sex - no.(%) Male 

Delivery 

133(56.12)     

  Female 104(43.88)     

Maternal age - yr   Questioned at first clinic visit    30.13±5.09 18-44 

Birth weight - g   Delivery   3110±406 2010-4210 

Gestational age - week   Delivery   38.66±1.2 35.14-41 

Maternal depression score   EPDS instrument at 26 weeks   8.36±4.87 0-21 

Maternal folate concentrations 

– ng/L   serum at 26 weeks   35.56±27.62 3.6-272 

Maternal glucose tolerance   OGTT_120 at 26weeks   6.29±1.38 3.4-11.2 

Maternal BMI - kg/m2   Measured at 26weeks   26.68±4.95 18.18-42.68 

Maternal smoking - no.(%)   Questioned at 26 weeks 10(4.22)     

Maternal vitamin B12 

concentrations – pg/mL   serum at 26 weeks   216.63±79.59 70-494 

Maternal vitamin B6 

concentrations – nmol/L   serum at 26 weeks   64.6±51.32 9-304.4 

Maternal plasma pyridoxic acid 

–nmol/L   serum at 26 weeks   36.81±37.94 4-345.8 

Maternal plasma magnesium – 

mg/L   serum at 26 weeks   19.17±2.41 14.99-41.65 

Maternal plasma iron – ug/L   serum at 26 weeks   1179.56±793.42 374.52-9300.46 

Maternal plasma ferritin – 

ng/mL   serum at 26 weeks   48.49±17.55 13.6-137.8 

Maternal plasma copper – ug/L   serum at 26 weeks   2328.36±393.9 1540.49-3795.27 

Maternal plasma zinc – ug/L   serum at 26 weeks   917.08±176.48 644.24-1871.5 

Maternal plasma EPA -%   serum at 26 weeks   58.59±657.01 1.27-82.31 

Maternal plasma DHA - %    serum at 26 weeks   155.08±653.59 24.18-329.31 

Parity - no.(%)   Questioned at first clinic visit  99(41.77)     

 

  

 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


20 

 

References 

Akaike H. 1973. Information theory and an extansion os the maximum likelihood priniciple. In 

Proceedings of the Second International Symposium on Information Theory,  (ed. BN Petrov, F 

Caski), pp. 267-281. Akademiai Kiado, Budapest. 

Alisi A, Cianfarani S, Manco M, Agostoni C, Nobili V. 2011. Non-alcoholic fatty liver disease and 

metabolic syndrome in adolescents: Pathogenetic role of genetic background and intrauterine 

environment. Ann Med. 

Barker DJ, Winter PD, Osmond C, Margetts B, Simmonds SJ. 1989. Weight in infancy and death from 

ischaemic heart disease. Lancet 2(8663): 577-580. 

Bell JT, Pai AA, Pickrell JK, Gaffney DJ, Pique-Regi R, Degner JF, Gilad Y, Pritchard JK. 2011. DNA 

methylation patterns associate with genetic and gene expression variation in HapMap cell lines. 

Genome Biol 12(1): R10. 

Belsky J, Jonassaint C, Pluess M, Stanton M, Brummett B, Williams R. 2009. Vulnerability genes or 

plasticity genes? Mol Psychiatry 14(8): 746-754. 

Bjornsson HT, Fallin MD, Feinberg AP. 2004. An integrated epigenetic and genetic approach to common 

human disease. Trends Genet 20(8): 350-358. 

Bjornsson HT, Sigurdsson MI, Fallin MD, Irizarry RA, Aspelund T, Cui H, Yu W, Rongione MA, Ekstrom TJ, 

Harris TB et al. 2008. Intra-individual change over time in DNA methylation with familial 

clustering. JAMA 299(24): 2877-2883. 

Boney CM, Verma A, Tucker R, Vohr BR. 2005. Metabolic syndrome in childhood: association with birth 

weight, maternal obesity, and gestational diabetes mellitus. Pediatrics 115(3): e290-296. 

