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Figure 2. QQ and Manhattan plots for the (A) TwinsUK, (B) Rotterdam Study full cohort 

MWASs, (C) and Meta-analysis. 
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Figure 3. Chromosome 1 methylation probe association with tHcy is contingent upon 

MTHFR genotype: (A) TwinsUK and (B) Rotterdam Study. This figure illustrates the 

differential methylation for the probes on chromosome 1 with probe methylation plotted 

on the Y-axis and tHcy plotted on the X-axis with individuals distinguished by whether they 

carry a CC MTHFR c.C677T genotype (green) or a CT/TT genotype (red). All four 

chromosome 1 probes show an interaction between tHcy and SNP in both TwinsUK and 

Rotterdam Study. The strength of relationship between probe methylation and tHcy 

significantly differs depending upon the MTHFR genotype carried. (C) Correlated response 

to [tHcy x c.C677T] for the probes within a 50kb region surrounding the index probe 

cg24844545 (indicated by a dashed line in the figure). 
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DISCUSSION 

There is growing evidence suggesting that perturbations in 1-carbon metabolism (1-

CM), in part due to variable dietary exposure or genetic variation - for example the 

common MTHFR c.677C>T polymorphism within the MTHFR gene - can affect patterns 

of DNA methylation and affect the regulation of gene expression throughout the 

course of life[2, 16]. A large number of epidemiological studies, including observational 

and experimental, have now shown associations between either low/normal levels of 

folate/vitamin B12 or  mild elevations in plasma tHcy – an integrative marker and 

indicator of perturbed 1-CM - and increased risk of a range of vascular and 

neurodegenerative diseases[4, 17, 18]. Interestingly, a previous study by Friso et al. 

(2002) was the first to highlight that the relationship between folate status and global 

DNA methylation is strongly modulated by the MTHFR c.677C>T polymorphism and the 

activity of the MTHFR enzyme. However, to date there are no studies that have sought 

to identify differentially methylated sites in the human genome that are dynamically 

affected by the interaction between plasma tHcy and the MTHFR c.677C>T 

polymorphism.  

To this end, we carried out a methylome-wide association study in two large, 

independent cohorts followed by a meta-analysis of the results, to identify specific 

sites across the methylome that are differentially methylated as a consequence of the 

interaction between MTHFR c.677C>T polymorphism and mild tHcy elevation.  

Methylome-wide association studies of total homocysteine 

Our initial exploratory analysis in TwinsUK underlined a significant negative 

relationship between DNA methylation and tHcy levels only with CT/TT genotype, but 

not CC. This is in accordance with previous studies that have investigated the 

interrelationships between concentrations of tHcy, the MTHFR c.677C>T polymorphism 

and global DNA methylation [19-21]. It’s important to note that contrary to approach 

used by Friso et al.’s and subsequent studies [22, 23], our study did not explicitly use 

folate status and instead focused on tHcy as the principle exposure variable of interest. 

As explained previously in the introduction, the available TwinsUK data on folate was 

measured by a clinical laboratory that used a cut-off value of >20 ng/ml, all values 

above 20 ng/ml were assigned >20 ng/ml making nearly a third of the data unreliable 

and therefore not amenable to quantitative association analysis. We also had 

substantially fewer subjects with both folate and methylation data; N=200 as opposed 

to N= 610 with complete tHcy and methylation data.  More importantly, however, 

although motivated by the findings from the Friso et al. study, we were more 

interested in unravelling the consequences of the interaction between aberrant 1-CM 

function, MTHFR c.677C>T and site-specific DNA methylation. Levels of total Hcy have 

been shown to be a powerful integrative biomarker of 1-CM function in health and 

disease and would allow a more holistic approach.  
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Our results show that the previous observations by Friso et al. (2002) on 

global DNA methylation are supported by our meta-analysis of 2 independent MWAS 

which identified a total of 13 differentially methylated positions (DMPs) on 

chromosomes 1, 2, 3, 4, 7, 12 and 19 significantly associated with [c677C>T x tHcy] 

levels. The most significant associations were with a cluster of probes at the AGTRAP-

MTHFR-NPPA/B gene cluster on chromosome 1. In-silico analysis showed that 

differential methylation at this region is functionally associated with variability in 

expression of the TNF Receptor Superfamily Member 8 (TNFRSF8) gene[14].   

Two recent MWASs by Mandaviya et al. (2017) have sought to identify 

associations between (1) tHcy; and (2) the MTHFR C677T variant and site-specific 

leukocyte DNA methylation levels [24, 25]. They identified 3 DMPs at or near genes 

SLC27A1, AJUBA and KCNMA1 on chromosome 19, 14 and 10, respectively – as well as 

68 differentially methylated regions (DMR) – associated with tHcy levels[24]. They 

further identified a DMR pertaining to the MTHFR locus in cis (≤ 1Mb upstream or 

downstream) and a single trans-CpG (> 1Mb upstream or downstream) associated with 

the MTHFR C677T variant [25]. Notably, the DMR at the MTHFR locus, identified by 

Mandaviya et al. to be associated with the MTHFR c.677C>T variant, overlaps with our 

top hits in the present study that include 4 CpGs at the AGTRAP-MTHFR-NPPA/B gene 

cluster on chromosome 1.  So, could our top hit actually be a genetically-driven finding 

as opposed to a true consequence of the interaction between MTHFR c677C>T and 

tHcy given (1) the inherent lack of power associated with finding true interactions; and 

(2) that the MTHFR DMR was not associated with tHcy? The data provides strong 

evidence for an interaction between rs1801133 genotype and serum homocysteine 

levels that impacts upon site-specific methylation levels and as such, we believe that 

our results represent a more realistic biological consequence of the interaction 

between 1-CM and genetic variation. It is also important to note that a true interaction 

between two or more exposure variables does not preclude main effect associations 

although a true biological interaction can manifest in the absence of independent main 

effects. So, it is very likely that both the MTHFR c.677C>T variant and the interaction 

[c.677C>T x tHcy] are associated with the DMR at the MTHFR locus.  Furthermore, we 

would like to highlight that none of the other findings by Mandaviya et al. overlap with 

any of the remaining 9 loci identified at other chromosomes in the current study, 

emphasising the importance of appropriately modelling and identifying site-specific 

DNA methylation outcomes that are dynamically responsive to this interaction. 

DMPs in AGTRAP-MTHFR-NPPA/B gene cluster on chromosome 1 and cardiovascular 

function 

Our top hits pertain to a cluster of probes at the AGTRAP-MTHFR-NPPA/B gene locus 

on chromosome 1. The NPPA gene encodes for a protein from the natriuretic peptide 

family, which is involved in the control of extracellular fluid volume and electrolyte 
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homeostasis. Similarly, the protein NPPB‘s biological functions include natriuresis, 

diuresis, as well as the inhibition of renin and aldosterone secretion thus potentially 

playing a role in regulating blood pressure and cardiovascular function. Also, the 

adjacent gene AGTRAP encodes for the angiotensin II receptor associated protein, 

which is postulated to be involved in the regulation of blood pressure. Recent studies 

suggest that AGTRAP, or ATRAP, which is expressed in heart tissue plays a regulatory 

role of the cardiac SERCA2a uptake of calcium, and that it is associated with long-term 

inhibition of ventricular hypertrophy when hypomethylated [26, 27].  

We used data from the BIOS QTL browser to assess whether differential 

methylation at the AGTRAP-MTHFR-NPPA/B gene cluster was functionally associated 

with variability in expression of any genes in cis of this gene cluster (±500kb)[14]. Our 

in-silico look up identified the expression of the TNFRSF8 gene on chromosome 1 to be 

significantly associated with differential methylation of the probe cg06193043 probe at 

this gene cluster (P= 1.5E-04). TNFRSF8 encodes a protein of the tumor necrosis factor-

receptor superfamily (CD30) that mediates the signal transduction pathway leading to 

NF-kB activation and so is a positive regulator of apoptosis. Expression of CD30 has 

been previously associated with autoimmune function [28] and cancer therapy [29] but 

no over-obvious link can be drawn to 1-CM function.  

DMPs in HIF3A are associated with aspects of metabolic syndrome 

The CpG sites at loci on chromosomes 2 (PLEKHH2), 7 (SH2B2) and 19 (HIF3A) were 

shown to be significantly associated with [c.677C>T x tHcy] levels in both cohorts and 

thought to play roles in aspects of metabolic syndrome. HIF3A is thought to act as a 

transcriptional regulator in adaptive response to low oxygen tension and plays a role in 

glucose, lipid and amino acid metabolism as well as adipocyte differentiation [30, 31]. 

Interestingly, hyper-methylation at the HIF3A locus has been previously positively 

associated with variability in BMI [32], adipose tissue dysfunction [33], and risk of 

gestational diabetes mellitus[34]. There have also been speculations about the role of 

genetic variants in the PLEKHH2 region as a potential risk factor for diabetic 

neuropathy [35].  To date, no human studies have been carried out to investigate site-

specific DNA methylation patterns related to 1-CM that may influence risk of obesity 

and metabolic syndrome. There is compelling evidence in mouse models to suggest a 

role of 1-CM in mediating the risk of metabolic syndrome through altered DNA 

methylation and how the provision of methyl donor supplements can avert 

transgenerational effects of obesity [36].  There is however robust observational data 

both supporting or refuting an observational link between 1-CM function – through 

studies on tHcy, folate, or vitamin B12 as well as genetic studies, based on either the 

MTHFR polymorphism alone [37] or a cassette of genetic markers [38] - and aberrant 

metabolic function [39, 40], obesity, or type 2 diabetes [41, 42]. Results from the 

current study add further evidence to this literature and motivate future functional 



202 PART B: Homocysteine and DNA methylation 

 

work on these identified loci which may allow more robust conclusions to be drawn 

with regard to the role of 1-CM function in metabolic disease aetiology [34, 43, 44]. 

DMPs in genes associated with cellular structure/function and cancer 

Finally, we also identified significant associations with CpG sites on chromosome 2 

(located within/near genes DYNC2LI1, NCAPH, NEURL3) and 4 (PROM1) which are 

thought to play putative roles in cellular structure and function. NCAPH has been found 

to be highly expressed in colon cancerous (CC) tissue and harbours a number of 

mutations in CC patients, serving as a prime therapeutic target for CC [45].  Similarly, 

PROM1 (CD133) is associated with recurrent glioma [46] and melanoma [47]. Due to 

their involvement in cellular differentiation and transport, we can hypothesise that 

alterations in the expression of these genes due to epigenetic modifications caused by 

1-CM imbalance may lead to cell metabolism imbalances, potentially leading to a 

number of complications, including cellular atrophy, neurodegeneration and different 

types of cancers. 

Strengths and limitation 

Our study has specific strengths and limitations which warrant further discussion. Our 

study is the first to systematically investigate site-specific DNA methylation as a 

consequence of interaction between the MTHFR c.677C>T polymorphism and tHcy. 

Furthermore, the utility of two independent cohorts followed by a meta-analysis 

reduces potential biases, the chance of false positive findings whilst possibly increasing 

our power to detect loci of significant biological effect. Finally, utilising an established 

MWAS analytical approach incorporating and correcting for technical and biological 

covariates into our analysis provides reassurance that our results represent genuine 

findings.  

A potential limitation of our study is the unbalanced constituency of gender 

among our cohorts. For historical reasons, the TwinsUK cohort is predominantly made 

up of female twins whereas the Rotterdam cohort included a balanced number of 

males and females. Thus, inherent male/female differences in either the exposure 

(tHcy) and/or outcome (site-specific DNA methylation levels) may distort the molecular 

consequences to the discordant tHcy levels in males and females. Such gender 

differences have been identified in tHcy levels previously.  Total Hcy concentrations 

have been found to be significantly higher in men than in women in both the 

Framingham Offspring Cohort study and the Hordaland Homocysteine study which 

demonstrated ~11% higher tHcy in men than women[48, 49]. In our study, we also 

note a significant difference in tHcy levels between males and females in the 

Rotterdam cohort matching those reported in the HHS (~11%). To overcome this 

limitation, we included sex as a covariate in the Rotterdam MWAS and notably we 

identified some of the same significant loci in both the female-only meta-analysis and 
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the full cohort (male + females) meta-analysis. Another potential limitation is that DNA 

was extracted from whole blood and so the site-specific methylation values represent 

those from across various types of leukocytes. To minimise the influence of cell 

composition we adjusted our analysis for either measured or estimated leukocytes 

composition but there is still a possibility that observed differential methylation was 

confounded by either tHcy or ageing induced shifts in leukocyte distribution. Finally, 

although we used the latest technology for assessing DNA methylation patterns from 

across the human genome, the450 BeadChip array still only targets ~2% of all CpGs in 

the genome. Thus, although not strictly a shortcoming of our study, it is quite likely 

that we would have missed a number of relevant genomic regions. 

CONCLUSIONS 

This study has allowed us to test and further examine an important paradigm that 

there are associations between DNA methylation patterns and [c.677C>T x tHcy] at 

specific sites in the epigenome, and to gain novel potential mechanistic insight into the 

epigenetic consequences of this gene by nutrient/metabolite interaction. Indeed, 

identifying [c.677C>T x tHcy]-sensitive DMPs, and their effect on nearby genes has 

provided a step forward in (1) identifying loci that can be used as candidate genes or 

regions in specific diseases, and (2) generating opportunities for better/well-informed 

study design, driving us towards more targeted preventative public health approach.   
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ABSTRACT 

Background: Folate and vitamin B12 are essential micronutrients involved in the 

donation of methyl groups in cellular metabolism. Folate and vitamin B12 intake have 

been shown to increase DNA methylation in mostly animal studies. However, 

associations between intake of these nutrients and genome-wide DNA methylation 

levels have not been studied comprehensively in humans. 

Objective: To assess whether folate or vitamin B12 intake are asssociated with 

genome-wide changes in methylation in leukocytes. 

Design: A large-scale epigenome-wide association study of folate and vitamin B12 

intake was performed on DNA from 5,841 participants from 10 cohorts using Illumina 

450k arrays. Folate and vitamin B12 intakes were calculated from food frequency 

questionaires. Continuous and categorical (low vs. high intake) linear regression mixed 

models were applied per cohort, controlling for confounders. Meta-analysis was 

performed to identify significant differentially methylated positions (DMPs) and regions 

(DMRs). Pathway analysis was done on the DMR annotated genes using the WEB-based 

GEne SeT AnaLysis Toolkit. 

Results: Folate intake was associated with 6 novel DMPs annotated to FAM64A, 

WRAP73, FRMD8, CUX1 and LCN8 genes, which have a role in cellular processes 

including centrosome localization, cell proliferation and tumorigenesis. Regional 

analysis showed 74 folate associated DMRs annotated to 117 genes. The most 

significant DMR was a 400 bp spanning region annotated to LGALS3BP that is 

implicated in immune response and tumorigenesis. Signaling pathways regulating 

pluripotency of stem cells are overrepresented among the folate associated DMR 

genes. Vitamin B12 intake was associated with 29 DMRs annotated to 48 genes, of 

which the most significant was a 1,100 bp spanning region annotated to CABYR, which 

is involved in lung and hepatocellular cancers. Vitamin B12 intake was not associated 

with  DMPs. 

Conclusions: We identified several novel differentially methylated loci that could be 

mechanistic indicators of low folate and vitamin B12 intake.  



CHAPTER 7: Dietary B-vitamins and DNA methylation 211 

 

 
 

INTRODUCTION 

Folate and vitamin B12 are essential micronutrients of the one-carbon pathways that 

are involved in the donation of methyl groups to the DNA, RNA and proteins [1]. Folate 

is a methyl-donor itself, where its active form, 5-methyltetrahydrofolate, donates its 

methyl group to the re-methylation of homocysteine to methionine. Vitamin B12 is a 

cofactor in this reaction. 

