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ABSTRACT 

 

DNA methylation, the most studied epigenetic mechanism regulating gene expression, 

has been thought to play a critical role in the aetiology of complex diseases and traits, 

including breast cancer. Twin and family studies have investigated the unmeasured causes 

of DNA methylation variation; there are, however, several research gaps, such as 

interpreting the average heritability across sites as the heritability of genome-wide DNA 

methylation level and assuming DNA methylation variation across sites to have the same 

causes. Two DNA methylation features, genome-wide average DNA methylation 

(GWAM) and epigenetic age acceleration, are putatively associated with breast cancer 

risk. The causes of variation remain unknown for GWAM and have not been well 

investigated for epigenetic age acceleration. Understanding the potential causality 

between DNA methylation and conventional breast cancer risk factors, which has been 

rarely investigated for body mass index (BMI), mammographic density and smoking, 

might bring a better understanding of breast cancer aetiology.  

To address current research gaps, my thesis used DNA methylation data from multiple 

twin and family studies to investigate the causes of variation in GWAM, in site-specific 

DNA methylation and in epigenetic age acceleration, and to investigate the potential 

causality between DNA methylation and BMI, mammographic density and smoking with 

a novel analytic method using data for related individuals - Inference about Causation 

through Examination of FAmiliaL CONfounding (ICE FALCON).   

My thesis found that: a) genome-wide methylation level, measured as GWAM, is 

determined by prenatal environmental factors acting in utero, the effects of which last 

into old age, and by environmental factors shared by cohabitating family members, 
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including spouse pairs (Chapter 4); b) site-specific variation DNA methylation has 

specific causes, and substantial variation is explained by measurement error and 

environmental factors (Chapter 5); c) evidence consistent with twin birth changing the 

intrauterine environment such that sibling pairs both born after a twin birth are correlated 

in DNA methylation while sibling pairs both born before a twin birth are not (Chapter 6); 

d) variation in epigenetic age acceleration is caused by shared environmental factors as 

well as genetic factors (Chapter 7); and e) BMI, mammographic dense area and smoking 

are associated with DNA methylation at several genetic loci, and these associations are 

likely due to the causal effects of the three factors on DNA methylation, the same 

conclusion to those made by Mendelian randomisation analysis (Chapters 8 to 10). 

The findings of my thesis suggest that DNA methylation appears to be fundamentally 

about the way the environment influences the way genes work. Although there might be 

methylation sites at which the variation has a genetic basis, these are rare. The effects of 

the environment can start from the time of conception, or at least while in the womb, and 

continue into adulthood. Some of those environmental effects are shared by family 

members, even spouse pairs, and these effects can potentially influence breast cancer risk 

in adulthood. Conventional breast cancer risk factors can cause changes to DNA 

methylation, indicating that DNA methylation might explain in part why these factors 

modifying risk. Most of the novel results of this thesis could not have come about without 

the use of data from twin pairs, or of data from other pairs of relatives including spouse 

pairs. The thesis has also shown the value of ICE FALCON in making inference about 

observational epigenetic association based on considering familial confounding - ICE 

FALCON gives the same conclusion as those being found by Mendelian randomisation. 

More importantly, ICE FALCON does not require extensive genome knowledge and data 

that are required by Mendelian randomisation.   
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 Background and research aims  

1.1 Background 

1.1.1 Epigenetics 

First proposed by C. H. Waddington in 1942, epigenetics was defined as a field of 

research aiming to “discover the processes involved in the mechanism by which the genes 

of the genotype bring about phenotypic effects” [1]. Now epigenetics is commonly 

defined as the study of mitotically and/or meiotically heritable changes in gene function 

that are not explained by changes in DNA sequence [2, 3].  

It is currently thought that epigenetic modification can regulate gene expression via 

several mechanisms. DNA methylation and histone modification are two commonly 

studied mechanisms. DNA methylation is a process whereby a methyl group is added to 

the DNA molecule, and histone modification is a process in which a histone tail is 

modified and this alters the extent to which DNA is wrapped around the histone (Figure 

1.1). Other modifications like nucleosome positioning [4] also exist. In this thesis, I have 

focused on DNA methylation.  

Epigenetic modification is thought to play a critical role in the aetiology of complex traits 

and diseases [5]. Epigenetic modification could be the cause of disease, or the mediator 

of the effects of exposures on disease risk. In addition, epigenetic modification might act 

as a biomarker of an exposure or of a disease, and play a role in the effectiveness of 

treatment for a disease. I have reviewed these potential roles of epigenetic modification 

in Chapter 2.  
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Figure 1.1 Mechanisms of DNA methylation and histone modification 

 (Source: https://commonfund.nih.gov/epigenomics/figure)   

1.1.2 DNA methylation 

DNA methylation typically occurs at a cytosine that precedes a guanine, i.e., CpG 

dinucleotides (CpGs). A methyl group (-CH3) is added to a cytosine that the cytosine is 

converted to a 5-methylcytosine (5-mC). The total number of CpGs in the genome is 

about 28 million. CpGs are not evenly distributed across the genome but cluster in regions 

called CpG islands (CGI) [6], where there is a C+G content more than 50%, and an 

observed/expected ratio of CpG over 0.6, and the length of which is larger than 200 bases 

[7]. CGIs are generally located in gene promoters and it has been suggested that more 

than 70% of gene promoters are enriched for CGIs [8]. Regions adjacent to CGIs (~2 kb) 

with low density of CpGs are called CpG island shores. CpG island shores have been 

suggested to be related to tissue-specific DNA methylation [9, 10].   

https://commonfund.nih.gov/epigenomics/figure
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The main function of DNA methylation is gene expression regulation. CGI methylation 

typically inhibits gene transcription, with mechanisms such as facilitating the recruitment 

of methyl-CpG-binding domain proteins which in turn recruit histone-modifying and 

chromatin-remodelling complexes [11, 12] and preventing the recruitment of DNA 

binding proteins [13]. The other functions of DNA methylation include chromosomal 

integrity protection, with mechanism that precludes reactivation of endoparasitic 

sequences [14].   

DNA methylation at different genomic locations have different roles in the transcriptional 

regulation of genes. Generally, CGIs at gene promoters are usually unmethylated that 

allow gene transcription, while methylated CGIs result in transcriptional suppression. By 

contrast, DNA methylation in gene bodies is positively associated with gene expression 

and is thought to prevent spurious transcription initiations, while demethylation in gene 

bodies can lead to initiations of transcription at incorrect sites [4, 15].  

1.1.3 Methods for genome-wide DNA methylation profiling 

Several methods with different advantages have been developed to make possible 

genome-wide DNA methylation high-throughput profiling [16-19]. Of these methods, 

sequencing-based technologies and microarray technologies are the most popular [20, 21]. 

The Infinium HumanMethylation450 BeadChip (HM450) array [22], an extension of the 

Infinium HumanMethylation27 BeadChip (HM27) array [23], is widely used in large-

scale studies. The HM450 assay interrogates more than 480,000 methylation sites over 

the entire genome, covering 99% of RefSeq genes and 96% of CGIs [24]. The majority 

of the DNA methylation datasets analysed in this thesis were generated from the HM450 

assay, therefore I focused on the introduction of the HM450 array in this thesis.  
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The HM450 assay first needs DNA to be bisulfite converted. After bisulfite conversion, 

unmethylated cytosine is converted to uracil, while methylated cytosine remains 

unchanged. The HM450 assay evaluates cytosine methylation through detecting the 

methylated and unmethylated signals [23]. Two values, the -value and the M-value, are 

used to represent the DNA methylation level. The -value is defined as the ratio of 

methylated intensity to the sum of methylated and unmethylated intensities. The range of 

the -value is from 0 to 1. The -value directly quantifies the percentage of DNA 

methylation, thus is suitable for biological interpretation. The M-value is the logit 

transformation of the -value. Studies have shown that the M-value is better suited for 

statistical analyses [25].  

There are several potential biases when using the HM450 assay that need to be considered 

carefully. One potential bias is the type I/type II probe bias. The HM450 assay uses two 

types of probe, type I and type II, to measure methylation intensity. Studies have found 

that data generated by the type II probe is less accurate and reproducible than that 

generated by the type I probe, so that normalization between the two types of probe is 

needed [26]. Some normalization methods have been developed [27, 28]. The other 

potential bias is batch effects. Batch effects are common potential biases for large-scale 

microarray profiling studies and can introduce severe bias if not appropriately handled 

[29]. Batch effects can be minimized by processing samples carefully and/or by specific 

statistical methods [30, 31]. Other potential biases can arise in the hybridization between 

DNA and probes. Some probes bind to multiple genomic locations, and the bindings of 

some probes can be affected by the underlying DNA sequence [32, 33]. It is preferable to 

remove such noisy probes in the analyses.  
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1.1.4 Epigenome-wide association study (EWAS) 

As for genome-wide association study (GWAS) and genetic variation, EWAS tests the 

null hypothesis that epigenetic variation at each of millions of genomic locations is not 

associated with the outcome of interest. In the context of DNA methylation, EWAS has 

become feasible [21]. In the literature, there are several names for EWAS focusing on 

DNA methylation, such as methylome-wide association study, genome-wide methylation 

study, epigenome-wide association scan and genome-wide methylomic analysis. In this 

thesis, I followed the convention in this thesis and used “EWAS’ as the name for the type 

of analysis that tests associations between DNA methylation at each of millions of sites 

and the outcome of interest. 

The main features of EWAS published before July 2013 include use of the HM27 assay, 

cancer as the main outcome of interest, and small-to-moderate sample sizes [34]. Since 

then, these features have evolved so that currently the HM450 assay is the main DNA 

methylation profiling method, a variety of diseases, traits and exposures are being studied, 

and moderate-to-large sample sizes are being used. Several well designed EWASs have 

been published [35-40].  

There are several aspects that need to be considered in conducting a EWAS including the 

research question(s), study design, sample size, biological sample and measurement tool. 

Researchers face several challenges including data analysis, interpretation of results, 

causal inference and communication of findings to the public. I have reviewed these 

considerations and challenges in Chapter 2.  
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1.1.5 Values of twin and family studies in DNA methylation research 

Twins have unique value for DNA methylation research [41-44], and including relatives 

of twins gives additional values, as demonsatred in this thesis. 