Bouhours-Nouet N, Dufresne S, de Casson FB, Mathieu E, Douay O, Gatelais F, Rouleau S, Coutant R. 

2008. High birth weight and early postnatal weight gain protect obese children and adolescents 

from truncal adiposity and insulin resistance: metabolically healthy but obese subjects? Diabetes 

Care 31(5): 1031-1036. 

Brandeis M, Frank D, Keshet I, Siegfried Z, Mendelsohn M, Nemes A, Temper V, Razin A, Cedar H. 1994. 

Sp1 elements protect a CpG island from de novo methylation. Nature 371(6496): 435-438. 

Broekman BF, Chan YH, Chong YS, Quek SC, Fung D, Low YL, Ooi YP, Gluckman PD, Meaney MJ, Wong TY 

et al. 2009. The influence of birth size on intelligence in healthy children. Pediatrics 123(6): 

e1011-1016. 

Burnham KP, Anderson AR. 2004. Multimodel Inferences: Understanding AIC and BIC in Model Selection. 

Sociological methods and Research 33(2): 261-304. 

Chen YA, Lemire M, Choufani S, Butcher DT, Grafodatskaya D, Zanke BW, Gallinger S, Hudson TJ, 

Weksberg R. 2013. Discovery of cross-reactive probes and polymorphic CpGs in the Illumina 

Infinium HumanMethylation450 microarray. Epigenetics 8(2): 203-209. 

Dancause KN, Laplante DP, Fraser S, Brunet A, Ciampi A, Schmitz N, King S. 2012. Prenatal exposure to a 

natural disaster increases risk for obesity in 5(1/2)-year-old children. Pediatr Res 71(1): 126-131. 

Eckhardt F, Lewin J, Cortese R, Rakyan VK, Attwood J, Burger M, Burton J, Cox TV, Davies R, Down TA et 

al. 2006. DNA methylation profiling of human chromosomes 6, 20 and 22. Nat Genet 38(12): 

1378-1385. 

Feinberg AP, Irizarry RA, Fradin D, Aryee MJ, Murakami P, Aspelund T, Eiriksdottir G, Harris TB, Launer L, 

Gudnason V et al. 2010. Personalized epigenomic signatures that are stable over time and 

covary with body mass index. Sci Transl Med 2(49): 49ra67. 

Fraser HB, Lam LL, Neumann SM, Kobor MS. 2012. Population-specificity of human DNA methylation. 

Genome Biol 13(2): R8. 

 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


21 

 

Fryer AA, Emes RD, Ismail KM, Haworth KE, Mein C, Carroll WD, Farrell WE. 2011. Quantitative, high-

resolution epigenetic profiling of CpG loci identifies associations with cord blood plasma 

homocysteine and birth weight in humans. Epigenetics 6(1): 86-94. 

Gibbs JR, van der Brug MP, Hernandez DG, Traynor BJ, Nalls MA, Lai SL, Arepalli S, Dillman A, Rafferty IP, 

Troncoso J et al. 2010. Abundant quantitative trait loci exist for DNA methylation and gene 

expression in human brain. PLoS Genet 6(5): e1000952. 

Gillman MW, Rifas-Shiman S, Berkey CS, Field AE, Colditz GA. 2003. Maternal gestational diabetes, birth 

weight, and adolescent obesity. Pediatrics 111(3): e221-226. 

Gluckman PD, Hanson MA, Buklijas T, Low FM, Beedle AS. 2009. Epigenetic mechanisms that underpin 

metabolic and cardiovascular diseases. Nat Rev Endocrinol 5(7): 401-408. 

Gluckman PD, Hanson MA, Cooper C, Thornburg KL. 2008. Effect of in utero and early-life conditions on 

adult health and disease. N Engl J Med 359(1): 61-73. 