Folate and vitamin B12 status has been connected to diverse diseases. Low 

levels of folate and vitamin B12 during pregnancy are independently associated with 

the risk of neural tube defects in the child [2-4]. IN addition, low levels of folate and/or 

vitamin B12 are associated with risk for a wide range of diseases, such as 

cardiovascular diseases and osteoporosis [5-8]. Severe vitamin B12 and folate 

deficiencies result in megaloblastic anemia, which for vitamin B12 deficiency is 

associated with severe neurological abnormalities [9]. Diagnosis of vitamin B12 

deficiency is hampered by the lack of diagnostic accuracy of available biomarkers. DNA 

methylation is a possible mechanism underlying the previously identified relationships 

between folate or vitamin B12 deficiency and disease risk, and specific alterations in 

methylation patterns could serve as future biomarkers for these nutrient related 

disease risks. Therefore, it is important to assess the association of these nutrients with 

DNA methylation. 

The relationship between folate and/or vitamin B12 intake and DNA 

methylation has been investigated mostly in studies examining individuals with a 

particular disease, which might confound the observed associations [10-12]. A limited 

number of human studies were conducted in disease-free individuals [13-17]. 

Importantly, in all previous studies, global DNA methylation levels were assessed either 

as total 5-methyl cytosine content, or LINE-1 or Alu repeat methylation as a proxy for 

global methylation status in blood leukocytes. The results from these studies were 

inconsistent [13-17]. The relation between maternal folate intake and fetal DNA 

methylation was investigated in a few studies showing that maternal intake was 

associated with changes in DNA methylation [18-20]. The previous studies related to 

folate and vitamin B12 and DNA methylation have been limited with respect to 

outcome (e.g. global methylation levels only), sample size and participants (e.g. 

maternal-fetal exposures), and to date there are no large-scale epigenome-wide 

association studies (EWASs) in adults examining the relationship between B-vitamin 

intake and DNA methylation. 

In this study, we undertook a large-scale EWAS of folate and vitamin B12 

intake, analysing the association with methylation at up to 485,512 CpGs assessed in 

whole blood measured in up to 5,841 individuals across ten cohorts from Europe and 

North America. Since folate and vitamin B12 are important in the transfer of methyl 

groups to DNA, we hypothesize that low intake of folate or vitamin B12 is associated 

with genome-wide DNA hypomethylation in the normal population.  



212 PART C: Nutrition, lifestyle and DNA methylation 

 

MATERIALS AND METHODS 

Study populations 

Data from 10 cohorts with a total of 5,520 individuals of European ancestry and 321 

African American individuals were included in this meta-analysis. Written informed 

consent was given by all participants for genetic research. Descriptions of each cohort 

are provided in Text S1. For all participating studies, individuals with prevalent cancer 

were excluded from analyses due to potential differences in dietary patterns in 

response to their disease [21, 22] and different methylation patterns [23, 24]. 

DNA methylation assessment 

Genomic methylation profiling was performed on whole blood in 10 cohorts using the 

Infinium Illumina HumanMethylation 450k BeadChip arrays (Illumina Inc., San Diego, 

USA) according to the manufacturer’s protocol. The Genetics of Lipid Lowering Drugs 

and Diet Network (GOLDN) study used CD4+ T cells from buffy coats. The Illumina array 

measures methylation status of 485,512 CpG sites in the gene and non-gene regions of 

CpG islands, shores and shelves of the human genome [25]. Poor quality samples and 

probes were excluded based on cohort-specific criteria [Table S1]. Quantile [26], 

DASEN [27], Subset-quantile Within Array Normalization (SWAN) [28], Beta MIxture 

Quantile dilation (BMIQ) [29] or Functional normalization [30] was used to correct the 

raw beta values that represents the methylation percentage per CpG for every sample. 

The normalized beta values were used for the association analysis in each cohort. 

Data collection and Dietary assessment 

Dietary intake data were derived in each cohort from structured self-administered food 

frequency questionnaires (FFQs) varied from 78 to 560 food items [Table 1]. Exposure 

variables for the nutrients folate and vitamin B12 were calculated in micrograms per 

day from dietary intake data using national food composition tables [Table 1]. This 

included foods with folic acid fortification if this was the case, but did not include B-

vitamin supplement intake. Participants with missing dietary data, or who reported 

very low (<500) or very high (>5000) total energy intake were excluded. 

In order to reduce the magnitude of the systematic measurement error of the 

FFQ, each nutrient was adjusted for total energy intake, using the residual method 

[31]. Next, unstandardized residuals from this regression of each nutrient and total 

energy intake were used for association analyses. B-vitamin supplement intake was 

available in all cohorts for use as a covariate. Since these supplement data were 

recorded in different forms (B-vitamins, multivitamins or folic acid supplements) and 

different units (frequency per day or per week) in each cohort, we harmonized these 

data across all cohorts by grouping individuals as supplement users and non-users. 
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STATISTICAL ANALYSES 

Differentially Methylated Positions (DMPs): Cohort-specific association analyses 

Each participating cohort used linear mixed models to investigate the associations 

between each nutrient and genome-wide DNA methylation. Models were adjusted for 

age, sex, body mass index (BMI), differential white blood cell (WBC) counts, smoking 

status, physical activity, B-vitamin supplement intake, and alcohol (grams per day or 

drinks per week) and coffee (grams per day or servings per day) consumption as fixed 

effects, except for those studies for whom some covariates were not present [Table 2]. 

Technical covariates such as array number and position on array were also adjusted 

for, and were treated as random effects. Differential WBC counts were either 

represented as percentage of measured cell counts, or imputed using the Houseman 

method [32]. We first used a continuous model (Model 1), where the unstandardized 

residuals of each nutrient were used as continuous variables to estimate their 

association with genome-wide DNA methylation. To determine whether large 

differences in nutrient intake effect DNA methylation, we also performed a categorical 

analysis where the individuals of each residual nutrient were divided into tertiles, and 

the first and third tertiles were used to define low and high nutrient intakes, 

respectively (Model 2). Food intake measured by FFQ is prone to measurement error, 

but is ideal for ranking individuals based on their intake [33]. Thus, a model based on 

categorical ranks rather than absolute intake is the recommended analytical approach. 

In addition, we performed a sensitivity analysis of both folate and vitamin B12 intake in 

non-users of B-vitamin supplements only (Model 3). 

Differentially Methylated Positions (DMPs): Meta-analyses 

Figure 1 shows the stepwise study design that was followed. Using the software 

GWAMA [34], fixed effect meta-analyses as weighted by inverse variance were 

performed from the summary statistics of each participating cohort on the continuous 

(Model 1), categorical (Model 2) and supplement non-users sensitivity models (Model 

2a) of folate and vitamin B12 intake EWASs. An additional sensitivity meta-analysis was 

also performed with limitation to studies that had FFQ data at the same time point as 

DNA methylation measurements (Model 2b). Heterogeneity (I2) was considered to 

account for differences between cohorts using fixed effect meta-analysis. The probes 

with SNPs at single base extension and probes with improper binding [35] were 

excluded to avoid spurious signals and co-hybridization with alternate homologous 

sequences. All participating cohorts had different probe exclusions for quality control 

and therefore at this stage, we removed probes if they were not present in at least 5 

cohorts. The significance was defined by the Benjamini-Hochberg (BH) method [36] of 

the false discovery rate (FDR) <0.05. The gene annotations for the DMPs we identified 

were performed using the Genomic Regions Enrichment of Annotations Tool (GREAT) 
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[37] with University of California, Santa Cruz (UCSC) [38] where they assigned a 

regulatory domain consisting of a basal domain to each gene, that extends up to 5 kb 

upstream and 1 kb downstream from its transcription start site. The DMP is annotated 

with a gene if it overlaps with its basal domain, In addition, DMP is annotated to a gene 

if an extension is reached up to the basal regulatory domain of the nearest upstream 

and downstream genes within 1 Mb. The genomic inflation factor (λ) [39] were 

computed to estimate the rate of false positives due to population structure. Although 

such measure has been successfully applied in genome-wide association studies 

(GWAS), its application to EWAS may not confer the same benefit due to the inherent 

nature of the correlation structure in CpG sites of interdependent pathways and 

environment exposure [40]. 

Differentially Methylated Regions (DMRs) 

We identified DMRs for each nutrient using the software comb-p [41], through analysis 

of the nominal p-values of DMPs generated from the meta-analysis (Figure 1, Model 3). 

Nominal p-values of DMPs were adjusted according to their weighted correlation with 

adjacent p-values using the Stouffer–Liptak–Kechris method, in a sliding window of 500 

base pairs (bp) with varying lags of 50 bp [41]. Regions were identified by the peak 

finding algorithm on the adjusted p-values that qualified according to the BH FDR 

threshold <0.05. The identified regions were then given new p-values and corrected for 

multiple testing using the Sidak correction [41]. The significance for DMRs was defined 

as Sidak <0.05 for each nutrient. The gene annotations for the identified DMRs were 

performed using the GREAT tool [37] with the same extensions as applied for the DMP 

gene annotations. 

Pathway analysis was performed for genes annotated to the DMRs related to 

each nutrient, using the WEB-based GEne SeT AnaLysis Toolkit [42]. 

Overrepresentation enrichment analysis was performed for the GREAT annotated 

genes of the folate and vitamin B12 associated DMRs, respectively, and compared 

against the reference genome, in the KEGG pathways. The multiple testing was set to 

FDR <0.05 and the minimum number of genes in a functional gene set category was set 

to two. 

Previously published DMPs using Illumina 450k arrays  

We also investigated whether previously published DMPs related to maternal folate 

[19, 20] and DMPs related to folate and vitamin B12 intervention [43] were associated 

with folate and vitamin B12 intake in our population-based meta-analysis in adults. 

Gonseth et al. observed four DMPs (cg22664307, cg21039708, cg15219145 and 

cg13499966) in neonatal blood which were associated with maternal folate intake 

(n=167) [19]. In a second study examining cord blood methylation with maternal 

plasma folate (n=1988), 443 DMPs in cord blood were identified [20]. In a 2-year folic 



CHAPTER 7: Dietary B-vitamins and DNA methylation 215 

 

 
 

acid and vitamin B12 intervention study, one DMP (cg19380919) had the greatest 

change in methylation in the treatment group compared to the controls with marginal 

significance [43]. We compared the nominal p-values and beta coefficients to examine 

the direction of effects. In addition, we also checked for the enrichment of these 

previously found DMPs in our meta-analysis by comparing these CpGs to the same 

number of randomly selected CpGs from the array using 100 permutations. From both 

the CpG sets, the number of CpGs that had nominal p-value <0.05 were determined 

and compared. Using Fisher’s exact test, the significant enrichment was then 

determined. 
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RESULTS 

Cohort Characteristics 

Among the European cohorts, the median intakes of dietary folate ranged from 193 

µg/d in the Leiden Longevity Study to 415 µg/d in the Rotterdam Study. Among the 

American cohorts, the median intakes of dietary folate ranged from 234 µg/d in the 

Genetics of Lipid Lowering Drugs and Diet Network (GOLDN) study to 405 µg/d in the 

Framingham Heart Study (FHS). Among the European cohorts, the median intake of 

dietary vitamin B12 ranged from 4.0 µg/d in the Leiden Longevity Study (LLS) to 7.4 

µg/d in the Young Finns Study (YFS). For the American cohorts, the median intake of 

dietary vitamin B12 ranged from 4.5 µg/d in the GOLDN study to 6.3 µg/d in the ARIC 

Study. Characteristics of each participating study are given in Table 1. 

Study participants were adults (44-100% women) with the mean age ranging 

from 40-77 years. There were 7-25% current smokers and 3-58% of B-vitamin, 

multivitamin or folic acid supplement users. Since the use of supplements may be a 

confounder to the analysis, we also performed a sensitivity analysis in non-users of B-

vitamin, multivitamin or folic acid supplements. Further characteristics such as BMI, 

WBC counts, physical activity, alcohol and coffee intake of each cohort are provided in 

Table 2. 

MODELS 

Model 1: Continuous (Differentially methylated positions) 

Meta-analysis of the 5,815 individuals from the EWAS analysis of the folate intake 

continuous model showed no significant DMP associations (FDR <0.05). Meta-analysis 

of the 5,302 individuals of the EWAS analysis of the vitamin B12 intake continuous 

model also showed no significant DMP associations (FDR <0.05). 

Model 2: Categorical (Differentially methylated positions) 

Meta-analyses of 3,894 individuals evaluated categorically from the EWASs of folate 

intake showed 6 significant DMP associations (FDR <0.05) [Table 3, Figure 2 (a-g) and 

S2]. These 6 DMPs showed consistent association with nominal significance (p <0.05) in 

the continuous model [Table 3]. The most significant DMP was at cg23465990 

(P=3.87E-08, FDR=0.018) on chromosome 17, annotated to the nearest gene FAM64A 

(605 bp upstream), and showed 0.12% decrease in methylation per micrograms per 

day increase in residual folate intake. Other significant DMPs at cg11832534, 

cg03249011, cg14398883, cg00826902 and cg14145338 were annotated to the nearest 

genes WRAP73 (2,648 bp downstream), FRMD8 (41931 bp downstream), CUX1 (62,673 

bp upstream), WRAP73 (2,692 bp downstream) and LCN8 (3,667 bp downstream), 

respectively of chromosomes 1, 11, 7 and 9. All identified DMPs were negatively 
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associations between folate intake and methylation levels with 0.12-0.79% decrease in 

methylation per micrograms per day increase in residual folate intake. 

EWAS results of the vitamin B12 intake categorical model did not show 

significant DMPs in the meta-analysis of 3,566 individuals [Figure S2]. Of the 6 

significant DMPs from the folate intake analysis, two DMPs (cg23465990 and 

cg14398883) showed borderline nominal significance in the same direction as folate 

intake in the categorical model of vitamin B12 intake (p = 0.02 and 0.04, respectively) 

[Table S3]. 

Model 2a: Sensitivity model in supplement non-users 

A sensitivity analysis was further performed to reduce heterogeneity in the models 

caused by the use of B-vitamin supplements. This may potentially help with finding 

new true positive DMPs. In sensitivity analyses performed in supplement non-users, 

there were no significant DMPs in the meta-analysis of 2,183 individuals for the 

categorical model of folate intake [Figure S3]. The 6 significant DMPs identified in the 

full categorical model were nominally associated (p <0.05) in the same direction with 

folate intake in the non-users [Table 3]. The effect sizes were similar to the full 

categorical model with 0.12-0.74% decrease in methylation per micrograms per day 

increase in residual folate intake. Furthermore, no significant DMPs were identified 

either in the individual cohort results nor the meta-analysis of 1,855 individuals for the 

categorical model of vitamin B12 intake. 

Model 2b: Sensitivity model time of measurements 

To determine whether there is a confounding effect by studies with a time-lag between 

DNA methylation and folate or vitamin B12 intake assessment, a second sensitivity 

meta-analysis was performed including only studies where DNA methylation 

measurements and FFQ collection were assessed at the same time. The FHS, YFS and a 

subset of the RS cohort had FFQ collection 4-7 years apart of DNA collection, and 

therefore, these three cohorts were left out in model 2b. Meta-analysis of the 2,183 

individuals for the categorical model of folate intake did not result in significant DMPs 

[Figure S4]. The 6 significant DMPs associated with folate intake in the full categorical 

model had consistent associations with nominal significance [Table 3]. Furthermore, 

sensitivity meta-analysis of the 1,865 individuals for the categorical model of the 

vitamin B12 intake also did not identify significant DMPs. 

Model 3: Categorical (Differentially methylated regions) 

Folate intake 

We additionally performed DMR analysis using p-values of the folate and vitamin B12 

intake meta-analyses of the categorical model (Model 2). By investigation of significant 

regions (Sidak P<0.05) using the software comb-p, we observed 74 significant DMRs 
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associated with folate intake [Table 5, Figure 4a]. Most (73/74) DMRs were negatively 

associated with methylation. The most significant DMR associated with folate intake 

was the chr17:76,975,944-76,976,358 (P =1.47E-14) containing a 414 bp region of 8 

DMPs, which annotates to the LGALS3BP gene. Overrepresentation enrichment 

analysis for the 117 genes of the folate associated 74 DMRs showed one significant 

pathway: signaling pathways regulating pluripotency of stem cells (P =1.61E-04). 