The first value is to investigate the influences of unmeasured genes and both shared and 

individual-specific environmental factors on variation in DNA methylation. Monozygotic 

(MZ) twin pairs are genetically identical that they share almost 100% of genetic variation, 

while dizygotic (DZ) twin pairs on average share 50% of genetic variation. The classic 

twin model assumes that the variation in a trait or a disease is influenced by shared genes 

(including additive and dominant genetic effects), and both common and individual-

specific environmental factors, while MZ and DZ pairs share the common environmental 

factors to the same extent. Under these assumptions, the excess covariance for MZ pairs 

compared with DZ pairs is attributed to the excess 50% of shared genes. By including 

relatives of twins, additional values are expected: the dominant genetic effects and shared 

environmental effects can be estimated simultaneously, and the twin-pairs-specific shared 

environmental effects can be estimated. Influences of these factors on DNA methylation 

variation can be quantified by maximizing the likelihood of a flexible multivariate normal 

model for pedigree analysis [45-47]. Covariance for different types of relatives can also 

be modelled as a function of potential covariates, such as the time spent living together 

and the time spent living apart, to investigate the influences of those covariates on the 

covariance [47-49].  

The second value is to investigate the association between DNA methylation and a trait 

or a disease while naturally controlling for familial confounding. Traditional case-control 

designs including unrelated individuals usually compare cases with controls who could 

dissimilar in many genetic and environmental factors. Such genetic and environmental 
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factors might confound the observed association. On the other hand, population 

stratification is an important issue in genetic epidemiological studies. That several studies 

have found differentially methylated sites across races or ethnicities [50-53] suggests that 

population stratification also potentially exists for DNA methylation and is therefore an 

important issue in the design of epigenetic epidemiological studies. Relatives from the 

same family share the same genetic background, certain proportion of genetic variation 

depending on their relationship, and various environmental factors, hence the matched 

design between relatives will control at least to some extent for the confounding effects 

of population stratification and familial shared factors. A special example of this design 

is MZ pairs discordant for a given disease [41-44]. MZ twins are naturally matched with 

one another for almost the whole genome, age, sex, and to a lesser extent for various 

measured and unmeasured exposures. Discordant MZ pairs therefore provide a powerful 

way to investigate the association between DNA methylation and a trait or a disease. 

Several studies have investigated differential DNA methylation at candidate genomic 

regions using this design  [54-67]. EWASs using MZ pairs discordant for psychiatric 

symptoms [68-70], birth weight [71-73], breast cancer [74], and diabetes [75, 76] have 

also been performed. 

The third value is to investigate the potential for causal associations between DNA 

methylation with traits or diseases. As introduced above, the design of matched relatives 

can control for familial confounding and the observed association is more likely (though 

not certain) to be causal. Using data for pairs of relatives, inference about the potential 

for familial factors to confound an observed association can be made by comparing the 

between-pair association with the within-pair association, and a special case is using data 

for twins [77]. In this thesis, I have used an extension of the between- and within-pair 

methodology, which can be applied to families containing more than two members, to 
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infer about the potential for familial factors to confound the observed associations 

between DNA methylation and breast cancer risk factors. Details of this extension are 

introduced in Chapter 3. There is also a new causal inference method using data of related 

individuals, Inference about Causation through Examination of FAmiliaL CONfounding 

(ICE FALCON) [78-82], that can be applied to make inference about the potential 

causality underlying an observed cross-sectional association. I have extended ICE 

FALCON in this thesis and used this extension to make causal inference between DNA 

methylation and breast cancer risk factors. Details of this extension are introduced in 

Chapter 3. 

Another often overlooked value is to obtain evidence relevant to individuals at different 

underlying levels of risks of diseases. For common diseases like breast cancer, under a 

multiplicative risk model, the underlying risk distribution is highly skewed - most women 

in the population are well below the average risk. Given that epidemiological studies 

make inference about risk for the population from which controls are selected, evidence 

found by case-control studies with typical population-based controls are relevant to 

women, the vast majority of whom is at lower than average risk [83]. It is not known if 

the evidence derived applies to women at increased, if not high, risk. Using cases and 

controls enriched for familial risk is essential in finding evidence of associations between 

DNA methylation and diseases relevant to individuals across the full continuum of risk. 

Hence, using a matched design such as twin pairs discordant for breast cancer means that 

inference about risk factors is relevant to women with a family history, and therefore at 

increased risk, especially if the affected twin is diagnosed at a young age. 
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Table 1.1 A summary of studies on the influences of unmeasured genetic and environmental factors on DNA methylation variation 

Study Sample size Age Sex,  

% F 

Tissue Region Array Method Main findings 

Heijmans 2007 

[84] 

MZ: 102,  

DZ: 84 

17 (2) &  

45 (7) 

NA Blood IGF2/H19 locus MALDI-TOF mass 

spectrometry  

AE model to all sites h2: ~0.35 at H19,  

~0.80 at IGF2 

Bjornsson 2008 

[85] 

126 subjects  

(21 families) 

Range: 5-72 NA Blood Global methylation 

change  

LUMA assay AE model h2: 0.99 

Boks 2009 [86] MZ: 23,  

DZ: 23 

MZ: 40 (11)  

DZ: 40 (10) 

59 Blood 807 gene regions GoldenGate AE model to all sites 23% sites had significant h2  

Gervin 2011 [87] MZ: 49,  

DZ: 40 

Range: 30-42 NA CD4+ 

lymphocytes 

MHC region BS ACE model to all sites h2 range: 0.02-0.16 

Bell 2012 [88] MZ: 33,  

DZ: 43 

Range: 32-80, 

median: 57 

100 Blood Genome-wide HM27 Falconer's formula to 

all sites 

Average h2: 0.18 

Gordon 2012 [73] MZ: 22,  

DZ: 12 

0 50 CBMC, 

HUVEC, 

placenta 

Genome-wide HM27 Falconer's formula to 

all sites 

Average h2:  

0.12 for CBMCs,  

0.07 for HUVECs,  

0.05 for placenta 

average C: 0 for all tissues 

Pirazzini 2012 

[89] 

MZ: 31,  

DZ: 16 

55 (17) 45 Blood IGF2/H19 locus MALDI-TOF mass 

spectrometry  

Falconer's formula to 

mean methylation  

h2: 0.07-0.37 

Grundberg 2013 

[90] 

MZ: 97,  

DZ: 162 

Middle-ages 100 Adipose Genome-wide HM450 ACE model to all sites Average h2: 0.19  

Average C: 0.02 

McRae 2014 [91] MZ: 67,  

DZ: 111, 

relatives: 258 

Adolescents NA Blood Genome-wide HM450 AE model to all sites Average h2: 0.20  

Average C: 0.02 

Busche 2015 [92] MZ: 7,  

DZ: 6 

Middle-ages 100 Adipose, 

blood 

Genome-wide WGBS Falconer's formula to 

all pDMCs 

37% of pDMCs had h2>0.3,  

3% of pDMCs had C >0.3,  

>60% of pDMCs had E >0.9 

Tremblay 2016 

[93] 

48 subjects  

(16 families) 

NA NA Blood Genome-wide HM450 ACE model to all sites Average h2: 0.08,  

average C: 0.05 

van Dongen 2016 

[94] 

MZ: 769,  

DZ: 424 

37 (13) 67 Blood Genome-wide HM450 ACE & ADE models 

to all sites 

Average h2: 0.2,  

average C: 0.03,  

average D: 0.08 
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1.1.6 Influences of unmeasured genetic and environmental factors on variation in 

DNA methylation 

Several twin and family studies have investigated the influences of unmeasured genetic 

and environmental factors on variation in DNA methylation variation [73, 84-94]. As 

Table 1.1 shows, these studies mainly include twins only, consider on blood DNA 

methylation, and focus on estimating heritability (h2) of DNA methylation.  

The term “heritability of DNA methylation” might have several distinct meanings which 

can confuse researchers from different backgrounds, so it is essential to define it first. It 

could refer to DNA methylation patterns that are maintained during cellular 

differentiation, mitosis and meiosis, to younger generations inherit DNA methylation 

patterns from their parental or even older generations, i.e. transgenerational inheritance, 

or to influences of genetic factors on variation in DNA methylation across population.  

In previous studies, the expression “heritability of DNA methylation” has been used to 

have the last meaning rather than heritable DNA methylation per se. Those studies have 

mainly focused on the influences of additive genetic factors on variation in DNA 

methylation, i.e. the narrow-sense heritability from the classic twin model, defined as the 

ratio of additive genetic variance to the total variance in DNA methylation. The word 

“heritability” has been used in this thesis to have this meaning. 

By reviewing the literature on the influences of unmeasured genetic and environmental 

factors on variation in DNA methylation, I found there are several research gaps. 

The first gap is how to interpret an estimate of “average heritability” in terms of a measure 

of additive genetic factors’ influences on DNA methylation variation across the genome. 

Previous studies reported that the average heritability of DNA methylation across the 
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genome was approximately from 5% to 20%, depending on the type of tissue [73, 88, 90, 

91, 93, 94]. However, this average heritability is merely a summary measure of the 

heritability estimates across thousands to millions of sites. Given that this average 

heritability is not the heritability of any defined entity, it is unlikely to have potential 

useful biological representation for genome-wide DNA methylation level. An entity 

representing the genome-wide DNA methylation level is needed. The global DNA 

methylation measure from the HM450 assay, defined as the mean DNA methylation value 

across sites, could be a measure of the genome-wide DNA methylation level [95]. In this 

thesis, I called this measure genome-wide average DNA methylation (GWAM). To the 

best of my knowledge, no study has used GWAM to investigate the influences of 

unmeasured genetic and environmental factors on DNA methylation variation across the 

genome. 

The second gap is that DNA methylation variation across sites has been assumed to have 

the same causes; that is, the same variance component model has been fitted to all 

methylation sites [73, 84, 86-88, 90-94]. However, this assumption has not been tested so 

it remains to be known whether variation at different sites has different causes. 

The third gap is that the influences of shared environment are seldom investigated. Some 

studies assume that familial correlation in site-specific DNA methylation is solely due to 

additive genetic factors and none to shared environmental ones [84, 86, 91, 94]. One 

justification for this was that the average correlation in DNA methylation across sites for 

MZ pairs was about twice that for DZ pairs [91, 94]. However, the case for the average 

correlation is not necessarily applicable to all sites, so the logic behind the classic twin 

model has been inappropriately applied. Whether DNA methylation variation at certain 

sites is caused by shared environmental factors remains unknown. 
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The fourth gap is that no study has investigated the influences of twin-pairs-specific 

shared environmental factors. Compared with their non-twin relatives, twins might be 

more similar in DNA methylation given that they share the uterus before birth, the 

environment of which has been suggested to impact the methylome of offspring [73], and 

then share more postnatal environmental factors. Such special similarity cannot be 

investigated by studying twins alone. A twins and siblings design is ideal for this issue, 

because it allows fitting a twin-pairs-specific shared component of variance. Additionally, 

compared with the design including twins’ parents, the twins and siblings design can 

minimise age and birth cohort effects given that siblings are of similar ages to, and of the 

same temporal generation as, the twins, so this design can also avoid bias caused by any 

transgenerational inheritance in DNA methylation [91, 93]. 