Godfrey KM, Sheppard A, Gluckman PD, Lillycrop KA, Burdge GC, McLean C, Rodford J, Slater-Jefferies JL, 

Garratt E, Crozier SR et al. 2011. Epigenetic gene promoter methylation at birth is associated 

with child's later adiposity. Diabetes 60(5): 1528-1534. 

Gordon L, Joo JE, Powell JE, Ollikainen M, Novakovic B, Li X, Andronikos R, Cruickshank MN, Conneely 

KN, Smith AK et al. 2012. Neonatal DNA methylation profile in human twins is specified by a 

complex interplay between intrauterine environmental and genetic factors, subject to tissue-

specific influence. Genome Res. 

Grundberg E, Meduri E, Sandling JK, Hedman AK, Keildson S, Buil A, Busche S, Yuan W, Nisbet J, 

Sekowska M et al. 2013. Global analysis of DNA methylation variation in adipose tissue from 

twins reveals links to disease-associated variants in distal regulatory elements. Am J Hum Genet 

93(5): 876-890. 

Guo L, Choufani S, Ferreira J, Smith A, Chitayat D, Shuman C, Uxa R, Keating S, Kingdom J, Weksberg R. 

2008. Altered gene expression and methylation of the human chromosome 11 imprinted region 

in small for gestational age (SGA) placentae. Dev Biol 320(1): 79-91. 

Gutierrez-Arcelus M, Lappalainen T, Montgomery SB, Buil A, Ongen H, Yurovsky A, Bryois J, Giger T, 

Romano L, Planchon A et al. 2013. Passive and active DNA methylation and the interplay with 

genetic variation in gene regulation. Elife 2: e00523. 

Heyn H, Moran S, Hernando-Herraez I, Sayols S, Gomez A, Sandoval J, Monk D, Hata K, Marques-Bonet T, 

Wang L et al. 2013. DNA methylation contributes to natural human variation. Genome Res 23(9): 

1363-1372. 

Hillier TA, Pedula KL, Schmidt MM, Mullen JA, Charles MA, Pettitt DJ. 2007. Childhood obesity and 

metabolic imprinting: the ongoing effects of maternal hyperglycemia. Diabetes Care 30(9): 2287-

2292. 

Hofman PL, Regan F, Jackson WE, Jefferies C, Knight DB, Robinson EM, Cutfield WS. 2004. Premature 

birth and later insulin resistance. N Engl J Med 351(21): 2179-2186. 

Hoyo C, Murtha AP, Schildkraut JM, Jirtle RL, Demark-Wahnefried W, Forman MR, Iversen ES, Kurtzberg 

J, Overcash F, Huang Z et al. 2011. Methylation variation at IGF2 differentially methylated 

regions and maternal folic acid use before and during pregnancy. Epigenetics 6(7). 

Irizarry RA, Ladd-Acosta C, Wen B, Wu Z, Montano C, Onyango P, Cui H, Gabo K, Rongione M, Webster M 

et al. 2009. The human colon cancer methylome shows similar hypo- and hypermethylation at 

conserved tissue-specific CpG island shores. Nat Genet 41(2): 178-186. 

Johnson WE, Li C, Rabinovic A. 2007. Adjusting batch effects in microarray expression data using 

empirical Bayes methods. Biostatistics 8(1): 118-127. 

Kaminen-Ahola N, Ahola A, Maga M, Mallitt KA, Fahey P, Cox TC, Whitelaw E, Chong S. 2010. Maternal 

ethanol consumption alters the epigenotype and the phenotype of offspring in a mouse model. 

PLoS Genet 6(1): e1000811. 

 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


22 

 

Kaminsky ZA, Tang T, Wang SC, Ptak C, Oh GH, Wong AH, Feldcamp LA, Virtanen C, Halfvarson J, Tysk C 

et al. 2009. DNA methylation profiles in monozygotic and dizygotic twins. Nat Genet 41(2): 240-

245. 