Vitamin B12 intake 

Regional analysis using comb-p found 29 significant DMRs with Sidak P<0.05 associated 

with vitamin B12 intake [Table 6, Figure 4b], of which 15 showed negative direction of 

effects. The most significant DMR associated with vitamin B12 intake was the 

chr18:21,718,458-21,719,569 (P =1.09E-13) containing a 1,111 bp region of 18 DMPs, 

and annotates to the promoter region of the gene CABYR. The vitamin B12 associated 

DMRs did not overlap with the folate intake associated DMRs. Enrichment analysis for 

the 48 genes of the vitamin B12 associated 29 DMRs did not reveal significant 

pathways. 

PREVIOUSLY PUBLISHED DMPS USING ILLUMINA 450K ARRAYS  

Maternal folate exposure and cord blood DMPs 

We analysed previously identified DMPs that have previously been reported to be 

associated in neonates with maternal folate intake. In the current folate intake meta-

analysis (Categorical Model 2), one (cg15219145) of the four previously identified 

DMPs from the Gonseth et al study [19] showed a nominal significance (P <0.05) with 

similar direction. None of these four CpGs were significant with vitamin B12 intake 

[Table S4]. Next, 28 and 27 of the 443 previously identified DMPs in newborns from the 

Joubert et al study [20] were associated with folate and vitamin B12 intake respectively 

in the same direction with nominal significance (P <0.05) in our study [Table S5]. 

However, no enrichment of significant p-values was found in these 443 DMPs in either 

folate (p = 0.60) or vitamin B12 (p = 0.22) intake models in our study.  

Folic acid and Vitamin B12 Intervention study 

The previously identified DMP (cg19380919) of a 2-year folic acid and vitamin B12 

intervention study [43] was not associated with either folate intake (p = 0.78) or 

vitamin B12 intake (p = 0.43) in the current study [Table S6]. 
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Figure 2a: Manhattan plot of the folate categorical model, adjusted for BMI, WBC counts, 

smoking status, physical activity, B-vitamin supplement intake, and alcohol and coffee 

consumption and batch effects: showing the association between folate intake and 

genome-wide DNA methylation (model 2), with 6 significant DMPs at FDR <0.05 (red line), in 

3,894 individuals. Nearest genes for these 6 DMPs are reported. 

 

Figure 2b: Manhattan plot of the vitamin B12 categorical model, adjusted for BMI, WBC 

counts, smoking status, physical activity, B-vitamin supplement intake, and alcohol and 

coffee consumption and batch effects: showing the association between vitamin B12 intake 

and genome-wide DNA methylation (model 2), with no significant DMPs at FDR <0.05 (red 

line), in 3,566 individuals. 
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Figure 3a: Forest plot of the categorical folate intake model 2: showing the association 

between folate intake and the most significant DMP cg23465990 (FAM64A) across all 

studies and in meta-analysis of 3,791 individuals. 

 

 

Figure 3b: Forest plot of the categorical folate intake model 2: showing the association 

between folate intake and the DMP cg11832534 (WRAP73) across all studies and in meta-

analysis of 3,894 individuals. 
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Figure 3c: Forest plot of the categorical folate intake model 2: showing the association 

between folate intake and the DMP cg03249011 (FRMD8) across all studies and in meta-

analysis of 3,894 individuals. 

 

 

Figure 3d: Forest plot of the categorical folate intake model 2: showing the association 

between folate intake and the DMP cg14398883 (CUX1) across all studies and in meta-

analysis of 3,894 individuals. 
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Figure 3e: Forest plot of the categorical folate intake model 2: showing the association 

between folate intake and the DMP cg00826902 (WRAP73) across all studies and in meta-

analysis of 3,894 individuals. 

 

 

Figure 3f: Forest plot of the categorical folate intake model 2: showing the association 

between folate intake and the DMP cg14145338 (LCN8) across all studies and in meta-

analysis of 3,894 individuals. 
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Figure 4a: Manhattan plot of the folate intake categorical model 3: showing the 

association between folate intake and genome-wide DNA methylation, with 74 significant 

DMRs at Sidak <0.05 in 3,894 samples. The red line represents the threshold of FDR <0.05 of 

the correlation adjusted p-values. Green circles are the CpGs that are present within the 

DMRs, whereas black/grey circles are the single CpGs that do not represent DMRs. Nearest 

genes for the top 5 DMRs are reported. 

 

Figure 4b: Manhattan plot of the vitamin B12 intake categorical model 3: showing the 

association between vitamin B12 intake and genome-wide DNA methylation, with 29 

significant DMRs at Sidak <0.05 in 3,565 samples. The red line represents the threshold of 

FDR <0.05 of the correlation adjusted p-values. Green circles are the CpGs that are present 

within the DMRs, whereas black/grey circles are the single CpGs that do not represent 

DMRs. Nearest genes for the top 5 DMRs are reported. 

Chromosome 

Chromosome 

-l
o

g 1
0(

p
) 

-l
o

g 1
0(

p
) 



228 PART C: Nutrition, lifestyle and DNA methylation 

 

DISCUSSION 
We have conducted the first large-scale EWAS of the association between folate and 

vitamin B12 intake and genome-wide DNA methylation in humans. We identified 6 

novel DMPs and 74 DMRs significantly associated with dietary folate intake, and 29 

DMRs significantly associated with dietary vitamin B12 intake. These novel epigenetic 

loci might become promising future biomarkers in folate- and vitamin B12 related 

pathologies. 

We identified 6 novel DMPs for folate intake, of which several were located 

close to genes with functional relevance to centrosome, cell proliferation and 

tumorigenesis. The most significant DMP at cg23465990 is annotated to the gene 

family with sequence similarity 64 member A (FAM64A) on chromosome 17. FAM64A 

protein interacts with Calmodulin (CALM) and leukemogenic CALM/AF10 fusion 

protein, where it is identified as a marker for cell proliferation control [44, 45]. The 

DMPs at cg11832534 and cg00826902 on chromosome 1 are annotated to WD repeat 

containing, antisense to TP73 (WRAP73). WRAP73 protein is localized in the 

centrosome and it ensures proper spindle morphology [46]. It is a centriolar satellite 

and functions in ciliogenesis by promoting ciliary vesicle docking [47]. The DMP at 

cg14398883 on chromosome 7 is annotated to cut like homeobox 1 (CUX1). CUX1 is a 

tumor suppressor and its deficiency leads to tumor growth via the activity of 

phosphoinositide 3-kinase signaling [48]. The DMP at cg03249011 annotated to FERM 

domain containing 8 (FRMD8) is in an enhancer region on chromosome 11. FRMD8 is 

associated with survival rate in patients of lung adenocarcinoma [49]. Lastly, the DMP 

at cg14145338 is annotated to lipocalin 8 (LCN8) on chromosome 9. LCN8, along with 

other related lipocalin genes, express in epididymis and are suggested to be involved in 

male fertility [50].  Further studies are needed to understand how these CpGs with 

seemingly no obvious link with B-vitamin homeostasis are involved in folate 

metabolism. In addition, validation is needed to characterize the causal relation of 

vitamin B intake on the function of these CpGs on nearby genes and one-carbon 

metabolism. 

In contrast to the relatively small number of DMPs for folate intake, we 

observed 74 significant DMRs in association with folate intake, with several of potential 

relevance to immune function and stem cell function. The most significant DMR was 

the chr17 locus spanning 414 bp region including 8 CpGs annotating to the galectin 3 

binding protein (LGALS3BP) gene, which is implicated in immune response. Signaling 

pathways regulating pluripotency of stem cells are overrepresented among the genes 

annotated near the folate associated DMR CpGs, comprised of AKT serine/threonine 

kinase 3 (AKT3), inhibitor of DNA binding 2, HLH protein (ID2), Wnt family member 6 

(WNT6), WNT9B and WNT10A genes. This suggests a relationship between folate 

intake and methylation of genes involved in development related pathways [51]. In 

addition, downregulation of LGALS3BP associates with some cancers through WNT 
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signalling [52, 53]. Studies show a relation between low folate intake and some cancers 

[54-57], indicating that this relation could be via hypermethylation of LGALS3BP. 

We identified one significant DMP at cg18642459 on chromosome 12 

annotated to the FGF6 gene. FGF6 plays a role in cellular differentiation and a potential 

role in muscle regeneration [58-60]. Vitamin B12 was previously shown to play a role in 

reparative regeneration of skeletal muscle [61] which could involve hypermethylation 

of the FGF6 gene. In contrast to the limited findings for vitamin B12 and DMP, regional 

analysis showed 29 significant DMRs associated with vitamin B12 intake. The most 

significant DMR was the chr18 locus spanning 1,111 bp containing 18 DMPs and a 

promoter of calcium binding tyrosine phosphorylation regulated (CABYR). CABYR is 

expressed in lung and hepatocellular cancers [62, 63]. No significant pathways were 

observed in the enrichment analysis for the vitamin B12 associated DMR genes, 

possibly due to the limited number of genes. Differential methylation findings for the 

vitamin B12, were similar to those of folate, in that DMR associations were more 

numerous than those of DMP. Surprisingly, there was no overlap of DMPs or DMRs 

between the folate and vitamin B12 intake despite the correlation between folate and 

vitamin B12 intake. Thus, suggesting that their roles may be specific to different genes 

and pathways. 

To investigate whether the previously identified transgenerational effects of 

maternal folate intake or levels on methylation in newborns, also generalize in adults 

[19, 20], we conducted a look up in our population-based meta-analysis of leukocytes 

in adults. A minority showed nominal significance with mostly negative direction of 

effects, and no significant enrichment was found in these previously identified folate-

associated DMPs in both folate and vitamin B12 intake in our study. This suggests that 

the folate-related DMPs in newborns and adults are not similar and might differ across 

the life course. 

In a two-year intervention study (BPROOF) with folic acid and vitamin B12, a 

single DMP (cg19380919) annotated to endothelial PAS domain protein 1 (EPAS1) was 

reported compared to placebo. This DMP was not significant in our meta-analyzed 

findings for either folate (p = 0.78) or vitamin B12 intake (p = 0.43) [Table S6]. A 

possible explanation for this difference is that the intervention study was specific to 

individuals with elevated homocysteine (greater than 15 µmol/L) [43], whereas 

participants in our study were generally healthy. In addition, in this intervention study 

the change in methylation over a 2-year time period was assessed, which might lead to 

different findings compared to our association study in which data at a single time 

point was investigated.  

We hypothesized that low levels of folate give rise to DNA hypomethylation 

[13, 16, 17]. However, all 6 folate associated DMPs and most (73/74) DMRs were 

negatively associated with folate intake. For vitamin B12 intake, we see this negative 

association in 15 of the 29 DMRs. The occurrence of general hypomethylation with 
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higher folate is contrary to our hypothesis, where higher folate would transfer 

additional methyl groups and result in relative genome-wide hypermethylation. 

However, our results are in line with the study from Ono et al., who showed that higher 

folate intake was associated with lower global methylation [15]. Our results are also in 

line with the studies with maternal folate intake which showed a majority of identified 

DMPs in newborns to be negatively associated to folate intake [19, 20]. An intervention 

study of folic acid supplementation in a mice demonstrated inhibition of 

methylenetetrahydrofolate reductase (MTHFR) activity and reduced S-

adenosylmethionine (SAM) and SAM/S-adenosylhomocysteine [64]. The inhibition of 

MTHFR due to higher folate intake may explain the relatively lower DNA methylation 

observed in our study. 

Our study is also consistent with earlier work in that we observed more DMPs 

and DMRs correlated with folate intake as compared to vitamin B12 intake [13-17]. 

Based on the amount of DMPs and DMRs identified, folate seems to have a larger 

effect on DNA methylation. This may be due to impaired vitamin B12 uptake by 

medications, health disorders, genetic defects and other lifestyle factors. As a result of 

these conditions, vitamin B12 intake in elderly people does not necessarily reflect 

vitamin B12 status [65]. Alternately, folate may have a larger relationship with 

leukocyte DNA methylation as compared to vitamin B12 [13-17]. 

The strengths of our study are that this is the first epigenome-wide 

association study and meta-analysis conducted in a large sample size of 5,841 

individuals from 10 well characterized cohorts, using the Illumina 450k methylation 

data. The nutrient data was harmonized across studies and all studies ran similar 

models with the same covariates. 

While our study has yielded a number of interesting findings, among the most 

important insights is that folate or vitamin B12 intake, a major determinant of B-

vitamin status, is not related to large-scale differences in genome-wide methylation 

profiles. There are a number of possible explanations for these observations. First, 

dietary data is prone to measurement errors, which can lead to misclassification and 

can compromise our ability to detect statistically significant associations. However, we 

addressed these limitations by using categorical models. While this analysis reduces 

statistical power due to the one-third reduction in sample size, greater effects were 

observed because the comparison is made between extreme tertile groups of the 

nutrient intakes. Second, vitamin B12 intake does not provide a good reflection of 

vitamin B12 status in older individuals as a consequence of issues related to absorption 

[66]. Given the fact that the mean ages in the majority of the cohorts were over 60 

years, it is highly likely that use of intake could result in misclassification of vitamin B12 

status. Third, although we removed individuals with prevalent cancer because of their 

potentially adopted dietary patterns [21, 22], the possibility of changes in dietary 

habits due to other reasons such as lifestyle changes cannot be excluded. Also, there 
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may be ethnic variation, since the ARIC sample is of African-American origin. 

Furthermore, there were differences in nutrient intake ranges across cohorts which 

could be related to the number and type of food items used in the FFQs, and the types 

of food composition reference tables used to calculate the nutrient data. Large 

differences in median intakes were also seen in Netherlands based studies, where the 

Rotterdam Study (RS) used 389 food items and the Leiden Longevity Study (LLS) used 

183 food items. Fourth, despite our inclusion of the known confounders as covariates, 

the possibility of inter-correlations of these confounders with each other or belonging 

along the causal pathway could nullify the findings. Fifth, we did not account for the 

most common MTHFR 677C>T variant that affects DNA methylation through its interact 

with folate status [67]. Sixth, our study includes DMPs that approach borderline 

significance and have modest effect sizes. In such cases, the comb-p package for DMR 

analysis may return false positive DMRs [68]. Therefore, replication of our findings 

would be necessary before definite conclusions can be drawn. We should therefore 

interpret all findings of the DMR analysis with caution. Seventh, the variation in intake 

may not be large enough for overall hypomethylation. It may be that the genes and 

regions that are identified here, are only the most sensitive ones. Also, none of the 

cohorts had median intake of vitamin B12 that was lower than the European or 

American RDI. This could mean that the vitamin B12 intake was consistently high 

enough and our population was relatively healthy to prevent any measurable effects 

on methylation. Lastly, we acknowledge the possibility that blood cells may not be the 

ideal tissue for evaluating the association between B-vitamin intake and methylation, 

and that larger tissue-specific effects may be present but remain undetected in our 

study. 

Among the European cohorts, the median intake of dietary folate ranged 

from 193 µg/d in the Leiden Longevity Study to 415 µg/d in the Rotterdam Study. This 

is slightly lower than the European recommended dietary allowance (RDA) of 200 µg/d 

[69]. The Rotterdam Study had the highest median folate intake being 415 µg/d. 