The fifth gap is that the influences of measurement error on DNA methylation variation 

have not been considered. Studies have suggested that the HM450 assay has substantial 

measurement error at individual sites [96-98]. Such measurement error can impact the 

estimation of genetic and environmental effects on DNA methylation variation. The 

influences of measurement error cannot be fully investigated by studying twins or twin 

families alone, given that the influences of individual-specific environment and 

independent measurement error are combined in the E component of variance under the 

classic twin model. Technical duplicates pairs are required for investigating such 

influences. 

For this topic, one additional consideration is that MZ pairs originate from the same 

zygote while DZ pairs from two epigenomically different zygotes, thus DZ pairs are more 

epigenetically different to MZ pairs from their very starting point [5], and this difference 

should not be explained for by the genetic difference between the two types of twins. 
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Studies have also found evidence that the greater similarity in DNA methylation at certain 

sites for MZ pairs compared with DZ pairs could not be accounted for by DNA sequence 

differences only [99, 100]. Given the assumption that any difference in similarity by 

zygosity is attributable to genetic factors, the classic twin model potentially overestimates 

the influences of germline genetic factors on variation in DNA methylation. 

1.1.7 DNA methylation and breast cancer 

Several studies using different measurement methods have found that various measures 

of global DNA methylation are inversely associated with breast cancer risk [101-103]. 

DNA methylation at some known breast cancer susceptibility genes, such as BRCA1 and 

ATM, has also been suggested to be associated with breast cancer risk [104-106].  

1.1.7.1 EWAS results for DNA methylation at individual sites 

Xu et al. used the HM27 assay to measure DNA methylation in pre-diagnosis peripheral 

blood for 910 middle-aged women, including 298 cases, and found that DNA methylation 

at 250 CpGs were associated with breast cancer risk at a 5% false discovery rate (FDR), 

with 75% of these CpGs hypomethylated for cases [107].  

Heyn et al. used a discordant MZ pairs design and conducted a 450k EWAS. From 

analysing peripheral blood data for 15 discordant MZ pairs, this study found 403 CpGs 

were differentially methylated between breast cancer cases and their matched co-twin 

controls with a nominal P < 0.001. One CpG cg15652666 located at docking protein 7 

(DOK7) gene was further validated using an independent sample of 21 discordant MZ 

pairs by applying locus-specific pyrosequencing [74]. Note that, blood samples in this 

study were a mixture of pre- and post-diagnosis samples, thus any putative association 

could be caused by reverse causation.  
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van Veldhoven et al. found that 26 CpGs were associated with breast cancer risk with a 

Bonferroni-adjusted P < 0.05 from analysing pre-diagnosis peripheral blood 450k data 

for 166 matched pairs from the European Prospective Investigation into Cancer and 

Nutrition at Italy (EPIC-Italy). The study did not find any genome-wide significant 

association from analysing the 450k data measured from pre-diagnosis peripheral blood 

for 192 matched pairs from the Norwegian Women and Cancer (NOWAC) study [108].  

Tang et al. found peripheral blood DNA methylation at three CpGs was associated with 

breast cancer risk with a nominal P < 10-6 by analysing the 450k data for 48 cases and 48 

controls, and further validated the three associations using three independent samples by 

applying MassARRAY EpiTyper assays [109]. However, the possibility of reverse 

causation cannot be ruled out, given that blood samples in this study were obtained after 

diagnosis, and the findings were not replicated in a prospective study [110].  

Another two 450k studies using pre-diagnosis peripheral blood samples did not find any 

genome-wide significant association [111, 112].  

Although 235 of the 250 CpGs reported by Xu et al. are covered by the HM450 assay, 

there is no overlap in the CpG lists reported Xu et al., Heyn et al., van Veldhoven et al. 

and Tang et al.. In summary, previous EWAS for breast cancer found inconsistent results.    

1.1.7.2 DNA methylation signatures derived from microarray 

Several studies have investigated certain DNA methylation signatures derived from the 

HM450 assay and found evidence that these signatures in blood are potentially associated 

with breast cancer risk. Two main signatures, GWAM and epigenetic age acceleration, 

have been investigated. 
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1.1.7.2.1 Genome-wide average DNA methylation (GWAM) 

As introduced in Section 1.1.6, GWAM is defined as the mean methylation value across 

sites and is a measure of global DNA methylation potentially relevant to gene function 

[95]. Severi et al. measured GWAM in pre-diagnosis blood using the HM450 assay for 

420 middle-aged matched case-control pairs from the Melbourne Collaborative Cancer 

Study (MCCS), and found that lower GWAM was associated with increased risk of breast 

cancer: odds ratio (OR) for the highest versus lowest quartile of GWAM was 0.42 (95% 

confidence interval [CI] = 0.20-0.90), and the OR per standard deviation (SD) of GWAM 

was 0.69 (95% CI = 0.50-0.95) [113]. This finding is in line with results from previous 

studies using conventional methods to quantify global DNA methylation [101-103].  

This finding was replicated using the data for 166 matched pairs from the EPIC-Italy (OR 

= 0.34 for the highest versus lowest quartile, 95% CI = 0.18-0.66; OR per SD = 0.61, 95% 

CI = 0.46-0.80), but not using the data for 192 pairs from the NOWAC (OR = 0.99 for 

the highest versus lowest quartile, 95% CI = 0.56-1.76; OR per SD = 1.03, 95% CI = 

0.82-1.30) [108]. Estimates from the MCCS, EPIC-Italy and NOWAC studies were 

heterogeneous, and this could be due to the differences in subjects’ characteristics, e.g. 

subjects in the MCCS and EPIC-Italy studies had on average a longer time between blood 

collection and cancer diagnosis than those in the NOWAC study. Nevertheless, pooling 

the results from the three studies using inverse-variance weighting gives an OR of 0.54 

(95% CI = 0.31-0.94) for the highest versus lowest quartile of GWAM.  

van Veldhoven et al. also reported that 548 cases from the Breakthrough Generations 

Study had a lower GWAM measured by whole-genome bisulphite sequencing compared 

with their 548 matched controls [108]. The average GWAM was 48.1% for cases, while 

48.3% for controls.  
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A larger EPIC study also investigated this association and found no evidence of 

association using the data for 451 matched case-control pairs (OR per SD = 1.09, 95% CI 

= 0.94-1.25). There was, however, evidence that GWAM based on sites in CpG islands 

was associated with breast cancer risk (OR per SD = 1.20, 95% CI = 1.03-1.40) [112]. 

A similar measure to GWAM, the median methylation value across sites, has been found 

to be prospectively associated with mature B-cell neoplasms (OR = 2.01, 95% CI = 1.39-

2.93 for the lowest versus middle tertile) [114] and urothelial cell carcinoma (OR per SD 

for superficial carcinoma = 0.71, 95% CI = 0.54-0.94) [115].  

Although the association needs to be refined by more research, results from previous 

studies imply that GWAM measured from peripheral blood is a potential epigenetic risk 

factor for breast cancer. Associations between GWAM and specific breast cancer risk 

factors [108] suggest that conventional breast cancer risk factors might interplay with 

GWAM on breast cancer risk. Understanding the genetic and environmental influences 

on variation in GWAM might bring new insights into the aetiology of breast cancer, and 

of the other cancers mentioned above. As introduced in Section 1.1.6, a research gap is 

that no study has yet investigated such influences.  

1.1.7.2.2 Epigenetic age acceleration 

Several studies have developed algorithms that use DNA methylation to predict 

biological age [116-121]. Among them, the Hannum and Horvath predictors have gained 

more popularity. The Hannum predictor [118] was trained using 450k data measured from 

482 blood samples and validated using another 174 blood samples. This predictor 

involves 71 CpGs. Given that it is developed using data measured from blood, this 

predictor might be not suitable for biological age estimation using DNA methylation 

measured from other types of tissues. The Horvath predictor [119] was developed using 
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data for 7,844 samples from 82 publicly available datasets. A total of 353 CpGs covered 

by the HM27 assay are involved in this predictor. This predictor can potentially be used 

to estimate biological age for multiple tissues, given that it was developed using data 

measured from 51 healthy tissues and cell types. 

Predictions from these predictors are regarded as measures of biological age based on 

DNA methylation. The discrepancy between biological age and chronological age is 

being called epigenetic age acceleration and has received much attention in the literature. 

There are several measures of epigenetic age acceleration. The most straightforward 

measure is the difference between biological age and chronological age. The other 

measure is the residual from a linear regression of biological age on chronological age. 

Another measure, called intrinsic epigenetic age acceleration (IEAA), is the residual from 

a linear regression of biological age on chronological age and estimated blood cell counts. 

Epigenetic age acceleration has been found to be associated with risks of death [122-124] 

and cancers [112, 125, 126].  

Epigenetic age acceleration has been suggested to be associated with breast cancer risk. 

Ambatipudi et al. studied 451 matched case-control pairs from the EPIC, and found that 

IEAA measured from pre-diagnosis blood was associated with increased risk of breast 

cancer (OR = 1.04 per one-year of IEAA, 95% CI = 1.01-1.08). This association appeared 

to be confined to risk of postmenopausal breast cancer (OR = 1.07, 95% CI = 1.02-1.11) 

but not to premenopausal disease (OR = 1.00, 95% CI = 0.95-1.06). The interaction 

between IEAA and menopausal status was not investigated [112].  

Like GWAM, epigenetic age acceleration measured from peripheral blood is also a 

potential epigenetic risk factor for breast cancer. Understanding the genetic and 

environmental influences on this risk factor might bring new insights into breast cancer 
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aetiology. Epigenetic age acceleration has been found to be associated with conventional 

breast cancer risk factors such as obesity [124, 127, 128] and menopause [129]. The 

heritability of Horvath epigenetic age acceleration was estimated to be 39% for adults and 

100% for newborns [119]. Marioni et al. estimated the heritability to be 42% for Horvath 

epigenetic age acceleration, and 43% for Hannum epigenetic age acceleration [122]. One 

research gap on this topic is that previous studies assumed that familial correlation in 

epigenetic age acceleration is due to shared additive genetic factors only, which might 

not be the case. The role of shared environment has not been investigated.  