Kasowski M, Kyriazopoulou-Panagiotopoulou S, Grubert F, Zaugg JB, Kundaje A, Liu Y, Boyle AP, Zhang 

QC, Zakharia F, Spacek DV et al. 2013. Extensive variation in chromatin states across humans. 

Science 342(6159): 750-752. 

Kilpinen H, Waszak SM, Gschwind AR, Raghav SK, Witwicki RM, Orioli A, Migliavacca E, Wiederkehr M, 

Gutierrez-Arcelus M, Panousis NI et al. 2013. Coordinated effects of sequence variation on DNA 

binding, chromatin structure, and transcription. Science 342(6159): 744-747. 

Klengel T, Mehta D, Anacker C, Rex-Haffner M, Pruessner JC, Pariante CM, Pace TW, Mercer KB, 

Mayberg HS, Bradley B et al. 2013. Allele-specific FKBP5 DNA demethylation mediates gene-

childhood trauma interactions. Nat Neurosci 16(1): 33-41. 

Lam LL, Emberly E, Fraser HB, Neumann SM, Chen E, Miller GE, Kobor MS. 2012. Factors underlying 

variable DNA methylation in a human community cohort. Proc Natl Acad Sci U S A. 

Lienert F, Wirbelauer C, Som I, Dean A, Mohn F, Schubeler D. 2011. Identification of genetic elements 

that autonomously determine DNA methylation states. Nat Genet 43(11): 1091-1097. 

Liu Y, Aryee MJ, Padyukov L, Fallin MD, Hesselberg E, Runarsson A, Reinius L, Acevedo N, Taub M, 

Ronninger M et al. 2013. Epigenome-wide association data implicate DNA methylation as an 

intermediary of genetic risk in rheumatoid arthritis. Nat Biotechnol 31(2): 142-147. 

McGowan PO, Sasaki A, D'Alessio AC, Dymov S, Labonte B, Szyf M, Turecki G, Meaney MJ. 2009. 

Epigenetic regulation of the glucocorticoid receptor in human brain associates with childhood 

abuse. Nat Neurosci 12(3): 342-348. 

McVicker G, van de Geijn B, Degner JF, Cain CE, Banovich NE, Raj A, Lewellen N, Myrthil M, Gilad Y, 

Pritchard JK. 2013. Identification of genetic variants that affect histone modifications in human 

cells. Science 342(6159): 747-749. 

Meaney MJ, Ferguson-Smith AC. 2010. Epigenetic regulation of the neural transcriptome: the meaning 

of the marks. Nat Neurosci 13(11): 1313-1318. 

Michels KB, Binder AM, Dedeurwaerder S, Epstein CB, Greally JM, Gut I, Houseman EA, Izzi B, Kelsey KT, 

Meissner A et al. 2013. Recommendations for the design and analysis of epigenome-wide 

association studies. Nat Methods 10(10): 949-955. 

Mill J, Heijmans BT. 2013. From promises to practical strategies in epigenetic epidemiology. Nat Rev 

Genet 14(8): 585-594. 

Ng JW, Barrett LM, Wong A, Kuh D, Smith GD, Relton CL. 2012. The role of longitudinal cohort studies in 

epigenetic epidemiology: challenges and opportunities. Genome Biol 13(6): 246. 

Ollikainen M, Smith KR, Joo EJ, Ng HK, Andronikos R, Novakovic B, Abdul Aziz NK, Carlin JB, Morley R, 

Saffery R et al. 2010. DNA methylation analysis of multiple tissues from newborn twins reveals 

both genetic and intrauterine components to variation in the human neonatal epigenome. Hum 

Mol Genet 19(21): 4176-4188. 

Ong ML, Holbrook JD. 2013. Novel region discovery method for Infinium 450K DNA methylation data 

reveals changes associated with aging in muscle and neuronal pathways. Aging Cell 13(1): 142-

155. 

Ong ML, Teh AL, Holbrook JD. 2012. Region-centric analysis on the Infinium 450K methylation array: an 

aging example Ageing Cell. 