Among the American cohorts, the median intakes of dietary folate were 234 and 360 

µg/d in the Genetics of Lipid Lowering Drugs and Diet Network (GOLDN) and CHS 

cohorts, respectively, which is less than the American RDA of 400 µg/d (except for 

ARIC) [69]. The Framingham Heart Study (FHS) and ARIC fulfilled the American RDA for 

their median dietary folate intake being 406 and 448 µg/d, respectively. Furthermore, 

there could be misclassification of folate intake in the GOLDN study. This is because 

dietary data was collected between 2002-2004 after the mandated folic acid 

fortification was implemented. However, the food composition table that was used for 

nutrient calculations originated from before fortification was implemented (i.e. before 

1996, table 1]. 
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CONCLUSIONS 

We observed 6 DMPs associated with dietary folate intake. Regional associations 

showed 74 DMRs for dietary folate intake and 29 DMRs for dietary vitamin B12 intake. 

Our meta-analysis identified several novel differentially methylated loci that could 

serve as potential biomarkers in folate and vitamin B12 related pathologies. Further 

studies should validate results by measuring folate and vitamin B12 levels in plasma. 

ADDITIONAL INFORMATION 

Supplementary material is available on request.  
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ABSTRACT 

Background - DNA methylation leaves a long-term signature of smoking exposure and 

is one potential mechanism by which tobacco exposure predisposes to adverse health 

outcomes, such as cancers, osteoporosis, lung, and cardiovascular disorders. 

Methods and Results - To comprehensively determine the association between 

cigarette smoking and DNA methylation, we conducted a meta-analysis of genome-

wide DNA methylation assessed using the Illumina BeadChip 450K array on 15,907 

blood derived DNA samples from participants in 16 cohorts (including 2,433 current, 

6,518 former, and 6,956 never smokers). Comparing current versus never smokers, 

2,623 CpG sites (CpGs), annotated to 1,405 genes, were statistically significantly 

differentially methylated at Bonferroni threshold of p<1x10-7 (18,760 CpGs at False 

Discovery Rate (FDR)<0.05). Genes annotated to these CpGs were enriched for 

associations with several smoking-related traits in genome-wide studies including 

pulmonary function, cancers, inflammatory diseases and heart disease. Comparing 

former versus never smokers, 185 of the CpGs that differed between current and never 

smokers were significant p<1x10-7 (2,623 CpGs at FDR<0.05), indicating a pattern of 

persistent altered methylation, with attenuation, after smoking cessation. 

Transcriptomic integration identified effects on gene expression at many differentially 

methylated CpGs. 

Conclusions - Cigarette smoking has a broad impact on genome-wide methylation that, 

at many loci, persists many years after smoking cessation. Many of the differentially 

methylated genes were novel genes with respect to biologic effects of smoking, and 

might represent therapeutic targets for prevention or treatment of tobacco-related 

diseases. Methylation at these sites could also serve as sensitive and stable biomarkers 

of lifetime exposure to tobacco smoke. 
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INTRODUCTION 

Cigarette smoking is a major causal risk factor for various diseases including cancers, 

cardiovascular disease (CVD), chronic obstructive pulmonary disease (COPD)1, and 

osteoporosis1. Worldwide cessation campaigns and legislative actions have been 

accompanied by a reduction in the number of cigarette smokers and corresponding 

increases in the number of former smokers. In the US, there are more former smokers 

than current smokers1. Despite the decline in the prevalence of smoking in many 

countries, it remains the leading preventable cause of death in the world, accounting 

for nearly 6 million deaths each year2. 

Even decades after cessation, cigarette smoking confers long-term risk of 

diseases including some cancers, chronic obstructive pulmonary disease, and stroke1. 

The mechanisms for these long-term effects are not well understood. DNA methylation 

changes have been proposed as one possible explanation. 

DNA methylation appears to reflect exposure to a variety of lifestyle factors3, 

including cigarette smoking. Several studies have shown reproducible associations 

between tobacco smoking and altered DNA methylation at multiple cytosine-

phosphate-guanine (CpG) sites4–15. Some DNA methylation sites associated with 

tobacco smoking have also localized to genes related to coronary heart disease5 and 

pulmonary disease16. Some studies have found different associated CpGs in smokers 

versus non-smokers8,11. Consortium-based meta-analyses have been extremely 

successful in identifying genetic variants associated with numerous phenotypes, but 

large-scale meta-analyses of genome-wide DNA methylation data have not yet been 

widely employed. It is likely that additional novel loci, differentially methylated in 

response to cigarette smoking remain to be discovered by meta-analyzing data across 

larger sample sizes comprising multiple cohorts. Differentially methylated loci with 

respect to smoking may serve as biomarkers of lifetime smoking exposure. They may 

also shed light on the molecular mechanisms by which tobacco exposure predisposes 

to multiple diseases. 

A recent systematic review13 analyzed published findings across 14 

epigenome-wide association studies of smoking exposure across various DNA 

methylation platforms of varying degrees of coverage and varying phenotypic 

definitions. Among these were 12 studies (comprising 4,750 subjects) that used the 

more comprehensive Illumina Human Methylation BeadChip 450K array (Illumina 

450K), which includes and greatly expands on the coverage of the earlier 27K platform. 

The review compares only statistically significant published results and is not a meta-

analysis which can identify signals that do not reach statistical significance in individual 

studies17. 

In the current study, we meta-analyzed association results between DNA 

methylation and cigarette smoking in 15,907 individuals from 16 cohorts in the 

Cohorts for Heart and Aging Research in Genomic Epidemiology (CHARGE) consortium 
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using a harmonized analysis. Methylation was measured on DNA extracted from blood 

samples using the Illumina Human Methylation BeadChip 450K array. In separate 

analyses, we compared current smokers and past smokers to non-smokers and 

characterized the persistence of smoking-related CpG methylation associations with 

the duration of smoking cessation among former smokers. We integrated information 

from genome-wide association studies (GWAS) and gene expression data to gain 

insight into potential functional relevance of our findings for human diseases. Finally 

we conducted analyses to identify pathways that may explain the molecular effects of 

cigarette exposure on tobacco-related diseases. 

MATERIALS AND METHODS 

Study participants 

This study comprised a total of 15,907 participants from 16 cohorts of the Cohorts for 

Heart and Aging Research in Genetic Epidemiology Consortium (Supplementary Table 

1). The 16 participating cohorts are ARIC, FHS Offspring, KORA F4, GOLDN, LBC 1921, 

LBC 1936, NAS, Rotterdam, Inchianti, GTP, CHS European Ancestry (EA), CHS African 

Ancestry (AA), GENOA, EPIC Norfolk, EPIC, and MESA. Of these, 12,161 are of 

European Ancestry (EA) and 3,746 are of African Ancestry (AA). The study was 

approved by institutional review committees for each cohort and all participants 

provided written informed consent for genetic research. 

DNA methylation sample and measurement 

For most studies, methylation was measured on DNA extracted from whole blood, but 

some studies used CD4+ T cells or monocytes (Supplementary Table 1). In all studies, 

DNA was bisulfite-converted using the Zymo EZ DNA methylation kit and assayed for 

methylation using the Infinium HumanMethylation 450 BeadChip, which contains 

485,512 CpG sites. Details of genomic DNA preparation, bisulfite conversion, and 

methylation assay for each cohort can be found in the online Supplementary Materials. 

Raw methylated and total probe intensities were extracted using the Illumina 

Genome Studio methylation module. Preprocessing of the methylated signal (M) and 

unmethylated signal (U) was conducted using various software tools, primarily DASEN 

of wateRmelon18 and BMIQ19, both of which are R packages. The methylation beta (β) 

values were defined as β = M/(M+U). Each cohort followed its own quality control 

protocols, removing poor quality or outlier samples and excluding low quality CpG sites 

(with detection p-value>0.01). Each cohort evaluated batch effects and controlled for 

them in the analysis. Details of these processes can be found in the online 

Supplementary Materials. 
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Smoking phenotype definition 

Self-reported cigarette smoking status was divided into three categories. Current 

smokers were defined as those who have smoked at least one cigarette a day within 12 

months prior to the blood draw, former smokers were defined as those who had ever 

smoked at least one cigarette a day, but had stopped at least 12 months prior to the 

blood draw, and never smokers reported never having smoked. Pack years was 

calculated based on self-report as the average number of cigarettes per day smoked 

divided by 20 multiplied by the number of years of smoking, with zero assigned to 

never smokers. A few cohorts recorded the number of years since each former smoker 

had stopped smoking. 

Cohort specific analyses and meta-analysis 

Each cohort analyzed its data using at least two linear mixed effect models. Each model 

was run separately for each CpG site. Model 1 is as follows: 

β = Smoking phenotype + Sex + Age + blood count + technical covariates, (1) 

where blood count comprises the fractions of CD4+ T-cells, CD8+ T-cells, NK cells, 

monocyte, and eosinophils either measured or estimated using the Houseman et al. 

method20. The blood count adjustment was performed only in cohorts with whole 

blood and leukocyte samples. Familial relationship was also accounted for in the model 

when applicable (e.g., for FHS, see Supplementary Material for details). Acknowledging 

that each cohort may be influenced by a unique set of technical factors, we allow each 

cohort to choose its cohort-specific technical covariates. Model 2 added to model 1 

body mass index (BMI) because it is associated with methylation at some loci, making it 

a potential confounder21. Only three cohorts participated in model 2 analysis: FHS, 

KORA, and NAS. Model 3 substituted smoking phenotypes for pack years. Only three 

cohorts participated in model 3 analysis: FHS, Rotterdam, and Inchianti. The pack year 

analysis was performed only on two subsets: current vs. never smokers and former vs. 

never smokers. Combining all three categories would require accurate records of time 

of quitting, which among the three cohorts was available for only FHS. To investigate 

cell type differences, we removed blood counts from Model 1 and called it Model 4. 

Only three cohorts participated in this analysis: FHS, KORA, and NAS. All models were 

run with the lme4 package22 in R23, except for FHS (See Supplementary Materials for 

details). 

Meta-analysis was performed to combine the results from all cohorts. Due to 

the variability of available CpG sites after quality control steps, we excluded CpG sites 

that were available in fewer than three cohorts. The remaining 485,381 CpG sites were 

then meta-analyzed with a random-effects model using the following formula: 

Ei = µ + si + ei, (2) 

where Ei is the observed effect of study i, µ is the main smoking effect, si is the 

between-study error for study i, and ei is the within-study error for study i, with both si 
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and ei are assumed to be normally distributed. The model is fitted using the restricted 

maximum likelihood (REML) criterion in R’s metafor24 package. Multiple-testing 

adjustment on the resulting p-values was performed using the False Discovery Rate 

(FDR) method of Benjamini and Hochberg25. In addition, we also report results using 

the Bonferroni-corrected threshold of 1 x 10-7 (~ 0.05/485,381). 

The regression coefficient β (from meta-analysis) is interpretable as the 

difference in mean methylation between current and never smokers. We multiplied 

these by 100 to represent the percentage methylation difference where methylation 

ranges from 0-100%. 

Literature review to identify genes previously associated with smoking and 

methylation 

We used the same literature search strategy published previously26. A broad query of 

NCBI's PubMed literature database using medical subject heading (MeSH) terms 

(“((((DNA Methylation[Mesh]) OR methylation)) AND ((Smoking[Mesh]) OR smoking))”) 

yielded 775 results when initially performed on January 8, 2015 and 789 studies when 

repeated to update the results on March 1, 2015. Results were reviewed by abstract to 

determine whether studies met inclusion criteria: 1) performed in healthy human 

populations, 2) agnostically examined >1,000 CpG sites at a time, 3) only cigarette 

exposure was considered, and 4) with public reporting of P-values and gene 

annotations. A total of 25 publications met inclusion criteria, listed in the fourth 

supplementary table of Joubert et al.26. CpG level results (P-values and gene 

annotations) for sites showing genome-wide statistically significant associations 

(FDR<0.05) were extracted and resulted in 1,185 genes previously associated with adult 

or maternal smoking. All CpGs annotated to these 1,185 genes were marked as 

“previously found”. 

Gene set enrichment analysis (GSEA) 

Gene-Set Enrichment Analysis (GSEA)27 was performed in the website 

(http://software.broadinstitute.org/gsea/msigdb/annotate.jsp) on significant findings 

to determine putative functions of the CpG sites. We selected gene ontology (GO) 

biological process (C5-BP) and collected all categories with FDR<0.05 (up to 100 

categories). 

Enrichment analysis for localization to different genomic features 

Enrichment analysis on genomic features were performed using the annotation file 

supplied by the Illumina (version 1.2, downloaded from manufacturer’s website, 

http://support.illumina.com/array/array_kits/infinium_humanmethylation450_beadch

ip_kit/downloads.html), which contains information of CpG location relative to gene 

(i.e., body, first exon, 3’ UTR, 5’UTR, within 200 base pairs of Transcriptional Start Site 

[TSS200], and TSS1500), the relation of CpG site to a CpG island (i.e., island, northern 
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shelf, northern shore, southern shelf, and southern shore), whether the CpG site is 

known to be in differentially methylated regions, and whether the CpG site is known to 

be an enhancer or a DNAse I Hypersensitive Site (DHS). Enrichment analysis was 

performed using one-sided Fisher’s exact set for each feature, using R’s fisher.test. 

Genome-wide association study (GWAS) analysis 

We intersected our results with SNPs having genome-wide association study (GWAS) p-

values≤5 x 10-8 in the NHGRI GWAS catalog (accessed November 2, 2015)28. The catalog 

contained 9,777 SNPs annotated to 7,075 genes associated with 865 phenotypes at 

p≤5x10-8. To determine the genes, we looked up each significant CpG on the 

annotation file supplied by Illumina. Enrichment analysis was performed on a per gene 

basis using one-sided Fisher’s exact test. 

For bone mineral phenotype enrichment, we included all SNPs including 

terms “bone mineral density” or “osteoporosis”. For cardiovascular disease (CVD), we 

included all SNPs containing terms “cardiovascular disease”, “stroke”, “coronary 

disease”, “cardiomyopathy”, or “myocardial infarction”. For CVD risk factors, we 

included all SNPs containing terms “blood pressure”, “cholesterol”, “diabetes”, 

“obesity”, or “hypertension”. For overall cancer enrichment, we included all SNPs 

containing terms “cancer”, “carcinoma”, or “lymphoma”, while removing those 

pertaining to cancer treatment effects. For overall pulmonary phenotype enrichment, 

we included all SNPs containing terms “pulmonary disease”, “pulmonary function”, 

“emphysema”, “asthma”, or “airflow obstruction”. 

Analysis of persistence of methylation signals with time since quitting smoking 

among former smokers 

We examined whether smoking methylation associations were attenuated over time in 

the FHS cohort, which had ascertained longitudinal smoking status of over 35 years. 

The analysis was performed on seven dichotomous variables, indicating cessation of 

smoking for 5, 10, 15, 20, 25, and 30 years versus never smokers. For example, for five 

year cessation variable, those who quit smoking five years or more are marked as ones, 

while never smokers are marked as zeroes and current smokers are excluded. For this 

analysis, we used the pedigreemm package29 with the same set of covariates as in the 

primary analysis. Sites with p<0.002 across all seven variables were deemed to be 

statistically significant compared to never-smoker levels. 

Methylation by expression (MxE) analysis 

To determine transcriptomic association of each significant CpG site, we interrogated 

such CpG sites in the FHS gene-level methylation by expression (MxE) database, at 

genome-wide false discovery rate (FDR)<0.05. The MxE database was constructed from 

2,262 individuals from the FHS Offspring cohort attending examination cycle eight 

(2005-2008) with both whole blood DN methylation and transcriptomic data based on 
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the Affymetrix Human Exon Array ST 1.0. Enrichment analysis was performed using a 

one-sided Fisher’s exact test. We defined that the methylation CpG site and the 

corresponding transcript are associated in cis if the location of the CpG site is within 

500 kilobases of the transcript’s start location. 