1.1.8 DNA methylation and breast cancer risk factors 

Contrast to the lack of robust findings for the association between DNA methylation and 

risk of breast cancer, there is accumulating evidence that DNA methylation is associated 

with conventional breast cancer risk factors. The findings that DNA methylation mediates 

the effects of smoking on lung cancer risk is consistent with the hypothesis that 

conventional risk factors might modify disease risk via altering DNA methylation [130, 

131]. Understanding the relationships between DNA methylation and conventional risk 

factors might reveal biological mechanisms for how these factors influence disease risk. 

In this thesis, I have focused on three conventional breast cancer risk factors: body mass 

index (BMI), mammographic density and smoking. 

1.1.8.1 Body mass index 

DNA methylation differences have been observed between obese and lean people [132-

136]. BMI-related DNA methylation changes have also been suggested to be associated 

with BMI-related traits such as adult waist circumference [137, 138] and BMI change 

[138, 139], and obesity-related diseases such as type 2 diabetes [37, 38] and metabolic 

syndrome [140]. 
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The first well-designed EWAS on peripheral blood DNA methylation and BMI was 

conducted by Dick et al. [39]. Using data for 459 middle-aged people for discovery and 

data for 339 and 1789 middle-aged people for two replications, this study found that 

increased DNA methylation at three sites located at the hypoxia inducible transcription 

factor family (HIF3A) locus was associated with increased BMI. These associations were 

also replicated for DNA methylation in adipose tissue, but not in skin.  

At least 10 EWASs have been performed on blood DNA methylation and adult BMI [38, 

39, 137-144], and they are summarized in Table 1.2. In summary, most of these studies 

focused on Caucasian populations, had a sample size of hundreds to thousands, focused 

on middle-aged and older adults, and used the HM450 assay to quantify genome-wide 

DNA methylation. Note that, data from several cohorts have been used in multiple 

EWASs. These studies have reported a total of approximately 500 sites to be differentially 

methylated in relation to BMI. 

Most of the reported associations are from cross-sectional designs, thus the causal nature 

of the association, i.e. whether DNA methylation has a causal effect on BMI or vice versa, 

is unknown. Several studies have applied Mendelian randomization (MR) [145] to make 

causal inference between BMI and DNA methylation.  

Dick and colleagues found that Single Nucleotide Polymorphisms (SNPs) upstream of 

the HIF3A locus were associated with DNA methylation at this locus but not with BMI 

[39], suggesting increased BMI is likely to cause hypermethylation at the HIF3A locus 

[146]. Results from a longitudinal cohort with BMI and DNA methylation data measured 

at multiple life stages also support such causation [147]. Wahl et al. concluded from their 

bi-directional MR analyses that DNA methylation at the majority of their reported 187 

BMI-related CpGs is a consequence of BMI rather than a cause [38]. While suggesting 
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DNA methylation at 16 CpGs is consequential to BMI, Mendelson et al. also found 

evidence that DNA methylation at SREBF1 locus potentially causes BMI changes [142]. 

By reviewing the literature, I have found one research gap for this topic that few studies 

have investigated the causal nature of the observed cross-sectional association between 

DNA methylation and BMI. 

1.1.8.2 Mammographic density 

Mammographic density is the white or bright regions on a mammographic image of the 

breast, and are presumed to reflect the fibroglandular (as distinct from the fat) tissue of 

the breast [148]. The amount of white or bright region is called dense area (DA) while 

the remainder of the breast is called non-dense area (NDA). The proportion of the dense 

area in relation to the total breast area is called percentage dense area (PDA).  

Mammographic density adjusted for age and BMI is a strong risk factor for breast cancer, 

in that DA, PDA and NDA have all been shown to be associated with breast cancer risk 

after adjusting for age and BMI [149]. For women with the same age and BMI, those with 

more than 75% dense breast tissue have a four- to five-fold increased breast cancer risk 

compared to those with less than 10% dense breasts [150]. Assessed by the odds per 

adjusted standard deviation (OPERA), which enables comparison of the strengths of risk 

gradients as a measure of the ability of a risk factor to differentiate cases from controls, 

age- and BMI-adjusted mammographic density has an OPERA of approximately 1.4 

[151], which is comparable to the other strongest known breast cancer risk factors such 

as SNP-based risk scores and the GWAM measure above. 
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Table 1.2 A summary of epigenome-wide association studies on blood DNA methylation and adult body mass index 

Study Population* Sample size Age, mean (SD)* Sex, % female* BMI, mean (SD)* Array* No. of 

associations 

Dick 2014 [39] Caucasian 459 for discovery,  

339 & 1,789 for 

replication 

55 (7) 29 28 (4) for MI patients 

26 (4) for controls 

HM450 3 

Aslibekyan 2015 [137] Caucasian 991 for discovery,  

2,377 & 2,097 for 

replication 

49 (16) 52 28 (6) HM450 8 for BMI,  

5 for WC 

Shah 2015 [144] Caucasian 2,118 70 (1) for LBC1936,  

79 (1) for LBC1921,  

46 (14) for LifeLines DEEP 

50 for LBC1936,  

61 for LBC1921, 

58 for LifeLines DEEP 

28 (4) for LBC1936,  

26 (4) for LBC1921,  

25 (4) for LifeLines DEEP 

HM450 12 

Demerath 2015 [138] African 

American 

2,097 for discovery,  

2,377 & 991 for 

replication 

56 (6) 64 30 (6) HM450 76 for BMI,  

164 for WC,  

8 for BMI change 

Al Muftah 2016 [141] Arabian 

Asian 

123 for discovery,  

810 for replication 

39 (17) for females,  

36 (6) for males 

59 28 (6) for females,  

29 (7) for males 

HM450 0 

Ali 2016 [140] American 192 for discovery,  

1,052 for replication 

26 (19) 55 NA HM450 3 

Mendelson 2017 [142] Caucasian 3,743 for discovery,  

4,055 for replication 

67 (9) for FHS,  

70 (1) for LBC1936,  

79 (1) for LBC1921 

55 for FHS,  

40 for LBC1936,  

61 for LBC1921 

28 (5) for FHS,  

28 (4) for LBC1936,  

26 (4) for LBC1921 

HM450 135 

Wahl 2017 [38] Caucasian & 

Indian Asian 

5,387 for discovery, 

4,874 for replication  

52 (8) for EPICOR,  

53 (10) for KORA F3,  

61 (9) for KORA F4,  

51 (10) for LOLIPOP 

  27 (4) for EPICOR,  

27 (5) for KORA F3,  

28 (5) for KORA F4,  

28 (4) for LOLIPOP 

HM450 187 

Wilson 2017 [143] Caucasian 871 for discovery,  

187 for replication 

55 (9) 100 27 (6) HM27 4 

Geurts 2017 [139] Caucasian 5,361 for discovery,  

2,096 for replication 

60 (NA) for controls,  

61 (NA) for cases 

32 for controls,  

33 for cases 

27 (4) for controls,  

27 (4) for cases 

HM450 310 

*Characteristics for the discovery sample 
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Mammographic density variation has both genetic and environmental determinants. 

Several lifestyle or breast cancer risk factors such as age, BMI, smoking, menopause, use 

of hormone replacement therapy and reproductive factors are associated with 

mammographic density, and these factors explain about 30% of the variation in 

mammographic density, the largest contribution coming from BMI when mammographic 

density is taken to be PDA [152-158]. Twin and family studies have suggested that up to 

70% of the residual variation is accounted for by additive genetic factors [153-156]. 

GWASs have identified specific genetic variants associated with age- and BMI-adjusted 

mammographic density [159, 160]. These variants, however, explain only a fraction of 

mammographic density variation. Certain genetic variants associated with breast cancer 

have also been found to be associated with age- and BMI-adjusted mammographic 

density [161, 162]. Despite these known determinants, molecular mechanisms causing 

changes in mammographic density are not well understood, nor is it known how 

mammographic density translates into breast cancer risk at the biological level [163]. 

DNA methylation might both explain variation in mammographic density and represent 

a biological mechanism by which age- and BMI-adjusted mammographic density is 

associated with the risk of breast cancer. To the best of my knowledge, no study has yet 

investigated this potential association, let alone the issue of causation, between DNA 

methylation and mammographic density. This research gap needs to be studied.  

1.1.8.3 Smoking 

The association between smoking and DNA methylation has been extensively 

investigated. The first well-designed EWAS of smoking was conducted by Breitling et al. 

[40]. Using 27k data measured from peripheral blood for 177 people, this study found 

one CpG, cg03636183 located at the coagulation factor II receptor-like 3 (F2RL3) gene 
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that encodes a protein involved in intimal hyperplasia and inflammation, was 

differentially methylated in relation to smoking status. DNA methylation level at CpG 

cg03636183 was lower for smokers than that for never smokers or former smokers. The 

association was further replicated using data for 316 people. A recent and largest meta-

analysis so far found with a 5% FDR that 18,760 sites annotated to 7,201 genes, which 

account for approximately one third of the known human genes, were differentially 

methylated between 2,433 current smokers and 6,956 never smokers [164].  

To the best of my knowledge, more than 20 EWASs on blood DNA methylation and adult 

smoking have been published [40, 111, 164-182], and they are summarized in Table 1.3. 

In summary, most of these studies focused on Caucasian or African American populations, 

included hundreds to thousands of subjects, focused on middle-aged adults, and used the 

HM450 assay to quantify genome-wide DNA methylation. These studies have found that 

smoking is associated with DNA methylation at a great many sites. Associations for 

several loci, such as AHRR, F2RL3, GPR15, GFI1, 2q37.1 and 6p21.33, have been 

reported consistently, and a systematic review published in 2015 found that associations 

for 62 CpGs had been reported at least 3 times [183].  

Apart from smoking exposure as a binary measure, continuous measures such as 

cumulative smoking [111, 164-166, 169-172, 176, 177, 179, 181] and years since quitting 

[111, 164, 166, 170-172, 175, 178, 179, 181] have also been found to be associated with 

blood DNA methylation. Maternal smoking has also been found to be associated with the 

blood DNA methylation of the offspring [36, 184].  

In contrast to the well-known cross-sectional association between smoking and DNA 

methylation, the causal nature of the association, i.e. whether DNA methylation has a 

causal effect on smoking or vice versa, has remained largely unknown. Some studies have 
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suggested that smoking-related blood DNA methylation mediates the effects of smoking 

on lung cancer [130, 131], death [185], leukocyte telomere length [186], and subclinical 

atherosclerosis [187]. However, these studies simply assume that smoking has a causal 

effect on DNA methylation without referring to any evidence of causality. To the best of 

our knowledge, the only causal evidence comes from a study using a two-step MR 

approach to investigate the mediating role of DNA methylation between smoking and 

inflammation [188]. This study found that smoking had a causal effect on DNA 

methylation at CpGs located at the F2RL3 and GPR15 genes.  