Otani J, Nankumo T, Arita K, Inamoto S, Ariyoshi M, Shirakawa M. 2009. Structural basis for recognition 

of H3K4 methylation status by the DNA methyltransferase 3A ATRX-DNMT3-DNMT3L domain. 

EMBO Rep 10(11): 1235-1241. 

 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


23 

 

Painter RC, Osmond C, Gluckman P, Hanson M, Phillips DI, Roseboom TJ. 2008. Transgenerational effects 

of prenatal exposure to the Dutch famine on neonatal adiposity and health in later life. BJOG 

115(10): 1243-1249. 

Pan H, Chen L, Dogra S, Ling Teh A, Tan JH, Lim YI, Lim YC, Jin S, Lee YK, Ng PY et al. 2012. Measuring the 

methylome in clinical samples: Improved processing of the Infinium Human Methylation450 

BeadChip Array. Epigenetics 7(10): 1173-1187. 

Patel CJ, Chen R, Kodama K, Ioannidis JP, Butte AJ. 2013. Systematic identification of interaction effects 

between genome- and environment-wide associations in type 2 diabetes mellitus. Hum Genet 

132(5): 495-508. 

Perera F, Tang WY, Herbstman J, Tang D, Levin L, Miller R, Ho SM. 2009. Relation of DNA methylation of 

5'-CpG island of ACSL3 to transplacental exposure to airborne polycyclic aromatic hydrocarbons 

and childhood asthma. PLoS One 4(2): e4488. 

Pilsner JR, Hall MN, Liu X, Ilievski V, Slavkovich V, Levy D, Factor-Litvak P, Yunus M, Rahman M, Graziano 

JH et al. 2012. Influence of prenatal arsenic exposure and newborn sex on global methylation of 

cord blood DNA. PLoS One 7(5): e37147. 

Pilsner JR, Hu H, Ettinger A, Sanchez BN, Wright RO, Cantonwine D, Lazarus A, Lamadrid-Figueroa H, 

Mercado-Garcia A, Tellez-Rojo MM et al. 2009. Influence of prenatal lead exposure on genomic 

methylation of cord blood DNA. Environ Health Perspect 117(9): 1466-1471. 

Price ME, Cotton AM, Lam LL, Farre P, Emberly E, Brown CJ, Robinson WP, Kobor MS. 2013. Additional 

annotation enhances potential for biologically-relevant analysis of the Illumina Infinium 

HumanMethylation450 BeadChip array. Epigenetics Chromatin 6(1): 4. 

Pujadas E, Feinberg AP. 2012. Regulated noise in the epigenetic landscape of development and disease. 

Cell 148(6): 1123-1131. 

Relton CL, Groom A, St Pourcain B, Sayers AE, Swan DC, Embleton ND, Pearce MS, Ring SM, Northstone 

K, Tobias JH et al. 2012. DNA methylation patterns in cord blood DNA and body size in 

childhood. PLoS One 7(3): e31821. 

Roseboom TJ, van der Meulen JH, Ravelli AC, Osmond C, Barker DJ, Bleker OP. 2001. Effects of prenatal 

exposure to the Dutch famine on adult disease in later life: an overview. Mol Cell Endocrinol 

185(1-2): 93-98. 

Schwarze CE, Mobascher A, Pallasch B, Hoppe G, Kurz M, Hellhammer DH, Lieb K. 2012. Prenatal 

adversity: a risk factor in borderline personality disorder? Psychol Med: 1-13. 

Seckl JR, Meaney MJ. 1993. Early life events and later development of ischaemic heart disease. Lancet 

342(8881): 1236. 

Simons RL, Lei MK, Beach SR, Brody GH, Philibert RA, Gibbons FX. 2011. Social Environmental Variation, 

Plasticity Genes, and Aggression: Evidence for the Differential Susceptibility Hypothesis. Am 

Sociol Rev 76(6): 833-912. 