Analysis of ethnic discrepancy between African Ancestry (AA) and European Ancestry 

(EA) cohorts 

Meta-analysis of the current versus never smoker results of EA cohorts (FHS, KORA, 

GOLDN, LBC 1921, LBC 1936, NAS, Rotterdam, Inchianti, EPIC, EPIC Norfolk, MESA, CHS-

EA) was performed separately from those of AA cohorts (ARIC, GTP, GENOA, CHS-AA). 

Analysis of samples types for DNA extraction 

Meta-analysis was performed on the results from cohorts with whole blood/buffy coat 

samples (FHS, KORA, LBC 1921, LBC 1936, NAS, Rotterdam, Inchianti, GTP, CHS-EA, 

CHS-AA, ARIC, GENOA, EPIC, and EPIC-Norfolk). CD4+ samples in GOLDN and CD14+ 

samples in MESA, because they comprise single cohorts, are not meta-analyzed. 

Correlations of results across different cell types were performed on CpG sites with 

FDR<0.05 in at least one cell type. 

RESULTS 

Table 1 displays the characteristics of participants in the meta-analysis. The proportion 

of participants reporting current smoking ranged from 4% to 33% across the different 

study populations. The characteristics of the participants within each cohort are 

provided in Supplementary Table 1. 

Current versus Never Smokers 

In the meta-analysis of current cigarette smokers (N=2,433) versus never smokers 

(N=6,956), 2,623 CpGs annotated to 1,405 genes met Bonferroni significance after 

correction for 485,381 tests (P<1x10-7). Based on genome-wide false discovery rate 

(FDR)<0.05, 18,760 CpG sites (CpGs) annotated to 7,201 genes were differentially 

methylated. There was a moderate inflation factor30 λ of 1.32 (Supplementary Figure 

1), which is consistent with a large number of sites being impacted by smoking. Our 

results lend support many previously reported loci7,8,11,13, including CpGs annotated to 

AHRR, RARA, F2RL3, and LRRN3 (Supplementary Table 2). Not surprisingly, cg05575921 

annotated to AHRR, the top CpG identified in most prior studies of smoking, was highly 

significant in our meta-analysis (P=4.6x10-26; ranked 36, Supplementary Table 2) and 

also had the largest effect size (-18% difference in methylation) which is comparable to 

effect sizes in previous studies18. Of the 18,760 significant CpGs at FDR<0.05, 16,673 

(annotated to 6,720 genes) have not been previously reported to be associated with 

cigarette smoking – these include 1,500 of the 2,623 CpGs that met Bonferroni 

significance. The 25 CpGs with lowest p-values for both overall and novel findings are 
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shown in Table 2. Supplementary Table 2 provides the complete list of all CpGs that 

were significantly differentially methylated (FDR<0.05) in analysis of current versus 

never smokers. Adding body mass index (BMI) into the model did not appreciably alter 

the results (Supplementary Figure 2). 

Methylation can be either reduced or increased at CpG sites in response to 

smoking. For the 53.2% of FDR significant CpGs with increased methylation in response 

to current smoking the mean percentage difference in methylation between current 

and never smokers was 0.5% (SD=0.37%, range 0.06-7.3%). For 46.8% of CpGs with 

decreased methylation in response to current smoking the mean percentage difference 

was 0.65% (SD=0.56, range 0.04-18%). The volcano plot can be found in Supplementary 

Figure 3. 

We did not observe correlation between the number of significant CpGs and 

either the size of the gene or the number of exons or the coverage of the methylation 

platform. We performed a formal enrichment test for each of the 7,201 genes in 

regards to the length of the gene or number of exons and found only three for which 

associations were observed (AHRR, PRRT1, and TNF). However, given the robust 

findings for a specific CpG in AHRR in multiple studies in the literature4,7,9 as well as our 

own, and its key role in the AHR pathway which is crucial in the response to 

polyaromatic hydrocarbons, such as are produced by smoking31, it seems very unlikely 

that the AHRR findings are false positives. Likewise there is strong support in the 

literature for PRRT132 and TNF33. The enrichment results for methylation platform 

coverage also yielded the same three genes. 

In a subset of three cohorts (1,827 subjects), we investigated the association 

of the number of pack-years smoked with the 18,760 CpGs that were differentially 

methylated (FDR<0.05) between current versus never smokers. Significant dose 

responses were observed for 11,267 CpGs (60.1%) at FDR<0.05 (Supplementary Table 

3). To investigate the pathways implicated by these genes, we performed a gene-set 

enrichment analysis34 on the annotated genes. The results suggested that cigarette 

smoking is associated with potential changes in numerous vital molecular processes, 

such as signal transduction (FDR=2.8 x 10-79), protein metabolic processes (FDR=1.2 x 

10-43), and transcription pathways (FDR=8.4 x 10-31). The complete list of 99 enriched 

molecular processes can be found in Supplementary Table 4. 

Former versus Never Smokers 

Meta-analysis of former (N=6,518) versus never smokers (N=6,956) restricted to the 

18,760 CpG sites that were differentially methylated in current versus never smokers 

identified 2,568 CpGs annotated to 1,326 genes at FDR<0.05 (Supplementary Table 5). 

There were 185 CpGs (annotated to 149 genes) that also met Bonferroni correction (P< 

0.05/18760 ~ 2.67x10-6). There was no evidence of inflation30 (λ=0.98) (Supplementary 

Figure 4). We also confirmed previously reported findings for CpGs annotated to AHRR, 
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RARA, and LRRN37,8,11,13. Effect sizes of these CpGs were all weaker than in the analysis 

of current versus never smokers [61.2% ±15.3% weaker] for the 2,568 CpGs that 

remained significantly differentially methylated in former vs. never smokers compared 

with current vs. never smokers. Results for the top 25 CpGs are displayed in Table 3. 

Adding BMI to the model did not appreciably alter the results (Supplementary Figure 

5). A volcano plot can be found in Supplementary Figure 6. In a subset of three cohorts 

(3,349 subjects), analyses using pack-years confirmed a significant dose response for 

1,804 of the 2,568 CpGs (70%) annotated to 942 genes at FDR<0.05 (Supplementary 

Table 6). 

The gene-set enrichment analysis27 in the former versus never smoker 

analyses on all 1,326 genes revealed enrichment for genes associated with protein 

metabolic processes (FDR=1.1 x 10-23), RNA metabolic processes (FDR=1.4 x 10-17), and 

transcription pathways (FDR=3.9 x 10-18) (Supplementary Table 7). The gene-set 

enrichment analysis on the 942 genes for which the 1,804 CpGs exhibited dose 

responses with pack-years also revealed similar pathways to those summarized in 

Supplementary Table 7, except with weaker enrichment FDR values. 

In 2,648 Framingham Heart Study participants with up to 30 years of 

prospectively collected smoking data, we examined the 2,568 CpGs that were 

differentially methylated in meta-analysis of former versus never smokers and 

explored their associations with time since smoking cessation. Methylation levels of 

most CpGs returned toward that of never-smokers within five years of smoking 

cessation. However, 36 CpGs annotated to 19 genes, including TIAM2, PRRT1, AHRR, 

F2RL3, GNG12, LRRN3, APBA2, MACROD2, and PRSS23 did not return to never-smoker 

levels even after 30 years of smoking cessation (Figure 1, Table 4). 

The EPIC studies included cancer cases plus non-cancer controls analyzed 

together, adjusting for cancer status. The other studies were population-based samples 

not selected for disease status. To evaluate residual confounding by cancer status after 

adjustment, we repeated the meta-analysis without the EPIC studies. The effect 

estimates were highly correlated: Pearson ρ = 0.99 for current versus never smoking 

and 0.98 for former smoking versus never. 

Table 1. Participant characteristics 

Characteristics Current Smokers Former Smokers Never Smokers 

 
N=2,433 N=6,518 N=6,956 

Sex (% Male) 0.463 0.556 0.317 

Age (years)* 57.7 ± 7.7 64.8 ± 8.2 61.2 ± 9.7 

BMI (kg/m2)* 27.3 ± 5.4 28.7 ± 5.0 28.6 ± 5.3 

*weighted mean ± pooled standard deviation across cohorts 
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Enrichment analysis for genes identified in GWAS of smoking related phenotypes 

To identify potential relevance of the differentially methylated genes to smoking-

related phenotypes, we determined whether these genes had been associated with 

smoking-related phenotypes in the NHGRI-EBI GWAS Catalog28 (accessed November 2, 

2015). The catalog contained 9,777 SNPs annotated to 7,075 genes associated with 865 

phenotypes at p≤5x10-8. Of the 7,201 genes (mapped by 18,760 CpG sites) significantly 

differentially methylated in current versus never smokers, we found overlap with 1,791 

genes (4,187 CpGs are mapped to these) associated in GWAS with 700 phenotypes 

(enrichment p=2.4 x 10-52). We identified smoking-related traits using the 2014 US 

Surgeon General’s (USSG) report1. Enrichment results for a selection of smoking-

related phenotypes including coronary heart disease (CHD) and its risk factors, various 

cancers, inflammatory diseases, osteoporosis, and pulmonary traits, are available in 

Table 5. We also performed the same enrichment analysis on the 2,568 CpGs 

associated with former versus never smoking status. We identified enrichment for 

CHD, pulmonary traits, and some cancers (Table 5). More detailed results are available 

in Supplementary Tables 8 and 9. Differentially methylated genes in relation to 

smoking status that are associated in GWAS with CHD or CHD risk factors are available 

in Supplementary Table 10. We also performed enrichment analyses on phenotypes 

that have no clear relationships to smoking, such as male pattern baldness (p=0.0888), 

myopia (p=0.1070), thyroid cancer (p=0.2406), and testicular germ cell tumor 

(p=0.3602) and did not find significant enrichment. 

Enrichment analysis for genomic features 

We examined the differentially methylated CpGs with respect to localization to 

different genomic regions including CpG islands, gene bodies, known differentially 

methylated regions, and sites identified as likely to be functionally important in the 

ENCODE project such as DNAse1 hypersensitivity sites and enhancers (refer to the 

Methods section for details). We performed this analysis separately for the CpGs 

related to current smoking and past smoking (Supplementary Table 11). Trends were 

similar for the two sets of CpGs, although the power to identify enrichment was much 

greater for the larger set of 18,760 CpGs related to current smoking. There was no 

enrichment for CpG islands. In contrast, significant enrichment was observed for island 

shores, gene bodies, DNAse1 hypersensitivity sites, and enhancers.  
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Table 5. Enrichment of CpGs for genome-wide association study (GWAS) phenotypes 

that are regarded as causally related to cigarette smoking 

GWAS Phenotype Enrichment p-value 

Current vs. never smoking 
 

Coronary heart disease (CHD) and Stroke 0.0028 

    Ischemic stroke 0.0095 

CHD risk factors 1.2 × 10−12 

    Blood pressure / hypertension 8.1 × 10−6 

        Diastolic blood pressure 6.1 × 10−5 

        Systolic blood pressure 0.0008 

        Hypertension 0.015 

    Lipids 2.9 × 10−5 

        High density lipoprotein (HDL) 0.0009 

    Type 2 diabetes 0.0106 

Rheumatoid arthritis (RA) 2.9 × 10−5 

Bone mineral density (BMD) and osteoporosis 0.0467 

All pulmonary traits 2.8 × 10−6 

    All chronic obstructive pulmonary disease (COPD) 0.0295 

        Moderate to severe COPD 0.0156 

    Pulmonary function 0.0044 

Crohn’s Disease 9.5 × 10−7 

Primary biliary cirrhosis 3.4 × 10−6 

Inflammation bowel disease 3.5 × 10−5 

Ulcerative colitis 9.8 × 10−5 

All cancer 8.0 × 10−15 

    Lung adenocarcinoma 0.0015 

    Colorectal cancer 0.0014 

Former vs. never smoking 
 

CHD risk factors 7.6 × 10−5 

    Blood pressure / hypertension 5.8 × 10−5 

        Diastolic blood pressure 0.0021 

        Systolic blood pressure 0.0002 

        Hypertension 0.0023 

Rheumatoid arthritis (RA) 6.3 × 10−5 

All pulmonary traits 0.0217 

Inflammation bowel disease 5.2 × 10−6 

Crohn’s Disease 0.0064 

All cancer 7.8 × 10−6 
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Transcriptomic integration 

Of the 18,760 statistically significant CpG sites associated with current smoking in the 

meta-analysis, 1,430 were significantly associated in cis with the expression of 924 

genes at FDR<0.05 (enrichment p=3.6 x 10-215, Supplementary Table 12) using whole 

blood samples from 2,262 Framingham Heart Study participants. Of these, 424 CpGs 

associated with the expression of 285 genes were replicated at FDR<0.0001 in 1,264 

CD14+ samples from the Multi-Ethnic Study of Atherosclerosis (MESA)35. These genes 

are associated with pathways similar to those described earlier (Supplementary Table 

13).  

Comparison between African ancestry and European ancestry 

Meta-analysis of the current versus never smokers in 11 cohorts with participants of 

European ancestry (N=6,750 subjects) yielded 10,977 CpGs annotated to 4,940 genes 

at FDR<0.05. Meta-analysis the results of the smaller dataset of four cohorts with 

African ancestry participants (N=2,639) yielded 3,945 CpGs annotated to 2,088 genes at 

FDR<0.05. The effect estimates of the CpGs significant in at least one ancestry (12,927 

CpGs) were highly correlated in the combined group of individuals of either ancestry 

(Spearman ρ=0.89). The results by ancestry are shown in Supplementary Table 14. 

We performed the same ancestry-stratified analysis on former versus never 

smokers (Supplementary Table 15). Meta-analysis of the results of European ancestry 

participants yielded 2,045 CpG sites annotated to 1,081 genes at FDR<0.05. Meta-

analysis of the results of African ancestry participants yielded 329 CpG sites annotated 

to 178 genes at FDR<0.05. The effect estimates of the union of CpGs significant in at 

least one ancestry (2,234 CpGs) were correlated in the combined group of individuals 

of either ancestry (Spearman ρ=0.75). Of note, one of CpG sites showing differential 

methylation in ancestry, cg00706683, mapped to gene ECEL1P2, did not return to 

never-smoker levels 30 years after smoking cessation (Table 4). 

To more directly compare results by ethnicity removing the effect of better 

statistical power in the larger European ancestry sample size, we performed a meta-

analysis on subset of European ancestry cohorts: the Framingham Heart Study, 

Rotterdam Study, and KORA, such that the total number of smokers, the major 

determinant of power, would match that of African ancestry cohorts. In this subset, 

similar correlations of the effect estimates were observed as in the complete analyses 

suggesting that the differences in number of statistically significant CpGs are indeed 

due to better power in the European ancestry cohorts (Spearman ρ=0.87 and 0.79 for 

current versus never smokers and former versus never smokers, respectively). 

Cell type adjustment 

We adjusted our main analyses for white blood cell fractions, in studies based on either 

whole blood or leukocytes from the buffy coat of whole blood, either measured or 
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using a published method20.  Reassuringly, results before and after cell type adjustment 

were highly comparable. The correlation of regression coefficients before and after 

adjustment is 0.85 for the current vs. never smoker analysis (Supplementary Figure 7).  

Similarly for the analysis of former versus never smokers the effect estimates were 

highly correlated before and after adjustment (ρ=0.93; Supplementary Figure 8). In 

addition, in two cohorts we had results from specific cell fractions - CD4+ cells in 

GOLDN and CD14+ cells in MESA. The correlation of results between buffy coat and 

CD4+ or CD14+ for former versus never smokers are generally high (ρ > 0.74; 

Supplementary Table 16). 

Methylation profile across CpG sites 

We assessed methylation profile in FHS cohort as a representative cohort in the study. 

The profile of all 485,381 analyzed CpG sites can be found in Supplementary Figure 9. 

The profile across 18,760 CpG sites significantly associated with current vs. never 

smoking status can be found in Supplementary Figure 10. These plots indicate that 

most CpG sites with less dynamic range are largely not statistically significant in our 

results. 