In summary, from reviewing the literature, I have found that DNA methylation at a great 

many of sites has been found to be associated with smoking by multiple studies. One 

major gap of current research is that the causality between smoking and DNA methylation 

has been rarely investigated.    

1.1.9 Causal inference methods applied to epigenetic associations 

As introduced above, there have been few investigations on the causality underlying the 

observed cross-sectional associations between DNA methylation and breast cancer risk 

factors mentioned above. Appropriate study designs, such as prospective and 

experimental designs, can improve the evidence related to causal inference about 

associations. There are also some analytic methods with potential utility, such as MR and 

ICE FALCON.  

MR uses the measured genetic variant associated with an exposure as the instrumental 

variable to investigate the potential causation between the exposure and the outcome of 

interest [145, 189]. Under three assumptions:1) the genetic variant is associated with the 

exposure; 2) the genetic variant has no association with the outcome except through the 

exposure; and 3) there is no confounder between the genetic variant and the outcome, the 
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observed association between the genetic variant and the outcome is consistent with that 

the exposure has a causal effect on the outcome. Some studies have used the MR concept 

to make causal inference about the observed association, such as those on DNA 

methylation and BMI mentioned above [38, 39, 142]. Note that, there might be some 

factors potentially limiting the application of MR to DNA methylation research, such as 

that some of the MR assumptions are difficult to test, and that the same sample with both 

DNA methylation and genetic variants data available is needed to assess the association 

between the two.    

ICE FALCON makes causal inference about the observed association using data for pairs 

of related individuals by examining the cross-trait cross-twin correlation. It essentially 

shares some similarities with MR. I have introduced the details of ICE FALCON in 

Chapter 3. 
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Table 1.3 A summary of epigenome-wide association studies on blood DNA methylation and adult smoking 

Study Population* Sample size Age, mean (SD) * Sex, % female* Comparison across smoking groups* Array* No. of 

associations 

Breitling 2011 [40] Caucasian 177 for discovery,  

316 for replication 

54 (3) 49 Heavy smoker vs  

former smoker vs  

never smoker 

HM27 1 

Philibert 2012 [173] African American 399 19 (1) for males,  

19 (1) for females 

55 Males:  

>1/2 pack year exposure vs  

<1/2 pack year exposure vs  

non-smoker  

Females:  

Smoker vs  

non-smoker 

HM450 1 

Wan 2012 [179] Caucasian 1,085 for discovery,  

369 for replication 

57 (8) 46 Current vs  

never or former  

HM27 15 

Philibert 2013 [174] African American 107 22 (1) 0 Serum cotinine levels >2 ng/ml vs  

serum cotinine levels <1 ng/ml or 

non-smoker 

HM450 2 

Shenker 2013 [111] Caucasian 374 NA 64 Current vs former vs never HM450 9 

Sun 2013 [177] African American 972 for discovery,  

239 for replication 

66 (8) 71 Current vs former or never HM27 15 

Zeilinger 2013 [181] Caucasian 1,793 for discovery,  

479 for replication 

62 (NA) for never smokers,  

61 (NA) for former smokers,  

57 (NA) for current smokers 

51 Current vs former vs never HM450 187 

Besingi 2014 [167] Caucasian 421 for discovery,  

1,793 for replication 

44 (NA) 53 >14 packages of cigarettes per day vs 

5-14 packages of cigarettes per day vs 

1-4 packages of cigarettes per day vs 

no exposure 

HM450 95 

Dogan 2014 [168] African American 111 48 (7) for smokers,  

49 (11) for controls 

100 Smokers vs non-smokers HM450 910 

Elliott 2014 [169] Caucasian & 

South Asians 

129 49 (5) for Caucasians,  

48 (4) for South Asians 

0 Smokers vs non-smokers HM450 29 

Tsaprouni 2014 [178] Caucasian 464 for discovery,  

356 for replication 

55 (7) 30 Current vs former vs never HM450 30 
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Table 1.3 Continued 

Harlid 2014 [171] Caucasian 1,108 27K dataset:  

55 (9) for never smokers,  

57 (9) for former smokers,  

53 (10) for current smokers  

450K dataset:  

50 (5) for never smokers,  

51 (5) for former smokers,  

51 (4) for current smokers 

100 Current vs former vs never HM27 

& 

HM450 

12 

Tsaprouni 2014 [178] Caucasian 464 for discovery,  

356 for replication 

55 (7) 30 Current vs former vs never HM450 30 

Allione 2015 [165] Caucasian 40 NA NA Smoker vs non-smoker HM450 22 

Guida 2015 [170] Caucasian 745 53 (7) for EPIC-Italy,  

55 (4) for NOWAC 

100 Current vs former vs never HM450 461 

Sayols-Baixeras 2015 

[175] 

Caucasian 645 57 (10) for current smokers,  

62 (11) for former smokers with 

smoking length of 1-5 years,  

64 (11) for former smokers with 

smoking length >5years,  

65 (11) for never smokers 

51 Current vs never HM450 66 

Zaghlool 2015 [180] Arabian Asians 123 39 (17) for females,  

36 (17) for males 

59 Smoker vs non-smoker HM450 0 

Ambatipudi 2016 

[166] 

Caucasian 910 52 (9) 100 Current vs never, current vs former, 

former vs never 

HM450 748 

Joehanes 2016 [164] Caucasian & 

African American 

15,907 Mean age across cohorts: from 

44 to 79 

Across cohorts: 

from 0 to 100 

Current vs never, former vs never HM450 18,760 

Lee 2016 [172] East Asian 100 73 (6) for never smokers,  

74 (7) for former smokers,  

72 (5) for current smokers 

34 Current vs never HM450 108 

Su 2016 [176] Caucasian & 

African American 

253 32 (8) for non-smokers,  

36 (9) for smokers 

33 Smoker vs non-smoker HM450 738 

Zhu 2016 [182] East Asian 596 47 (9) for COW-1,  

59 (10) for ACS-1,  

59 (12) for ACS-2,  

54 (13) for WHZH 

21 Current vs former vs never HM450 318 

*Characteristics for the discovery sample
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1.2 Research questions and aims 

By understanding the research gaps mentioned above, I have elucidated four research 

questions: 

• Question one - What are the influences of unmeasured genetic and environmental 

factors on DNA methylation variation across the genome?  

• Question two - Does site-specific DNA methylation variation have specific causes 

due to unmeasured genes and environment, and independent measurement error?  

• Question three - What are the influences of unmeasured genetic and 

environmental factors on the variation in two putative epigenetic risk factors for 

breast cancer, namely GWAM and epigenetic age acceleration? 

• Question four - What are the associations and potential causality between DNA 

methylation and three conventional breast cancer risk factors, namely BMI, 

mammographic density and smoking?  

Regarding these research questions, this thesis has four research aims: 

• Aim one - To investigate the influences of unmeasured genetic and environmental 

factors on variation in genome-wide DNA methylation level, measured as 

GWAM, using a twin and family design. 

• Aim two - To investigate the specific causes of site-specific DNA methylation 

variation using a twin and sibling design. 

• Aim three - To investigate the influences of unmeasured genetic and 

environmental factors on variation in epigenetic age acceleration using a twin and 

sibling design (the investigation on GWAM has been covered in the Aim one) 
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• Aim four - To investigate the associations of DNA methylation with BMI, 

mammographic density and smoking, and the potential for causality underlying 

the association using causal inference analytic methods for related individuals. 

For these four aims, this thesis has performed a variety of analyses, and the results 

from the analyses have been reported in a total of seven chapters. Of these chapters, 

Chapters 4 and 6 are for the Aim one, Chapters 5 and 6 are for the Aim two, Chapter 

7 is for the Aim three, and Chapters 8 to 10 are for the Aim four.  
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 Epigenetic prospects in 

epidemiology and public health 

2.1 Introduction  

This chapter is a literature review about the roles of epigenetics in epidemiology and 

public health, and the current challenges in epigenetic epidemiological research. It 

reviews the promising roles of epigenetics in understanding disease aetiology, assessing 

exposures, disease prediction, and disease treatment. It summarises the considerations 

regarding epigenetic epidemiological studies including research question, study design, 

sample size, biological sample and measurement tool, and the challenges in data analysis, 

interpretation of results, causal inference and communication of findings to the public. 

This review has been accepted as a chapter of the book Epigenetics in Human Disease 

(2nd Edition), edited by Trygve Tollefsbol and expected to be published in 2018 by 

Elsevier. This chapter contains the author-accepted version of the review. The publisher’s 

version is in press. 

 

2.2 Publication 
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36.1 Introduction 29 

The term “epigenetics” was first proposed by C. H. Waddington in 1942 as a field of research 30 

aiming to “discover the processes involved in the mechanism by which the genes of the genotype 31 

bring about phenotypic effects” [1]. Epigenetic variation, which modifies gene expression without 32 

changing the underlying DNA sequence, is thought to play a critical role in the aetiology of 33 

complex traits and diseases [2]. Many epigenetic studies are laboratory-based research 34 

investigating the molecular mechanisms underlying epigenetic variation. Epidemiological studies 35 

are required for the translation of epigenetic findings to disease prevention and implementation 36 

of public health policies. 37 

Epidemiology is the study of the distribution, causes, prevention, control and treatment strategies 38 

of health-related states and diseases in the population. Epidemiology is the core of public health, 39 

and it has made great contributions to understanding disease aetiology and implementing disease 40 

prevention strategies. For example, epidemiological studies have shown that smoking increases 41 

the risk of lung cancer, hypertension increases the risk of cardiovascular diseases and water 42 

fluoridation reduces the risk of tooth decay. In recent years, traditional epidemiology has absorbed 43 

knowledge from other fields and used new technologies to better understand disease and support 44 

public health action. Many new fields of epidemiology have emerged, such as molecular 45 

epidemiology and genetic epidemiology. 46 

Epigenetic epidemiology, an interdisciplinary field combining epigenetic and epidemiological 47 

knowledge, tools and techniques, is emerging and is thought to be beneficial to research into 48 

disease and public health [3-5]. Recently, microarray technology has made genome-wide DNA 49 

methylation data available (at hundreds of thousands methylation sites), and epigenome-wide 50 

association studies (EWAS) have emerged. Epigenetic epidemiology can be defined as “the 51 

integration of epigenetic analyses into population-based epidemiological research with the goal 52 

of identifying both the causes (that is, environmental, genetic or stochastic) and phenotypic 53 

consequences (that is, health and disease) of epigenomic variation” [3].  54 

In this chapter, we aimed to summarise the promising roles of epigenetics in epidemiology and 55 

public health, and current challenges in the practice of epigenetic epidemiological research. 56 