Skilton MR, Viikari JS, Juonala M, Laitinen T, Lehtimaki T, Taittonen L, Kahonen M, Celermajer DS, 

Raitakari OT. 2011. Fetal growth and preterm birth influence cardiovascular risk factors and 

arterial health in young adults: the Cardiovascular Risk in Young Finns Study. Arterioscler Thromb 

Vasc Biol 31(12): 2975-2981. 

Soh SE, Tint MT, Gluckman PD, Godfrey KM, Rifkin-Graboi A, Chan YH, Stunkel W, Holbrook JD, Kwek K, 

Chong YS et al. 2013. Cohort Profile: Growing Up in Singapore Towards healthy Outcomes 

(GUSTO) birth cohort study. Int J Epidemiol. 

Sohi G, Revesz A, Hardy DB. 2011. Permanent implications of intrauterine growth restriction on 

cholesterol homeostasis. Semin Reprod Med 29(3): 246-256. 

Soto-Ramirez N, Arshad SH, Holloway JW, Zhang H, Schauberger E, Ewart S, Patil V, Karmaus W. 2013. 

The interaction of genetic variants and DNA methylation of the interleukin-4 receptor gene 

increase the risk of asthma at age 18 years. Clin Epigenetics 5(1): 1. 

 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


24 

 

Stunkel W, Pan H, Chew SB, Tng E, Tan JH, Chen L, Joseph R, Cheong CY, Ong ML, Lee YS et al. 2012. 

Transcriptome changes affecting hedgehog and cytokine signalling in the umbilical cord: 

implications for disease risk. PLoS One 7(7): e39744. 

Tobi EW, Heijmans BT, Kremer D, Putter H, Delemarre-van de Waal HA, Finken MJ, Wit JM, Slagboom PE. 

2011. DNA methylation of IGF2, GNASAS, INSIGF and LEP and being born small for gestational 

age. Epigenetics 6(2): 171-176. 

van der Kaay DC, Hendriks AE, Ester WA, Leunissen RW, Willemsen RH, de Kort SW, Paquette JR, 

Hokken-Koelega AC, Deal CL. 2009. Genetic and epigenetic variability in the gene for IGFBP-3 

(IGFBP3): correlation with serum IGFBP-3 levels and growth in short children born small for 

gestational age. Growth Horm IGF Res 19(3): 198-205. 

Visel A, Minovitsky S, Dubchak I, Pennacchio LA. 2007. VISTA Enhancer Browser--a database of tissue-

specific human enhancers. Nucleic Acids Res 35(Database issue): D88-92. 

Weaver IC, Cervoni N, Champagne FA, D'Alessio AC, Sharma S, Seckl JR, Dymov S, Szyf M, Meaney MJ. 

2004. Epigenetic programming by maternal behavior. Nat Neurosci 7(8): 847-854. 

Yousefi M, Karmaus W, Zhang H, Ewart S, Arshad H, Holloway JW. 2013. The methylation of the 

LEPR/LEPROT genotype at the promoter and body regions influence concentrations of leptin in 

girls and BMI at age 18 years if their mother smoked during pregnancy. Int J Mol Epidemiol 

Genet 4(2): 86-100. 

Zhang D, Cheng L, Badner JA, Chen C, Chen Q, Luo W, Craig DW, Redman M, Gershon ES, Liu C. 2010. 

Genetic control of individual differences in gene-specific methylation in human brain. Am J Hum 

Genet 86(3): 411-419. 

Zhang FF, Cardarelli R, Carroll J, Fulda KG, Kaur M, Gonzalez K, Vishwanatha JK, Santella RM, Morabia A. 

2011. Significant differences in global genomic DNA methylation by gender and race/ethnicity in 

peripheral blood. Epigenetics 6(5): 623-629. 

 

 

 

 

 

 

 

 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


 Cold Spring Harbor Laboratory Press on May 14, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com