DISCUSSION 

We performed a genome-wide meta-analysis analysis of blood-derived DNA 

methylation in 15,907 individuals across 16 cohorts and identified broad epigenome-

wide impact of cigarette smoking, with 18,760 statistically significant CpGs (FDR<0.05) 

annotated to over 7,000 genes, or roughly a third of known human genes. These genes 

in turn affect multiple molecular mechanisms and are implicated in smoking-related 

phenotypes and diseases. In addition to confirming previous findings from smaller 

studies, we detected over 16,000 novel differentially methylated CpGs in response to 

cigarette smoking. Many of these genes have not been previously implicated in the 

biologic effects of tobacco exposure. The large number of genes implicated in this well 

powered meta-analysis might on first glance raise concerns about false positives. 

However, on further consideration, given the widespread impact of smoking on disease 

outcomes across many organ systems and across the lifespan1, the identification of a 

large number of genes at genome wide significance is not surprising. In addition, our 

findings are robust and consistent across all 16 cohorts (Supplementary Tables 2 and 5) 

because we accounted for inter-study variability by using random effect meta-analyses, 

which is conservative when heterogeneity is present36. The implicated genes are mainly 

involved in molecular machineries, such as transcription and translation. Furthermore, 

differential methylation of a subset of CpGs persisted, often for decades, following 

smoking cessation. 

We found that genes differentially methylated in relation to smoking are 

enriched for variants associated in GWAS with smoking–related diseases1 including, 
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osteoporosis, colorectal cancers, chronic obstructive pulmonary disease, pulmonary 

function, cardiovascular disease (CVD) and rheumatoid arthritis. We find it noteworthy 

that there is enrichment of smoking-associated CpGs for genes associated with 

rheumatoid arthritis because DNA methylation is one of the proposed molecular 

mechanisms underlying this disease 37. It is also interesting that the most significant 

association of smoking with methylation was for the gene HIVEP3 (a.k.a. Schnurri3), the 

mammalian homolog of the Drosophila zinc finger adapter protein Shn38.  This gene 

regulates bone formation, an important determinant to osteoporosis, which was one 

of the enriched GWAS phenotypes. 

When we examined time since smoking cessation, we found that the majority 

of the differentially methylated CpG sites observed in analysis of current versus never 

smokers returned to the level of never-smokers within five years of smoking cessation. 

This is consistent with the fact that risks of many smoking-related diseases revert to 

nonsmoking levels within this period of time. Our results also indicate that cigarette 

smoking induces long-lasting alterations in DNA methylation at some CpGs. While 

speculative, it is possible that persistent methylation changes at some loci might 

contribute to risks of some conditions that remain elevated after smoking cessation. 

In all but two of our 14 cohorts DNA was extracted from the entire circulating 

leukocyte population. Thus there is the possibility of confounding by the effects of 

smoking on differential cell counts. We attempted to adjust for cell type and found that 

results were generally little changed by the adjustment. 

Our significant results are highly enriched for CpG sites associated with the 

expression of nearby genes (i.e., in cis) even though a single measurement of gene 

expression in blood is probably subject to considerably more within-subject variability 

than DNA methylation,39 limiting our ability to find correlations. Differential DNA 

methylation at many of the CpGs we identified in relation to smoking status may have 

a functional impact on nearby gene expression. Our analysis of genomic regions further 

supports the potential functional impact of our findings on gene expression. We 

demonstrated enrichment for sites with greater functional impact such as island 

shores, gene bodies, DNAse1 hypersensitivity sites, and enhancers, whereas we found 

no enrichment for CpG islands. These results reinforce previous findings showing that 

island shores, enhancers, and DHS sites are more dynamic (i.e., susceptible to 

methylation changes) than CpG islands40, which may be more resistant to abrupt 

changes in DNA methylation in response to environmental exposures41. Thus our 

results suggest that many of the smoking-associated CpG sites may have regulatory 

effects. 

While identification of changes in methylation patterns may suggest 

mechanisms by which exposure to tobacco smoke exerts its effects on several disease 

processes, DNA methylation profiles can also serve as biomarkers of exposure to 

tobacco smoke. Cotinine is a biomarker only of recent smoking; DNA methylation 
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signals have the potential to serve as robust biomarkers of past smoking history9,42. 

Indeed, several studies have identified several of such markers5,42,43. The large number 

of persistently modified CpGs may be useful to develop even more robust biomarkers 

to objectively quantify long-term cigarette smoking exposure for prediction of risk for 

health outcomes in settings where smoking history is not available or is incomplete as 

well as to validate self-reported never smoker status.  Further, our analyses of both 

former and current smokers show dose-dependent effects at a number of CpGs 

(Supplementary Tables 3 and 7). Methylation based biomarkers could be informative 

for investigating dose response relationships with disease endpoints. This is useful 

because smokers often underreport the amount of smoking, both current and 

historical. 

It is possible that smoking related conditions or correlated exposures may 

contribute to some of the methylation signatures identified. However, our studies are 

nearly all population based studies composed of predominantly healthy individuals, not 

selected for smoking related disease.  Given the number, strength and robustness to 

replication of findings for smoking across the literature and among our diverse cohorts 

from various countries the likelihood that these are confounded by other exposures or 

conditions related to smoking is greatly reduced. 

There several potential limitations to our study. First, the cross-sectional 

design limits our ability to study the time course of smoking effects. In addition, we 

analyzed methylation in DNA samples from blood, which is readily accessible. Although 

we demonstrated that blood derived DNA reveals a strong and robust signature of 

cigarette smoking exposure, studies in target tissues for smoking-related diseases (e.g., 

heart and lung) would be of additional interest. In addition, our analyses could not 

distinguish smoking’s direct effects from its indirect effects due to smoking-induced 

changes in cell metabolism, organ function, inflammation, or injury that could in turn 

influence methylation. However, this is the largest examination to date of the effects of 

smoking on DNA methylation with 16 studies from different countries contributing. 

In conclusion we identify an order of magnitude more sites differentially 

methylated in relation to smoking across the genome than have been previously seen. 

Many of these signals persist long after smoking cessation providing potential 

biomarkers of past smoking history. These findings may provide new insights into 

molecular mechanisms underlying the protean effects of smoking on human health and 

disease. 
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CHAPTER 9: GENERAL DISCUSSION 
The aim of this thesis was to investigate the effects of key factors from the methyl-

group metabolism on genome-wide DNA methylation in a site-specific manner. In 

addition, we also aimed to investigate the effects of other lifestyle factors such as 

nutrition and cigarette smoking on DNA methylation. We conducted several 

epigenome-wide association studies (EWASs) in blood samples of a population-based 

cohort, the Rotterdam Study (RS) and collaborated with other cohorts with similar data 

in a consortium based effort, to increase power and robustness of our findings. 

MAIN FINDINGS 

Methyl-group Metabolism and B-vitamins 

In Chapter 4, we describe that plasma Hcy was associated with subtle differences in 

DNA methylation of blood DNA, since we identified a small number of differentially 

methylated positions (3 DMPs) associated with Hcy in leukocytes of 2,035 individuals. 

Regional analysis identified 68 differentially methylated regions (DMRs) associated 

with Hcy. In Chapter 5, genetically elevated Hcy levels assessed by the MTHFR 677C>T 

variant and combined weighted genetic risk score (GRS) of 18 previously studied Hcy-

associated variants, did not show widespread changes in DNA methylation; identifying 

a few DMPs in cis (< 1Mb upstream or downstream of the SNP) and one DMP in trans 

(> 1Mb upstream or downstream of the SNP) associated with the MTHFR 677C>T 

variant and five trans-CpGs associated with the GRS. In Chapter 6, we conducted an 

interaction study of Hcy and the MTHFR 677C>T variant to investigate their combined 

effect on genome-wide DNA methylation in leukocytes of 1280 individuals. We 

identified 13 DMPs associated with [Hcy x MTHFR 677C>T]. This included four cis-DMPs 

at the AGTRAP-MTHFR-NPPA/B gene cluster on chromosome 1, which were also 

described in Chapter 5, indicating that this association is more likely driven by MTHFR 

677C>T variant since they are cis-DMPs for the MTHFR 677C>T variant. In Chapter 7, in 

leukocytes of 5,841 individuals, we identified six novel DMPs and 74 DMRs significantly 

associated with dietary folate intake, and 29 DMRs significantly associated with dietary 

vitamin B12 intake. No DMPs were found associated with dietary vitamin B12 intake. 

In conclusion, we investigated several important markers of one-carbon 

metabolism and found only subtle differences in DNA methylation that were of modest 

statistical significance. When we examined overlap between the identified methylation 

markers with the various factors from the methyl-group metabolism, we observed that 

all identified CpGs were specific for the marker under study and no overlap was found.   

Lifestyle factors 

In Chapter 8, we focused on association between cigarette smoking as a lifestyle factor 

and DNA methylation in leukocytes assessed in 15,907 individuals. We identified 
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widespread changes in methylation: 18,760 DMPs when comparing current versus 

never smokers, and 2,623 DMPs when comparing former versus never smokers. This 

indicates a pattern of persistent altered methylation, with attenuation for up to five 

years, after smoking cessation. 

CONSIDERATIONS OF OUR MAIN FINDINGS 

Despite the fact that the methyl-group metabolism is the key metabolism delivering 

methyl-groups for DNA-methylation, we did not find widespread effects of Hcy, Hcy-

associated genetic variants and dietary folate and vitamin B12 on DNA methylation 

across the genome. By comparison, when we studied the relation between cigarette 

smoking and DNA methylation, we identified widespread differences. There could be 

several explanations for the observed minimal effects of methyl-group metabolism on 

methylation pattern, that are listed below: 

Mildly elevated Homocysteine levels 

Hcy concentrations between 15-30 μmol/L are referred to as mild or moderate 

hyperhomocysteinemia (HHcy), whereas concentrations between 30-100 μmol/L and 

>100 μmol/L are referred to as intermediate and severe HHcy, respectively [1-3]. The 

subtle findings in Chapter 4 and Chapter 6 may be explained by the generally low 

median concentrations of Hcy in each cohort, with only about 10.2–32.3% of 

individuals in the mild or moderate range of HHcy above 15 μmol/l. In other words, the 

range of 3.4-35.4 μmol/l of Hcy might be too low, indicating a still balanced methyl-

group metabolism. It might be that more extreme deregulation of the methyl-group 

metabolism, as present in intermediate or severe HHcy, as occurs in severe folate or 

vitamin B12 deficiency, diseased individuals or inborn errors of metabolism, will lead to 

deregulation of DNA-methylation. 

Mildly elevated Hcy concentrations might not have resulted in altered s-

adenosylmethionine (SAM) and s-adenosylhomocysteine (SAH) levels in study 

participants. The ratio of SAM:SAH is frequently used as an indicator of cellular 

methylation potential, where SAM is the substrate and SAH is the product of essential 

methyltransferase reactions. A few human studies have suggested that elevated Hcy 

with corresponding increase in SAH is more strongly associated with global DNA 

hypomethylation, as compared to corresponding alteration in SAM [4, 5]. SAM and SAH 

was measured only in few previous studies, where they reported that individuals with 

mild, moderate or intermediately elevated Hcy levels showed increased SAM or 

increased SAH, with some showing corresponding decrease in SAM:SAH ratio [5-8]. 

We measured Hcy concentrations in plasma. Since methyl-group metabolism 

effectively takes place intracellularly, a double-blind trial by Smith et. al. [9] showed 

that FA supplementation significantly lowered plasma Hcy, but not intracellular Hcy. FA 

supplementation also did not lower intracellular SAM and SAH, which is possibly the 
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reason why global DNA methylation as measured by liquid chromatography-tandem 

mass spectrometry remained unaffected [9, 10]. 

Dietary data 

Dietary intake of folate and vitamin B12 that are major determinants of B-vitamin 

status, was associated with subtle differences in genome-wide methylation profiles. In 

older individuals, vitamin B12 uptake is usually impaired as a consequence of issues 

related to absorption [11], health disorders, medications or lifestyle factors [12]. Given 

the fact that the mean age in the majority of our examined cohorts was over 60 years, 

it is highly likely that dietary vitamin B12 intake might not accurately reflect 

intracellular status and therefore, could result in misclassification of vitamin B12 status 

[13, 14]. Dietary data is also prone to measurement errors, which can compromise our 

ability to detect statistically significant associations. Furthermore, there were 

differences in nutrient intake ranges across cohorts which could be related to the 

number and type of food items used in the FFQs, and the types of food composition 

reference tables used to calculate the nutrient data. Except for those studies for which 

covariates were not present, in the analysis, adjustments were done for age, sex, body 

mass index (BMI), differential white blood cell (WBC) counts, smoking status, physical 

activity, B-vitamin supplement intake, and alcohol (grams per day or drinks per week) 

and coffee (grams per day or servings per day) consumption. All these adjustments 

could have reduced the amount of variability left in nutrient intake, resulting in 

reduced power. Notably, the findings from previous birth cohort studies identified 

much more DNA methylation changes in neonates in relation to maternal folate intake 

or levels, as compared to our study in elderly [15, 16]. It could be that the effect of low 

B-vitamins intake is not seen in the individual itself but that the effects of low B 

vitamins are transmitted to the next generation to show an effect on DNA [17, 18]. 

Moreover, fetuses are very sensitive for disturbances in the methyl-group metabolism 

during development due to increased placental and fetal demand for folate, and 

therefore, any insufficiencies could have major implications [19-21]. Lastly, there could 

be a threshold effect for a possible association, i.e., there is a possibility that regulation 

of methylation is very tight and that mild differences in the metabolism can be 

compensated for, but not so for more extreme deregulation. This could mean that in 

our cohorts the folate and vitamin B12 status were consistently sufficiently optimal to 

prevent changes in DNA methylation patterns. 

Cohort heterogeneity and sample size 

Hcy concentrations are associated with different pathophysiologies and it should be 

noted that in our studies, the study population were either population based, or 

consisted of cases with venous thromboembolism, or have a mildly increased risk to 

develop Type 2 diabetes and/or cardiovascular disease. Individuals with Type 2 
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diabetes have a different metabolism due to insulin resistance and impaired insulin 

secretion [22]. DNA methylation of insulin related and unrelated genes have been 

previously associated with insulin resistance and Type 2 diabetes [22, 23]. In addition, 

SNPs associated with type 2 diabetes [24] and/or cardiovascular diseases [25, 26] might 

affect DNA methylation variability. Therefore, this clinical heterogeneity between 

cohorts could have hindered identifying DMPs that are associated with Hcy. 

A large sample size in EWAS studies is essential to improve statistical power in 

order to detect subtle changes and can possibility compensate for cohort 

heterogeneity. We performed an EWAS in relation to Hcy in 2,035 individuals and in 

relation to folate and B12 in 1,280 individuals and were not able to show large 

difference. In addition, we studied the effect of MTHFR 677C>T and other Hcy-

associated DNA variants on methylation in a sample size of 9,894 individuals, we again 

did not find large differences in methylation. This genetic study strongly suggest that 

there is no large difference in methylation patterns of circulating leukocytes in 

individuals with mildly elevated homocysteine levels. 

RNA or protein methylation 

Hcy is an important intermediate of the methyl-group metabolism that mediates the 

transfer of methyl groups to DNA as well as to RNA and proteins. Recent studies have 

shown that RNA methylation at the 6 methyl position of adenine (m6A) and 5 methyl 

position of cytosine (5-mC) regulates processes such as gene expression, RNA splicing, 

RNA stability, RNA degradation, mRNA translation and development, the aberrant 

methylation of which showing its implications in health and diseases [27-30]. 

Furthermore, protein methylation particularly on the nitrogen side-chains of the 

arginine and lysine residues are also known to be involved in numerous cellular 

processes such as DNA damage repair, RNA metabolism and gene expression [31-33]. It 

could be that the effects of Hcy and other methyl-group metabolism factors are more 

specific on the methylation of RNA or proteins. 