 57 

36.2 Epigenetics in Disease Aetiology 58 

36.2.1 Epigenetic variation as a disease cause 59 

Imprinting disorder is the most relevant example of epigenetic variation causing diseases. 60 

Imprinting is a biological phenomenon in which certain genes are expressed in a parent-of-origin 61 

specific manner due to epigenetic modification. Several diseases are imprinting disorders, such 62 

as Angelman syndrome, Prader-Willi syndrome and Beckwith-Wiedemann syndrome. Angelman 63 

syndrome and Prader-Willi syndrome are due to the loss of function of paternally- or maternally-64 

only expressed genes in the imprinted region 15q11-13 [6]. Usually, the paternal allele of the 65 

ubiquitin protein ligase E3A (UBE3A) gene is repressed due to imprinting and only the maternal 66 

allele is expressed. Impaired expression of the maternal allele, in most cases due to deletion, 67 

causes Angelman syndrome [7]. Prader-Willi syndrome results from the loss of function at the 68 

paternally inherited gene, the maternal copy of which is normally silenced by DNA methylation; 69 
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for more details see [8]. Beckwith-Wiedemann syndrome is a paediatric overgrowth disorder, 70 

resulting from the abnormal DNA methylation of growth–related imprinted genes at the 11p15.5 71 

region. This region contains two independent imprinting centres. In imprinting centre 1, the 72 

insulin-like growth factor 2 (IGF2) gene is normally paternally expressed. The gain of DNA 73 

methylation at the maternal allele results in biallelic expression of IGF2. In imprinting centre 2, 74 

the growth-restricting gene cyclin-dependent kinase inhibitor 1C (CDKN1C) is normally 75 

maternally expressed and the hypomethylated KCNQ1 overlapping transcript 1 (KCNQ1OT1) 76 

gene is paternally expressed. Loss of DNA methylation at the maternal allele of KCNQ1OT1 77 

results in reduced expression of CDKN1C through regulation in cis; for more details see [9].  78 

36.2.2 Epigenetic variation as a mediator of the effect of exposure 79 

Epigenetic variation potentially plays a key role in mediating the effects of environmental 80 

exposures on diseases and other traits. There is some evidence that DNA methylation statistically 81 

mediates the effects of exposures on outcomes. Fasanelli and colleagues identified and replicated 82 

an association between hypomethylation in pre-diagnostic blood at two smoking-related cytosine-83 

guanine dinucleotides (CpG) and increased lung cancer risk. Their analyses suggested that DNA 84 

methylation at these CpGs mediates >30% of the total effect of smoking on lung cancer risk [10]. 85 

A caution is nevertheless needed when interpreting these findings, as they could to a certain extent 86 

be attributed to residual confounding by smoking intensity [11]. Kupers and colleagues concluded 87 

that differential DNA methylation at the growth factor independent 1 transcriptional repressor 88 

(GFI1) gene mediates 12–19% of the total effect of maternal smoking on offspring birth weight 89 

[12]. The findings of Meng and colleagues suggest that DNA methylation at CpG cg21325723 in 90 

the MHC region mediates the interaction between single-nucleotide polymorphism (SNP) 91 

rs6933349 and smoking on the risk of anti-citrullinated peptide antibody-positive rheumatoid 92 

arthritis [13]. There is also evidence that DNA methylation mediates the effects of air pollutants. 93 

DNA methylation at inflammatory genes has been suggested to mediate the associations of air 94 

pollutants with coagulation [14], and with cardiovascular-related biomarkers [15]. 95 

The Developmental Origins of Health and Disease (DOHaD) hypothesis proposes that early-life 96 

exposures have influences on health in later-life. In this framework, epigenetic variation is thought 97 

to be one of the underlying biological mechanisms [16, 17]. T cell DNA methylation at genes 98 

involved in insulin regulation and NF-κB signalling pathways has been suggested to mediate the 99 

effect of prenatal maternal stress on 13.5-year-old children’s central adiposity and IFN-γ cytokine 100 

secretion, respectively [18, 19]. There is also some evidence that the association between maternal 101 

adiposity and offspring adiposity may be tracked in offspring blood DNA methylation at birth 102 

[20]. However, the possibility that these associations are confounded, or mediated by other factors, 103 

cannot be ruled out.  104 

There are several challenges in studying epigenetic variation as a mediator of environmental 105 

exposures. The first challenge is the causation between exposure, epigenetic variation and 106 

outcome.  The investigation of causation requires robust associations to be established between 107 

early-life exposures and offspring epigenetic changes, and between exposures-associated 108 

epigenetic changes and later-life health outcomes, and that persistent epigenetic changes are 109 

functionally relevant to health outcomes [21]. Methodologies such as the life-course approach 110 

[22] and the two-step Mendelian randomisation (MR) design [23] could be useful to address 111 

issues of causation. The second challenge is establishing biological relevance. Several studies 112 

have investigated the mediating role of blood epigenetic variation on non-blood related outcomes, 113 
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such as the study on lung cancer mentioned above. However, results from these studies are merely 114 

statistical associations, and whether blood epigenetic variation is on the biological pathway 115 

between exposure and outcome is unclear. Using disease-relevant tissue is optimal. 116 

Mediation by epigenetic variation is a potential biological mechanism underlying the association 117 

of genetic variants with complex diseases and traits, which is not well understood for many 118 

genetic variants identified by genome-wide association studies (GWAS). One example is DNA 119 

methylation at the major histocompatibility complex (MHC) region. The MHC region is one of 120 

the most gene-dense regions of the human genome and contains many genes involved in the 121 

immune system. Emerging evidence suggests that the associations of genetic variants in this 122 

region with some autoimmune diseases may be mediated by DNA methylation. For example, 123 

DNA methylation at two clusters within the MHC region has been suggested to mediate the 124 

genetic effects of this region on the risk of anti-citrullinated peptide antibody-positive rheumatoid 125 

arthritis [24]. Integration of genetic and epigenetic data could result in additional evidence and 126 

deeper understanding of the biological mechanism underlying associations between genetic 127 

variants and diseases. 128 

 129 

36.3 Epigenetic Variation as a Biomarker of Exposure 130 

Epigenetic marks are sensitive to the environment. DNA methylation has been more studied and 131 

found to be associated with many environmental exposures and lifestyle factors, such as smoking 132 

[25-28] and body mass index (BMI) [29]. Epigenetic variation could serve as a biomarker to 133 

enhance environmental exposure assessment. 134 

In the case of smoking, CpG-specific DNA methylation in blood can potentially be used to 135 

improve smoking exposure assessment, including smoking initiation [25-28], cumulative 136 

smoking [25, 30] and the time since quitting [25, 31]. DNA methylation scores combining DNA 137 

methylation levels at multiple CpGs have been built to improve the assessment of lifetime 138 

exposure to smoking [28, 32]. Importantly, the fact that association of smoking with DNA 139 

methylation at certain loci are consistent across different ethnic populations [25-27] suggests that 140 

these smoking-sensitive loci are independent of the underlying genetic sequence, which increases 141 

their potential as smoking biomarkers. The value of blood DNA methylation as a smoking 142 

biomarker was further supported by the findings that DNA methylation at smoking-CpGs is 143 

related to serum cotinine concentration, and DNA methylation markers outperformed cotinine 144 

concentration in classifying smoking status [32]. Despite the promising perspective, caution is 145 

needed. The transient or persistent nature of smoking-induced DNA methylation changes need to 146 

be distinguished. There is evidence that smoking-induced changes at some CpGs tend to reverse 147 

after the cessation of smoking [31], which may alter their utility as long-term biomarkers of 148 

smoking exposure.  149 

Epigenetic variation can also be used to assess prenatal exposures; for example, DNA methylation 150 

of offspring could be used as a biomarker for maternal smoking [33]. Similarly, persistent 151 

epigenetic signatures are needed to be used as biomarkers of prenatal exposures, which have been 152 

shown to be the case for certain CpG sites [34]. 153 

Epigenetic variation can potentially be used to assess the timing of exposure as well. For example, 154 

one study observed that newborn cord blood DNA methylation was associated with maternal 155 
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smoking during the time from conception to gestational week 18 only, but not with maternal 156 

smoking before conception or ceased by week 18 [35].  157 

The role of epigenetic variation in improving exposure assessment is promising. Epidemiological 158 

studies usually collect self-reported information for exposures of interest, which are vulnerable to 159 

recall bias and misclassification. Applying a well-validated epigenetic biomarker can potentially 160 

reduce such bias. Many cohorts have archived biological samples, which can potentially be used 161 

to assess exposures prior to the sample collection time. This could be valuable if exposure 162 

information at that time was not well documented. A well-developed blood epigenetic biomarker 163 

of prenatal exposure is of potential wide utility, given that blood samples of newborns are 164 

commonly collected through neonatal heel pricks. 165 

 166 

36.4 Epigenetic Variation as a Biomarker of Disease 167 

Epigenetic variation may reflect disease development and progression in several aspects, such as 168 

being related to sub-clinical changes. Several studies have attempted to use epigenetic biomarkers 169 

in disease screening, diagnosis and prognosis assessment. Such potential has been reviewed for 170 

cancer [36]. There are also some examples of the potential role of DNA methylation as a disease 171 

biomarker. 172 

DNA methylation at the POU class 4 homeobox 3 (POU4F3) gene has been found to have a good 173 

performance in the triage of high-risk human papillomavirus-positive women [37]. Paired box 1 174 

(PAX1) gene DNA methylation has also been suggested to be a biomarker of more advanced 175 

cervical abnormalities [38]. These results suggest that DNA methylation at POU4F3 and PAX1 176 

have the potential to be useful targets for cervical cancer screening. 177 

Regarding disease diagnosis, hypermethylation of the short stature homeobox 2 (SHOX2) gene in 178 

bronchial aspirates and plasma has been found to have high sensitivity and specificity for the 179 

classification of lung cancer patients [39, 40]. This suggests that SHOX2 DNA methylation may 180 

potentially improve early lung cancer diagnosis. 181 

Regarding disease prognosis, long interspersed nuclear element-1 (LINE-1) hypomethylation in 182 

tumour has been found to be associated with higher mortality of colorectal cancer, independently 183 

of microsatellite instability [41]. This result suggests that tumour LINE-1 methylation may be 184 

used as a biomarker of colorectal cancer prognosis. 185 

The practical application of epigenetics to disease screening, diagnosis and prognosis assessment 186 

still has a long way to go and more research is needed in several areas. Validation is essential; 187 

consistent results across multiple studies are currently lacking. As reviewed by Tang et al., 188 

inconsistent results across studies were observed in the context of blood-based DNA methylation 189 

biomarkers of breast cancer [42]. The broad accessibility of tissues also needs to be considered, 190 

as well as the usefulness of easily accessible tissues like peripheral blood. Another aspect that has 191 

been given little attention is whether combing epigenetic biomarkers with traditional methods 192 

leads to a substantially improved performance. Cost-effectiveness also needs to be evaluated 193 

because epigenetic measures are currently relatively expensive. One study concluded that a 194 

methylated septin 9 DNA plasma assay is less cost-effective than established colorectal cancer 195 

screening strategies [43], which at present limits its applicability. 196 
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36.4.1 Epigenetics in Disease Risk Prediction and Intervention 197 