In an animal model, diet-induced HHcy altered global protein arginine 

methylation in a tissue-specific manner [34]. Plasma Hcy elevation is known to 

parallelly increase plasma SAH elevation leading to subsequent DNA hypomethylation 

[5]. When the effect of accumulation of intracellular SAH on both DNA methylation and 

protein arginine methylation was further investigated in cultured human umbilical vein 

endothelial cells, it was found that protein arginine methylation is more sensitive to 

SAH accumulation than DNA methylation, indicating that proteins are more prone to 

be hypomethylated than genomic DNA [35]. Large studies on the relation between 

(factors of the) methyl-group metabolism and methylation of RNA and/or proteins are 

currently missing, and it therefore remains to be discovered whether this relationship 

exists. 
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Tissue specificity 

The most commonly studied tissues in molecular epidemiology are blood and buccal 

epithelial cells as they are easy to obtain and are readily available. We conducted 

EWASs of Hcy level, by MTHFR 677C>T genotype and for folate/vitamin B12 intake, in 

whole blood leukocytes. However these effects could be different across tissues such 

as heart, brain and liver, from which methylation profiles are difficult to obtain. Few 

studies have performed DNA methylome profiling of other human tissues [36-39]. 

Tissue specific methylation differences are also seen in genomic DNA and domain of 

the H19 gene of liver, aorta, kidney and brain in mice with HHcy [40-42]. The tissue-

specific methylation reflects tissue-specific regulation of RNA expression and the 

biological dynamics are explained by the turnover or maintenance of binding sites for 

important transcription factors [43]. Moreover, it has been shown that the methylation 

profile of blood is highly distinct and contains relatively low levels of methylation as 

compared to other somatic tissues such as buccal cells [44-48]. The difference in DNA 

methylation between blood as compared to buccal cells, was more prominent at 

regions of low CpG density than at medium or high CpG density, while buccal cells had 

more variable CpGs as compared to blood tissue [47]. This distinction of blood as 

compared to other tissues was suggested to be due to the fact that blood is not a solid 

tissue and that the components of blood are a part of the inflammatory and immune 

systems, which are functionally related to many diseases [46, 47, 49, 50]. The other 

readily available tissue, buccal cells showed a significantly larger overlap with 

hypomethylated regions in a large number of other tissues in one report [44]. 

Therefore, buccal cells might be better than blood for large-scale epidemiological 

studies. It is clear that using blood as a surrogate tissue necessitates careful 

interpretation of results and correlation with the tissue of interest [51]. Depending on 

the clinical interest, other tissues should be further investigated such as heart, liver, 

kidney and brain. 

Cellular heterogeneity 

DNA methylation measurements from whole blood leukocytes is a mix of different cell 

types with varying proportion of different white blood cell counts (WBCs). There are 

five types of WBCs which include neutrophils (~62%), eosinophils (~2.3%), basophil 

(~0.4%), lymphocytes (~30%) and monocytes (~5.3%). Neutrophils, eosinophils and 

basophils together form the granulocytes. Since DNA methylation can be specific for 

different cell types, its analysis might be confounded due to differences in 

interindividual composition of cell types [52-57]. Therefore, DNA methylation analysis 

requires cautious consideration of cell count adjustments in the model. In order to 

adjust for cellular heterogeneity, RS and most other studies used measured percentage 

of differential cell counts of granulocytes, lymphocytes and monocytes. Other studies 

used percentage of imputed cell counts derived from the houseman method [58], to 
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adjust for cellular heterogeneity. The Houseman method uses methylation profiles to 

statistically estimate relative proportions of cell type components in whole blood that 

includes granulocytes, monocytes and subtypes of lymphocytes that include the B cells, 

natural killer (NK) cells, and T cells. The R2 correlation between measured and 

houseman imputed cell counts is 0.580, 0.645 and 0.259 in granulocytes, lymphocytes 

and monocytes, respectively, in a subset of 700 samples of the Rotterdam Study 

[Figure 1]. It is important to keep in mind that Houseman uses a reference-based 

algorithm that is based on only six reference individuals [52]. Therefore, its estimates 

are not fully optimal, and can introduce biases in association results. 

Even after cell type adjustments, cellular heterogeneity could still be an issue 

due to several reasons. One, if a particular cell type is underrepresented, then a change 

in DNA methylation associated to it may not be detected, and can only be detected if 

DNA methylation in such cell type is measured separately [52, 59]. Two, in important 

cell types of blood, few CpGs in regulatory regions may have opposite methylation 

patterns between the cell types. Considering these interindividual differences between 

cells, cautious interpretation of the overall methylation results is needed [52]. Three, B 

cells show a separate cluster and the largest number of DMPs with its associated genes 

belonging to other pathways, as compared to other lymphocytes [52]. This distinct 

methylation profile of B cells should be considered, and adjusting for the percentage of 

total measured lymphocytes may not reduce this heterogeneity.  
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Cigarette smoking 

We observed a large epigenome-wide impact of smoking on DNA methylation pattern 

with a total of 18,760 significant DMPs annotated to over 7,000 genes. Why is the 

effect of smoking so much larger than Hcy and other methyl-group metabolism 

factors? One, Hcy and other methyl-group metabolism factors such as folate and 

vitamin B12 are associated with smoking [60-62] and with other lifestyle factors such 

as physical activity [63, 64], coffee consumption [65-67] and alcohol consumption [68, 

69]. Therefore, Hcy, folate and vitamin B12 cannot be seen separately from lifestyle 

factors and that these factors might have masked some associations. Moreover, 

despite our inclusion of these known confounders as covariates in the B-vitamin EWAS 

models, the possibility of inter-correlations of these confounders with each other or 

other factors belonging to the causal pathway could nullify the findings. Two, in 

addition to the methyl-group metabolism, smoking could affect DNA methylation via 

few other known mechanisms [70] such as: 

a) Cigarette smoke contains carcinogens such as arsenic, chromium, polycyclic 

aromatic hydrocarbons, formaldehyde, and nitrosamines that causes double-stranded 

breaks to the DNA causing DNA damage [71]. The enzyme DNMT1 is recruited to repair 

the damage in surviving cells which causes methylation of CpGs adjacent to the 

repaired nucleotides [71-73]. 

b) Cigarette smoke can alter DNA methylation through the effect of nicotine 

on DNMT1 expression. Nicotine binds to and activates the nicotinic acetylcholine 

receptors that increases intracellular calcium and activates the key transcription factor 

(cAMP response element-binding protein) of many genes with possible downregulation 

of DNMT1 [74-76]. 

c) Cigarette smoking increases expression of the DNA-binding protein Sp1 

which protects CpG sites from being methylated [77-79]. 

d) Cigarette smoke contains carbon monoxide that competes with oxygen to 

bind to hemoglobin. This causes inadequate oxygenation of tissues in a condition called 

hypoxia [80]. Hypoxia further leads to the HIF-1α-dependent upregulation of 

methionine adenosyltransferase 2A, which is an enzyme that synthesizes the methyl 

donor, SAM [81]. 

e) Cigarette smoking is also associated with a general inflammatory state and 

cell ratios in the body [82-85], which could also alter DNA methylation. 

These large effects of cigarette smoking on genome-wide DNA methylation 

could further influence post-translational modifications possibly Immunoglobulin G 

glycosylation [86]. 
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METHODOLOGICAL CONSIDERATIONS 

Measurement of genome-wide methylation 

The human genome contains more than 28 million CpGs [87], 70-80% of which are 

methylated [88]. However, the Illumina 450K arrays only measures 1.7% of the CpGs in 

the genome. The CpGs are unevenly distributed across the human genome. 

Methylation in promoters and enhancers create the most functional impact. Among 

the gene regions for CpGs included on this array, most (41%) of them are present at 

gene promoters, 31% at gene bodies, 35% at 3’UTR regions and 3% at intergenic 

regions. For the enhancer regions, that are not present for a large part on the Illumina 

450k arrays, but are newly incorporated as 333,265 new CpG sites identified by the 

ENCODE [89, 90] and FANTOM5 [91] projects, in the recent Illumina 850k EPIC array 

[92]. It is possible that Hcy effects on DNA methylation may be specific to other sites 

and regions in the genome that are not measured by the Illumina 450k arrays, for 

example, enhancers. Therefore, future studies in this field can use the recent Illumina 

850k EPIC arrays which has similar advantages as Illumina 450k arrays and not only 

contains >90% of the original content from Illumina 450K arrays but also includes high 

coverage from enhancer regions. Also, when calculating and analyzing genomic DNA 

methylation, i.e., the median of CpGs per sample using this Illumina 450k array data, 

one needs to keep in mind that the results might be biased due to limited genome 

coverage. 

DATA-ANALYSIS 

Normalization 

A divergence between the β-values of the Infinium type I and type II probe assays was 

noticed previously wherein the β-values retrieved from the type II assay were of 

smaller range, less accurate and less stable as compared to the β-values retrieved from 

type I assay [93, 94]. In order to overcome this bias, several correction methods were 

proposed to rescale the type II β-values as per the type I β-values [93, 94] with each 

method having its own pros and cons. In the RS, we investigated the performance of 

these methods and although they all performed in a satisfactory manner, we decided 

to use DASEN [95] or quantile normalization from CPACOR workflow (separately done 

for Type 1 and Type 2 assays) [96] which performs between samples correction. The 

association analysis performs regression across samples per probe, and therefore it is 

important to perform between samples correction per probe instead of across probes 

correction per sample. 

Differentially methylated regions 

In the analysis from this thesis, we used the method Comb-p [97, 98] to estimate 

methylation differences across regions. This software was developed considering the 
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uneven distribution of CpGs on Illumina 450k arrays. It uses nominal p-values as input 

in a sliding window and also takes into account the correlation between CpGs 

associated with these p-values. This method uses only p-values as input, not only from 

single EWASs but also from meta-analyses. In the results described in Chapter 4 and 

Chapter 7, we found 68, 74 and 29 DMRs to be significantly associated with Hcy levels, 

dietary folate and dietary vitamin B12 intakes, respectively. The number of DMRs were 

much more than the observed DMPs. In addition, top DMR findings did not reflect a 

strong association for one or more single CpGs that were part of the identified DMR. 

Therefore, although DMR analysis on array-data is used in an increasing number of 

manuscripts, a standard method is yet to be identified. Since the design of the array is 

not optimal for DMR-analysis (large “gaps” between CpGs), simply “adding-up” results 

from two nearby CpGs seems too simple. A better option might be to include 

predefined regions based on databases with functional annotation of the genome, such 

as ENCODE. However, we still know very little about actual correlation of CpGs in 

different circumstances. All this, makes the “pure statistical” collapsing of different 

CpGs doubtful and results from these analysis should be carefully interpreted. 

IMPLICATIONS AND FUTURE DIRECTIONS 

Smoking-associated methylation changes showed relatively larger differences as 

compared to the factors that are more directly related to methylation-metabolism such 

as Hcy, Hcy-associated variants or B-vitamin intake. First, validation or replication is 

needed for the identified Hcy- , folate intake- and vitamin B12- associated DMPs. If 

true, they can be used as potential biomarkers in methyl-group metabolism related 

pathologies and for identification of new pathways and biological mechanisms 

associated with it. In addition, the smoking-associated DMPs could serve as sensitive 

markers for lifetime exposure to cigarette smoking. Although these DMPs need to have 

good sensitivity and specificity to be used as biomarkers for diagnostics, their use in 

diagnosis could serve many purposes [99, 100]. 

Since SAM is a major methyl donor and SAH is a potent inhibitor of methyl-

transferase reactions, the ratio of SAM/SAH is thought to reflect the cellular 

methylation capacity [5]. Therefore, coming back to the possibilities discussed before 

as to why we found limited findings, measurements of SAM and SAH would be 

interesting to investigate methyl-group metabolism related methylation changes. 

However, SAM is an intrinsically unstable molecule [101], which needs controlled 

preanalytical conditions. Therefore, it is a challenging task to measure SAM or 

SAM:SAH ratio in population-based studies, and very few studies have studied this up 

to now [5-8]. 

Inorder to identify true effects of intermediate or severe HHcy i.e. more 

extreme dysregulated methyl-group metabolism, a population with a broader range of 

Hcy, i.e., individuals with severe HHcy or with folate/vitamin B12 deficiency should be 
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recruited. Furthermore, since dietary data is prone to measurement errors, 

measurements of plasma or cellular levels of vitamin B12 and folate should be 

conducted to confirm the role of these B-vitamins on DNA methylation. Tissues other 

than blood need to be investigated to find specific effects and more homogenous cell 

types should be studied for accuracy. Choosing the right tissue depends on the clinical 

interest. However, tissues such as heart, liver, kidney and brain are not readily 

available and are difficult to obtain in a substantial number of samples. Therefore, use 

of surrogate tissues such as blood or buccal cells can be improved by understanding 

the relationship between surrogate tissues and target tissues in an independent data 

set using more information, such as from correlated CpG sites [102]. Although 

methylation levels are largely conserved across tissues, it should be kept in mind that 

such prediction accuracy could vary across different tissue types, populations, 

phenotypes, diseases, genotypes and environmental exposure [102]. 

Intracellular Hcy, SAM and SAH 

It could be that the effects of Hcy are seen at an intracellular level instead of plasma 

level, since methyl-group metabolism effectively takes place intracellularly. It was 

previously shown that plasma Hcy and intracellular SAH but not intracellular SAM were 

associated with lymphocyte DNA hypomethylation [5]. Moreover, heterozygous 

cystathionine β-synthase (CBS +/−) mice given a methyl-deficient diet for 24 weeks, 

showed that tissue-specific alterations in global DNA methylation levels of liver, kidney, 

brain and testes occurred not due to decreased intracellular SAM concentrations of 

these tissues alone, but due to increased intracellular SAH with or without combination 

with decreased intracellular SAM [103]. Brain and testes showed most sensitivity to 

alterations in SAH and DNA methylation, as compared with liver and kidney which can 

be mainly due to low SAH hydrolase activity and lack of complete transsulfuration 

pathway in these tissues [103]. Since for most methyl-group metabolites, plasma 

concentrations showed poor reflection of intracellular concentrations [9], future 

studies should measure intracellular Hcy, SAM and SAH concentrations and investigate 

their effect on genome-wide DNA methylation. This could be the reason why we did 

not find large differences of plasma homocysteine on genome-wide DNA methylation.  

Hydroxymethylation 

Hydroxymethylation is another kind of chemical modification which occurs from 5-

methylcytosine to form 5-hydroxymethylcytosine (5hmC) catalyzed by ten-eleven 

translocation (TET) enzymes [104]. 5-hmC are known to play roles in gene expression, 

mammalian development, transcriptional regulation and human diseases [105]. It 

could be that the role of Hcy, B vitamin diet intake, other methyl-group metabolism 

factors and smoking is specific to some 5-hydroxycytosines. Like other techniques that 

are based on the bisulfite treatment, the Illumina 450k array is primarily incapable to 
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differentiate 5-methylcytosines from 5-hmC because both are resistant to bisulfite 

treatment [106-108]. Moreover, due to the low abundance of 5hmC as compared to 5-

methylcytosines, it is technically more challenging to measure 5hmC [108]. Essentially, 

5hmC can be measured by digestion- and antibody-based techniques [109] and LC/MS-

MS [110, 111] or by TET-assisted bisulfite treatment followed by 450k arrays or 

sequencing. 

Mendelian randomization 

The relationship of Hcy, vitamin B12 and folate with DNA methylation can be subject to 

substantial bias, given the strong relationship between several lifestyle factors, 

diseases and methyl-group factors. To circumvent this bias, genetic factors determining 

the methyl-group factors as an instrument can be used to study the relationship 

between these factors and methylation by Mendelian Randomization (MR). This would 

eliminate the effects that are possibly caused by measurement errors, confounding and 

reverse causality. However, in Chapter 5 we performed a MR study of MTHFR 677C>T 

or genetic risk score (GRS). If a formal MR-study is conducted, the used SNPs or so 

called instruments need to satisfy 3 basic assumptions [112, 113]. One, the instrument 

should be associated with our exposure, Hcy. Two, the instrument should not associate 

with any confounder of the exposure-outcome association. Three, the instrument 

should not affect our outcome, DNA methylation, except through Hcy. This condition is 

also referred to as pleiotropy. Although all three assumptions are satisfied in the case 

of the MTHFR 677C>T [114], the GRS model might violate assumption three [112, 113]. 