Epigenetics can play a role towards precision medicine. Individuals with different risk profiles 198 

can potentially be identified based on epigenetic variation and be further targeted for different 199 

risk-reducing intervention strategies. 200 

There is an increasing body of evidence that DNA methylation could be useful in predicting risks 201 

of death and cancers. Epigenetic predictors of age based on DNA methylation at 71 [44] and 353 202 

[45] CpGs have been proposed to reflect human biological aging, and were found to be associated 203 

with increased risks of cancer and death [46, 47]. A DNA methylation score based on measures 204 

at ten CpGs has been reported to have a dose-response relationship with all-cause mortality [48]. 205 

DNA methylation at smoking-related CpGs has also been shown to predict the risk of lung cancer 206 

[49].One study found that a DNA methylation score based on measures at two smoking-related 207 

CpGs was associated with all-cause and cardiovascular-disease-specific mortalities [30].  208 

Some studies suggest that epigenetic variation has a comparable or a better performance than 209 

conventional risk factors for disease risk prediction. One study found that DNA methylation at 210 

smoking-related CpGs outperformed smoking or DNA methylation at lung cancer-related CpGs 211 

in lung cancer risk prediction [10, 49], and adding a smoking DNA methylation score to 212 

conventional risk factors in risk prediction models led to improvement in fatal cardiovascular 213 

disease risk stratification [30]. 214 

Integrating epigenomics with other -omics data such as genomics may also be of interest. A study 215 

[50] found that DNA methylation reflected a similar proportion of variation in BMI to that 216 

explained by a panel of SNPs. Furthermore, the DNA methylation profile and the SNPs ‘predicted’ 217 

BMI in an essentially additive manner, which suggests that combining genetic and epigenetic 218 

profiles can reflect different aspects of obesity and improve the prediction. This was, however, 219 

not the case in the context of height, because the study found that DNA methylation did not 220 

account for additional variation in height after controlling for the SNPs of height. This illustrates 221 

the challenges and need for further research in integrating multiple -omics data to improve risk 222 

prediction. Nevertheless, combining -omics data in disease risk prediction is a worthwhile pursuit. 223 

It is important to note that a prospective association between epigenetic variation and disease is 224 

essential for the development of epigenetic tools for disease risk prediction. It requires these tools 225 

to be developed and validated in large prospective cohorts. However, neither causation nor 226 

functional knowledge is necessary for risk prediction. Even if the association between epigenetic 227 

variation and disease risk is due to confounders, or without plausible biological explanation, its 228 

usefulness as a risk assessment tool cannot necessarily dismissed. 229 

High-risk individuals identified by epigenetic tools are a potential target population for 230 

intervention. Epigenetic-based intervention can potentially be useful if the disease is a 231 

consequence of epigenetic variation. However, if the epigenetic variation does not cause the 232 

disease; non-epigenetic-based interventions can still be used on the high-risk individuals 233 

identified by epigenetic tools. 234 

 235 

 236 
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36.5 Epigenetics in Disease Treatment 237 

Epigenetic variation can be a therapeutic target given its role in disease development and 238 

progression by modifying gene expression, e.g., by silencing genes involved in diseases. 239 

Epigenetic therapy has already played an important role in cancer treatment. DNA 240 

methyltransferase (DNMT) and histone deacetylase (HDAC) catalyse DNA methylation and 241 

histone modification, respectively. Targeting these enzymes, DNMT inhibitors and HDAC 242 

inhibitors are being used for cancer treatment. Several inhibitors have been approved by the US 243 

Food and Drug Administration or are being tested in clinical trials; for more details see [51]. 244 

These inhibitors are also used for therapy of other diseases, such as neurological and immune 245 

disorders; for more details see [52]. 246 

It is important to note that causation between epigenetic variation and disease outcome is needed 247 

to be understood or proven before applying the knowledge of epigenetic associations to disease 248 

treatment. Otherwise, any epigenetic-based therapeutic will not be efficacious [53]. Randomized 249 

controlled trials are the best epidemiological design for addressing this problem; more about such 250 

design is discussed in the following section. 251 

 252 

36.6 Considerations Regarding the Implementation of Epigenetic Epidemiological 253 

Studies 254 

Though sharing similarities, EWAS and GWAS have distinct features. Germline genetic variation 255 

is static, identical across tissues, exactly prior to disease onset and cannot be impacted by 256 

environmental factors; therefore, in GWAS biases are better recognised and controlled. However, 257 

epigenetic variation is dynamic, tissue-specific and environmentally sensitive. Its association with 258 

disease is subject to various biases, which requires a careful consideration of the study design. 259 

Additionally, GWAS has a widely accepted strategy for study design, quality control data pre-260 

processing, and data analysis. This is, however, not the case for EWAS at present. EWAS studies 261 

are therefore more comparable to traditional epidemiological studies than GWAS. The 262 

implementation of epigenetic epidemiological studies needs to consider many more aspects. 263 

These considerations include research question, study design, sample size, biological samples and 264 

epigenetic measurement tool. 265 

36.6.1 Research question 266 

A research question can typically be classified into two types: one is to generate a hypothesis and 267 

the other is to test a hypothesis. These two types of research question determine much of the 268 

downstream research. The study design, sample size, biological sample used and epigenetic 269 

measurement tool all depend on the research question. For example, an investigation of the 270 

efficacy of epigenetic enzyme inhibitor requires a randomized controlled trial design. A validation 271 

of a previous finding requires an adequate sample size not to miss important effect sizes. The 272 

development of disease biomarkers in easily accessible tissue might require peripheral blood as 273 

the biological sample. Scanning disease-related DNA methylation changes requires a 274 

measurement tool with high-throughput technology. Without a clear and pre-defined research 275 

question, studies are likely to be unsuccessful. 276 

36.6.2 Study design 277 
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Study design is critical in traditional epidemiology research. Different designs have different 278 

applications with respective advantages and disadvantages (Table 1). This also applies to the field 279 

of epigenetic epidemiology. 280 

 281 

Cross-sectional design 282 

Cross-sectional designs are mainly used to investigate the distribution of epigenetic variation 283 

across populations with different characteristics. A substantial number of epigenetic studies are 284 

cross-sectional. In the cross-sectional design, subjects’ characteristics and epigenetic measures 285 

are collected at one time point or within a short time interval.  286 

Results from the cross-sectional design are merely associations and they do not imply causation. 287 

However, these caveats do not necessarily dismiss the utility of cross-sectional studies. For 288 

example, several CpGs have been found to be cross-sectionally associated with smoking status, 289 

i.e., being differently methylated between smokers and non-smokers. If such associations are true 290 

(e.g. not being due to confounders), DNA methylation at these CpGs could potentially be used as 291 

biomarkers of smoking even if the causation of the association is unknown.  292 

Case-control design 293 

In a case-control design, cases are individuals with a specific characteristic, typically a disease, 294 

and controls are individuals without that characteristic. Epigenetic variation between cases and 295 

controls is compared to investigate the association between epigenetic variation and case status.  296 

An important difference between EWAS and GWAS in a case-control design is the selection of 297 

controls. In traditional epidemiology, controls need to be selected from the source population 298 

from which cases are selected, to limit selection bias. However, GWAS sometimes does not have 299 

overly rigorous controls selection and uses convenience controls. Bias arising from using 300 

convenience controls can be reduced by the low measurement error in genotyping, the lack of 301 

recall bias when studying inherited variants, the large sample sizes, the stringent criterion for 302 

statistical significance, the rigorous replication of findings and population stratification 303 

adjustment [54]. Given that EWAS is more like traditional epidemiological studies in the potential 304 

for bias, controls selection is more important.  305 

Caution is needed when interpreting results from case-control studies. Associations from a 306 

retrospective case-control design are cross-sectional. Whether the epigenetic variation precedes 307 

the disease or is secondary to the disease may be difficult to determine. Interpretation of results 308 

also depends on whether cases are prevalent or incident. If cases are prevalent, the epigenetic 309 

variation cannot be interpreted as being related to disease onset, because it might be related to 310 

disease prognosis only. Additionally, the inference about risk made from the case-control design 311 

is for the population from which the controls are selected.  312 

Prospective cohort design 313 

Prospective cohort designs are longitudinal. In the context of epigenetics, biological samples and 314 

exposures of individuals are collected at baseline, typically in healthy individuals thought to be a 315 

representative of general population. These individuals are followed for a period during which 316 
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health outcomes are recorded. In this design, epigenetic variation precedes the health outcome; 317 

therefore, it overcomes some weaknesses of cross-sectional and case-control designs in making 318 

inference about causation. If biological samples and exposures are also collected during the 319 

follow-up, the mediating role of epigenetic variation underlying the exposure-outcome 320 

association or of exposure underlying the epigenetic-outcome association can be investigated. 321 

Nested case-control design 322 

Cohort studies are typically very costly. A case-control study nested within a cohort is a cheaper 323 

solution widely used [55, 56]. In the nested case-control design, at the time point when a case 324 

occurs during the follow-up, a control is selected from the individuals who remain free of disease. 325 