Recent research in MR studies have developed several methods that can be used in the 

future to correct and estimate the correct causal estimates in case of pleiotropy [115-

117]. 

Furthermore, the relationship between Hcy and DNA methylation should be 

known, before MR can be performed [118]. This relationship is only known in studies 

until now where DNA methylation is measured at a global level. Therefore, for the 

MTHFR 677C>T variant, we did not perform a complete MR because in Chapter 4 we 

did not find large effects of Hcy on site-specific DNA methylation, and therefore, we 

could not estimate the causal effect in this case. However, we performed a genetic 

study which focused on the association of genetically defined elevated Hcy levels with 

DNA methylation. The results were in line with the results described in Chapter 4, 

where subtle changes in genome-wide DNA methylation was observed. 

 Furthermore, there could be application of the MR technique for other 

exposures such as cigarette smoking, which has shown a larger effect on genome-wide 

DNA methylation as described in Chapter 8. A recent study of 822 individuals has 

already evaluated the previously found associations of cigarette smoking with 5 DMPs, 

using the MR study [119]. Using the SNPs rs4074134 for current smoking and 

rs9920506 for ever smoking as instruments, they found causal effect on 



CHAPTER 9: General discussion 277 

 

 
 

hypomethylation of two of the 5 DMPs of the F2RL3 and GPR15 genes. Future studies 

can conduct similar studies on the much larger list of the cigarette smoking associated 

DMPs that we identified in Chapter 8. 
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CHAPTER 10: SUMMARY 

Homocysteine and DNA methylation 

Homocysteine (Hcy) is a key metabolite of the methyl-group metabolism, elevated 

levels of which in a medical condition called hyperhomocysteinemia (HHcy) are 

associated with several disorders such as cardiovascular diseases and osteoporotic 

fractures. Being a byproduct of the methyltransferase reaction, Hcy’s role in alteration 

of DNA methylation levels is thought as one of the underlying mechanisms of Hcy-

associated disorders. Several studies have investigated the association between Hcy 

and DNA methylation in both animal models and human subjects. We reviewed this 

literature in Chapter 2 and found that in animal models, both diet- and genetically-

induced elevated Hcy showed alteration in DNA methylation indicating Hcy as a 

keyplayer. However in human subjects, elevated Hcy did not show consistent 

alterations in DNA methylation. These contradictory findings in humans might be 

explained by the differences in tissue types, small sample sizes, pathophysiological 

effects of the underlying disease, genetic differences between humans, limited studies 

and the fact that DNA methylation was measured on a global scale. 

To follow up on our understanding of this review, we conducted a 

epigenome-wide association study (EWAS) of Hcy in Chapter 4 to investigate the 

association between plasma Hcy and DNA methylation in leukocytes of 700 individuals 

of the RS. We increased our sample size up to 2,035 individuals by collaborating with 

other cohorts and conducted a meta-analysis of the individual EWAS results per cohort. 

We found that plasma Hcy was associated with subtle changes in DNA methylation, 

wherein we identified some novel epigenetic loci; three differentially methylated sites 

(DMPs) and 68 differentially methylated regions (DMRs) associated with Hcy. 

Given the strong relationship between several lifestyle factors, diseases and 

Hcy, the relationship between Hcy and DNA methylation can be subject to substantial 

bias possibly caused by measurement errors, confounding and reverse causality. 

Therefore we eliminated these effects in Chapter 5 by using genetically defined 

elevated Hcy, i.e. the most consistent MTHFR 677C>T variant and the combined 

weighted genetic risk score (GRS) of 18 previously studied Hcy-associated variants, to 

test whether genetically defined elevated Hcy levels are associated with DNA 

methylation changes in leukocytes of 9,894 individuals from 12 cohorts. Except for the 

cis-DMPs (< 1Mb upstream or downstream of the SNP), we did not observe widespread 

changes in DNA methylation; mainly one trans-DMPs (< 1Mb upstream or downstream 

of the SNP) associated with the MTHFR 677C>T variant and five trans-CpGs associated 

with the GRS. 

Lastly in Chapter 6, we conducted an interaction study of plasma Hcy and 

MTHFR 677C>T variant to investigate their combined effect on genome-wide DNA 

methylation in leukocytes of 1280 individuals from 2 cohorts. We identified 13 DMPs 
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associated with [Hcy x MTHFR 677C>T]. This included four cis-DMPs at the AGTRAP-

MTHFR-NPPA/B gene cluster on chromosome 1, which were also found in Chapter 5, 

indicating that this association was driven by the MTHFR 677C>T variant. We did not 

see overlaps of any other DMPs between our analysis of plasma Hcy, MTHFR 

677C>T/GRS and [Hcy x MTHFR 677C>T] in Chapter 4, 5 and 6, respectively. 

Nutrition, Lifestyle and DNA methylation 

The metabolites and co-enzymes that participate in the methyl-group metabolism are 

methionine, choline, betaine and B-vitamins, namely folate, vitamin B2, B6 and B12. 

Folate and vitamin B12 are widely studied co-enzymes and are essential micronutrients 

involved in the donation of methyl groups in cellular metabolism, deficiencies of which 

could impair the remethylation pathway and lead to elevated Hcy. Therefore, general 

nutrition intake including the status of these vitamins could play a vital role in DNA 

methylation. We conducted a systematic review in Chapter 3 to study the relation 

between micro- and macro- nutrients and DNA methylation in disease-free individuals 

across the life course. Micronutrients included B-vitamins, where in most studies, we 

found that folate but not vitamin B12 was associated with DNA methylation. However, 

the directions of these associations were inconsistent across studies. This was 

attributed to differences across life course and nutrient and methylation tissue type. 

To study the effect of the nutritional folate and vitamin B12 intake on a large 

epigenome-wide scale, we conducted meta-analyses in leukocytes of 5,841 participants 

from EWASs of 10 cohorts in Chapter 7, where we identified some novel epigenetic 

loci; mainly 6 novel DMPs and 74 DMRs significantly associated with dietary folate 

intake, and 29 DMRs significantly associated with dietary vitamin B12 intake. Although 

both dietary intake and cellular levels of folate are important determinants of plasma 

Hcy, we did not see overlaps of the six folate intake-associated DMPs with our analysis 

of plasma Hcy, MTHFR 677C>T/GRS and [Hcy x MTHFR 677C>T] in Chapter 4, 5 and 6, 

respectively. 

In addition to the one carbon metabolism and nutritional factors, smoking is a 

crucial lifestyle factor for disorders such as respiratory diseases, cardiovascular 

diseases, cancer and reproductive outcomes has been previously associated with 

epigenome-wide DNA methylation. However, large-scale meta-analysis studies with 

increased sample sizes have not been conducted yet. In Chapter 8, we focused on 

association between cigarette smoking as a lifestyle factor and DNA methylation in 

leukocytes, assessed in 15,907 individuals (2,433 current, 6,518 former, and 6,956 

never smokers) from EWASs of 16 cohorts. We identified 2,623 DMPs at bonferroni 

threshold P<1×10-7 (18,760 DMPs at false discovery rate (FDR) <0.05) when comparing 

current versus never smokers, and 185 DMPs at bonferroni threshold P<1×10-7 (2,623 

DMPs at FDR <0.05) when comparing former versus never smokers, indicating a 

pattern of persistently altered methylation, with attenuation, after smoking cessation.  
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HOOFDSTUK 10: SAMENVATTING 

Homocysteïne en DNA-methylatie 

Homocysteïne (Hcy) is een belangrijke metaboliet in het metabolisme van 

methylgroepen. Verhoogde concentraties  van homocysteïne in het bloed, in medische 

terminologie hyperhomocysteïnemie (HHcy) genoemd, zijn geassocieerd met 

verschillende stoornissen zoals hart- en vaatziekten en osteoporotische fracturen. 

Omdat Hcy een bijproduct is van de DNA-methyltransferasereactie, wordt een 

verandering in DNA-methylering beschouwd als één van de mogelijke pathologische 

mechanismen bij Hcy-geassocieerde aandoeningen. Verschillende studies hebben de 

associatie tussen Hcy en DNA-methylering bij zowel diermodellen als bij mensen 

onderzocht. Wij hebben deze literatuur in Hoofdstuk 2 samengevat en daarin 

aanwijzingen gevonden dat in diermodellen zowel dieet- als genetisch geïnduceerde  

HHcy veranderingen in DNA-methylering tot gevolg hebben die aan Hcy worden 

toegeschreven. Bij de mens vertoonde verhoogd Hcy echter geen consistente 

veranderingen in DNA-methylering. Deze tegenstrijdige bevindingen kunnen worden 

verklaard door verschillen in onderzochte weefseltypes, steekproefgroottes, 

pathofysiologische effecten van de onderliggende ziekte, genetische verschillen tussen 

mensen, opzet van de studies en het feit dat meestal globale DNA-methylering werd 

gemeten. 

In aansluiting op dit overzicht van de literatuur hebben wij in Hoofdstuk 4 een 

epigenoom-brede associatiestudie (EWAS) van Hcy uitgevoerd om de associatie tussen 

plasma Hcy en DNA-methylering in leukocyten van 700 individuen van de Rotterdam 

Studie (RS) te onderzoeken. Wij hebben onze steekproefomvang verder verhoogd tot 

2.035 personen door samen te werken met andere cohorten en hebben een meta-

analyse uitgevoerd van de individuele EWAS-resultaten per cohort. Wij vonden dat 

plasma-Hcy geassocieerd was met subtiele veranderingen in DNA-methylering, waarbij  

een aantal nieuwe epigenetische loci werd geïdentificeerd: drie differentieel 

gemethyleerde posities (DMPs) en 68 differentieel gemethyleerde regio's (DMRs) 

geassocieerd met Hcy. 

Gezien de sterke relatie tussen verschillende leefstijlfactoren, ziekten en Hcy, 

kan de relatie tussen Hcy en DNA-methylering onderworpen zijn aan substantiële bias, 

veroorzaakt door meetfouten, verstorende factoren of omgekeerde causaliteit. In 

Hoofdstuk 5 hebben wij getracht  deze factoren te elimineren door gebruik te maken  

van genetisch vastgelegde  HHcy, dwz van de meest consistente MTHFR 677C>T variant 

en de gecombineerde gewogen genetische risicoscore (GRS) van 18 eerder 

bestudeerde Hcy-geassocieerde varianten, om te testen of deze genetisch 

gedefinieerde verhoogde Hcy niveaus zijn geassocieerd met DNA-

methyleringsveranderingen in de leukocyten van 9.894 individuen uit 12 cohorten. Met 

uitzondering van  cis-DMP's (<1Mb stroomopwaarts of stroomafwaarts van de SNP), 



288 PART D: Discussion and summary 

 

hebben wij geen wijdverspreide veranderingen in DNA-methylering waargenomen;  

wel één trans-DMP's (<1Mb stroomopwaarts of stroomafwaarts van de SNP) 

geassocieerd met de MTHFR 677C>T variant en vijf trans-CpG's geassocieerd met de 

GRS. 

Ten slotte hebben we in Hoofdstuk 6 een interactiestudie uitgevoerd van 

plasma Hcy en de MTHFR 677C>T variant  om hun gecombineerde effect op genoom-

brede DNA-methylering in leukocyten van 1280 individuen uit 2 cohorten te 

onderzoeken. Wij identificeerden 13 DMP's geassocieerd met [Hcy x MTHFR 677C>T]. 

Dit omvatte vier cis-DMP's in het AGTRAP-MTHFR-NPPA/B gencluster op chromosoom 

1, die ook werden gevonden in hoofdstuk 5, en dit geeft aan dat deze associatie wordt 

aangedreven door de MTHFR 677C>T variant. We hebben geen overlappingen van 

andere DMP's gezien tussen onze analyses van plasma Hcy,  MTHFR 677C>T/GRS en 

[Hcy x MTHFR 677C>T] in respectievelijk de hoofdstukken 4, 5 en 6. 

Voeding, levensstijl en DNA-methylatie 

De metabolieten en co-enzymen die deelnemen aan het methyl-groep-metabolisme 

zijn methionine, choline, betaïne en de B-vitamines folaat, vitamine B2, B6 en B12. 

Folaat en vitamine B12 zijn veel bestudeerde micronutriënten die in het 

celmetabolisme als coenzym betrokken zijn bij de overdracht van methylgroepen , en 

waarvan tekorten de remethylatie-route kunnen verstoren en zo leiden tot verhoogd 

Hcy. Daarom zou algemene voedingsinname inclusief de status van deze vitaminen, 

een vitale rol kunnen spelen bij DNA-methylering. Wij hebben in Hoofdstuk 3 een 

systematische review uitgevoerd om de relatie tussen micro- en macronutriënten en 

DNA-methylering in ziektevrije individuen gedurende de levensloop te bestuderen. B-

vitaminen zijn micronutriënten, waarvan we in de meeste onderzoeken vonden dat 

folaat wel maar vitamine B12 niet geassocieerd was met DNA-methylering. De richting 

van deze associaties was in verschillende studies echter niet consistent. Dit werd 

toegeschreven aan verschillen in levensloop, type voeding en het type  weefsel 

onderzocht op methylering. 

Om het effect van de folaat en vitamine B12 inname uit voeding op een grote, 

epigenoom-brede schaal te bestuderen, hebben we in Hoofdstuk 7 een meta-analyses 

uitgevoerd in leukocyten van 5.841 deelnemers van EWASs van 10 cohorten , en daarin 

enkele nieuwe epigenetische loci geïdentificeerd: zes nieuwe DMP's en 74 DMR's die 

significant geassocieerd zijn met foliumzuurinname via het dieet en 29 DMR's die 

significant geassocieerd zijn met de inname van vitamine B12. Hoewel zowel de 

inname via de voeding als de cellulaire niveaus van folaat belangrijke determinanten 

zijn van plasma Hcy, hebben we geen overlappingen gezien van de zes 

foliumzuurinname-geassocieerde DMP's met onze analyses van plasma Hcy, MTHFR 

677C>T/GRS en [Hcy x MTHFR 677C>T] in de hoofdstukken 4, 5 en 6. 
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Naast het methylgroep-metabolisme en voedingsfactoren, is roken een 

cruciale leefstijlfactor die wordt gerelateerd aan aandoeningen van de luchtwegen, 

hart- en vaatziekten, kanker en zwangerschap  én   eerder is geassocieerd met 

veranderingen in epigenoom-brede DNA-methylering. Er zijn echter nog geen 

resultaten van grootschalige meta-analyseonderzoeken met toegenomen 

steekproefgroottes bekend. In Hoofdstuk 8 hebben we ons gericht op de associatie 

tussen het roken van sigaretten als leefstijlfactor en DNA-methylering in leukocyten, 

door middel van  EWASs bij 15.907 personen uit 16 cohorten (2.433 actieve, 6.518 

voormalige en 6.956 nooit-rokers). Wij identificeerden 2.623 DMP's bij Bonferroni-

drempel P <1 × 10-7 (18.760 DMP's bij fout-positieven ratio (FDR) <0,05) bij vergelijking 

van actieve versus nooit-rokers, en 185 DMP's bij Bonferroni-drempelwaarde P <1 x 10-

7 (2.623 DMP's bij FDR <0,05) bij vergelijking van voormalige versus nooit-rokers, 

hetgeen wijst op een patroon van aanhoudend veranderde maar wel verzwakkende 

methylering na stoppen met roken. 
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