Only epigenetic variation from biological samples of the cases and controls and not from all 326 

individuals at baseline are measured, which can reduce costs substantially. The nested case-327 

control design is prospective in nature and yields relative risk estimates comparable to those 328 

obtained from a cohort when incidence density sampling is used [57]. 329 

Family-based design 330 

Family-based designs can be used to investigate familial aggregation of epigenetic patterns and 331 

potential causes, of which a special case is the twin design [58]. Some consider that it is difficult 332 

to determine whether familial aggregation in epigenetic variation is caused by transgenerational 333 

epigenetic inheritance or shared genes and/or environment [16]; however, this mostly applies to 334 

family-based studies including only parents and offspring. This problem can be circumvented by 335 

an extended twin family design, specifically by a twin and sibling design. Another advantage of 336 

a twin and sibling design is that this design can minimise age and birth cohort effects occurring 337 

when studying familial aggregation, because siblings are of similar ages to, and of the same 338 

temporal generation as, the twins. 339 

Family-based designs can also be useful in studying epigenetic variation as the cause or outcome 340 

of a disease. For common diseases like breast cancer, under a multiplicative risk model, the 341 

underlying risk distribution is highly skewed - most individuals in the population are well below 342 

the average risk. Given that epidemiological studies make inference about risk for the population 343 

from which controls are selected, epigenetic risk factors found by case-control studies with typical 344 

population-based controls are relevant to individuals, the vast majority of whom is at lower than 345 

average risk [59]. It is not known if these epigenetic risk factors apply to individuals at increased, 346 

if not high, risk. Cases and controls enriched for familial risk are essential in finding evidence 347 

relevant to individuals across the full continuum of risk. Family-based registries such as the Breast 348 

Cancer Family Registry [59] are precious resources for identifying such cases and controls. 349 

Family-based designs can also be used to control for potential familial confounding in epigenetic 350 

associations by comparing cases with their unaffected family members. The most typical 351 

comparison is within sibling pairs, and a special example is disease discordant twin pairs. Such 352 

designs control for the confounding effects of shared genes and/or environment, and are more 353 

likely to measure causal associations. One study has investigated the association between within-354 

sibship differences in BMI and in blood DNA methylation [60]. By studying the within-sibship 355 

difference, the confounding effects of shared genes and/or environment are cancelled out. 356 
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Table 1 Pros and cons of epidemilogical study design in epgienetic epidemiology 357 

Design Pros Cons 

Cross-sectional design • Easy to conduct 

• Low cost 

• Enables investigation on the associations of epigenetic 

variation with participants’ multiple characteristics 

• Easy to be impacted by bias 

• Provides the weakest evidence of causation 

Case-control design • Easy to conduct 

• Low cost 

• Easy to be impacted by bias 

• Provides weaker evidence of causation than prospective cohort 

design 

• Can only investigate the association with one disease/trait 

Prospective cohort design • Less impacted by bias than case-control design 

• Provides stronger evidence of causation than case-control 

design 

• Enables investigation on the associations of epigenetic 

variation with participants’ multiple outcomes 

• Costly 

• Bias may arise due to drop out during follow-up 

Nested case-cohort design • Cheaper than prospective cohort design 

• Less impacted by bias than case-control design 

• Provides stronger evidence of causation than retrospective 

case-control design 

• Can only investigate the association with one disease/trait 

Family-based design • Enables investigation on the familial aggregation of epigenetic 

patterns and its causes 

• Enables investigation on epigenetic association controlling for 

familial confounding 

• Families may be difficult to recruit 

• May be impacted by ascertainment bias  

Experimental design • Provides the strongest evidence of causation 

 

• Very costly; however, may be the most cost-effective given the 

quality of evidence provided 

• May raise ethical issue 

• High standards for the design 

358 
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Experimental design 359 

In the context of epigenetics, experimental designs can be used to verify if epigenetic variation 360 

can be intervened on or be a successful therapy target. These designs include randomized 361 

community trials and randomized controlled trials. Eligible individuals are randomly assigned to 362 

several groups receiving different interventions or treatments. Outcomes of interest across groups 363 

are compared. Epigenetic variation can be the outcome of interest or the treatment target. Many 364 

potential confounders are equally distributed across groups through randomization, thereby 365 

limiting biases inherent to other designs. Experimental designs are costly, which may limit their 366 

applications. However, given that the experimental design provides high quality of evidence, it 367 

may be the most cost-effective design. In addition, experimental designs might not be possible 368 

due to ethical issues, in which case observational studies might provide the best evidence possible. 369 

36.6.3 Sample size 370 

In epigenetic epidemiological studies, sample size contributes to the power to detect associations. 371 

In the context of DNA methylation, some studies have investigated this issue through simulation 372 

[61-63] by assuming study design, DNA methylation distribution and statistical methods; more 373 

details could be found in the publications cited previously. 374 

The determination of adequate sample size in epigenetic epidemiology depends on several factors. 375 

It depends on the research question. If the question is for generating a hypothesis, the sample size 376 

may not need to be very large. However, if the question is for testing a hypothesis, the sample 377 

size needs to be adequate not to miss important effect sizes. It also depends on the statistical 378 

method. The influence of statistical method has been reported by the simulation studies above. It 379 

also depends on the multiple testing adjustment procedure (see further details below); a more 380 

conservative procedure requires a larger sample size. Additionally, the repeatability of the 381 

measurement tool has also been shown to impact on the power; low repeatability can bias results 382 

towards the null [64]. 383 

The determination of adequate sample size in epigenetic epidemiology has two main challenges. 384 

First, in sample size estimation, the effect size to be not missed or to be detected is not 385 

straightforward to determine. Given the features of epigenetic variation, the effect size is 386 

potentially specific to tissue and population. There may be no prior knowledge of the effect size 387 

for the same tissue in a population with comparable characteristics. A pilot study may be helpful; 388 

however, a pilot study with small sample size could be potentially misleading. Second, the 389 

theoretical sample size may be unrealistic to achieve in practice. The appropriate tissue may be 390 

not available for all subjects. The cost for large sample size may be too high to be affordable. In 391 

practice, a trade-off between theoretical statistical power and practical research conditions is 392 

needed. 393 

For identifying signals with meaningful effect sizes, volcano plots can be used. In a volcano plot, 394 

the x axis is the observed effect size, such as fold change or regression coefficient, and the y axis 395 

is the statistical P-value. Signals on the upper corners of the plot tend to be those with more 396 

meaningful effect sizes.   397 

 398 

  399 
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36.6.4 Biological sample 400 

Biological sample is critical in epigenetic epidemiology. Many aspects related to biological 401 

sample, including tissue type, cell heterogeneity, collection and storage can impact on the validity 402 

of the research and the interpretation of results. 403 

Epigenetic variation can be tissue-specific, i.e., different tissues can have different epigenetic 404 

patterns. This implies that disease-related epigenetic changes might occur in relevant tissues only.  405 

Results from studying surrogate tissues are conceptually open to question for many diseases, such 406 

as the mediation results of blood methylation between smoking and lung cancer that mentioned 407 

above. Results from surrogate tissues should therefore be interpreted with caution, and it is 408 

optimal to use disease-relevant tissues if possible. 409 

However, for many diseases, the disease-relevant tissue is not easily available due to difficulties 410 

in collection, cost and ethics. Blood, saliva and buccal swabs are easily accessible and commonly 411 

used surrogate tissues in epigenetic epidemiological studies. Given that these tissues can be easily 412 

accessed for population, any disease association detected in these tissues is potentially important 413 

for public health translation. Using surrogate tissues requires cross-tissue research on epigenetic 414 

variation. In the context of DNA methylation, DNA methylation in blood and other tissues at 415 

some CpGs has been found to be weakly correlated [65]. On the other hand, some disease-416 

associated CpGs appear to show consistent cross-tissue associations with diseases. For example, 417 

DNA methylation at the hypoxia-inducible factor 3-alpha (HIF3A) gene in blood and adipose 418 

tissue were both found to be associated with BMI, although with different magnitudes [66]. The 419 

cross-tissue correlation at this locus was found to be ~0.4 [65]. However, it does not necessarily 420 

imply that this case is applicable to other CpGs, tissues or diseases; for example, in the same 421 

study, DNA methylation at HIF3A in skin was not associated with BMI [66]. A method has been 422 

developed to predict DNA methylation level across human tissues, which can potentially be 423 

applied to recalibrate the DNA methylation level of a surrogate tissue to the DNA methylation 424 

level of the target tissue [67]. 425 

It is important to note that the choice of tissue depends on the research question. If the research 426 

question is to investigate biological causes of disease, it is more appropriate that the target tissue 427 

is disease-relevant tissue. However, if the research question is to derive a non-invasive biomarker 428 

of disease risk, then blood or saliva might be suitable even if less biologically relevant. 429 

Another tissue-related issue is cell heterogeneity. Epigenetic variation is cell-specific. For 430 

example, different blood cell types have been found to have distinct DNA methylation [68]. 431 

Epigenetic variation in a tissue is typically a mixture of the variation in several types of cells. If 432 

the disease-associated epigenetic change is cell-specific, then the change may not be detected one 433 

the tissue level. In this case, cell sorting is needed to obtain purified cells. It has been shown that 434 

cell composition in the whole blood can change as a result of aging [69]. In the context of DNA 435 

methylation, statistical methods have been developed to estimate or to adjust for blood cell 436 

composition; see [70] for more details. Most epigenetic epidemiological studies adjust for cell 437 

composition in their statistical models to avoid that cell composition confounds the associations 438 

between DNA methylation and diseases, but the adjustment may not be warranted in all situations. 439 

For example, loss of precision due to unnecessary adjustment may be induced when sample size 440 

is small, or investigators may be interested in overall methylation changes in whole-blood.  441 
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The collection and storage of biological samples may also influence epigenetic variation. In 442 

epigenetic epidemiological studies, one consideration for collection and storage is preserving the 443 

biological epigenetic variation and not introducing any artificial variation. To investigate disease 444 

aetiology, timing of the collection is important: samples taken prior to disease onset are needed. 445 

There is little evidence about the influence of sample collection method on epigenetic variation. 446 

Regarding storage, DNA methylation is considered stable in frozen samples; however, this might 447 

not be the case for histone modification [4]. Differences induced by different collection or storage 448 

conditions between cases and controls could lead to false positive results. Many cohorts have 449 

archived biological samples at several time points. Differences in sample collection or storage 450 

across different time points might induce changes which could lead to erroneous conclusions 451 

when assessing longitudinal changes. 452 

36.6.5 Measurement tool 453 

There are several tools for quantifying epigenetic variation, especially for quantifying DNA 454 

methylation. These include high-performance liquid chromatography (HPLC) and repetitive 455 

element bisulfite sequencing for global DNA methylation quantification, bisulfite sequencing, 456 

methylation-specific polymerase chain reaction (MS-PCR or MSP), and bisulfite pyrosequencing 457 

for locus-specific DNA methylation quantification, and reduced representation bisulfite 458 

sequencing (RRBS) and DNA methylation microarray for genome-wide DNA methylation 459 

quantification. Each method comes with a balance between cost, genome coverage and 460 

measurement precision. More details of these methods could be found in Chapter 2.  461 

A critical issue related to the choice of measurement tool is the repeatability. For example, CpG-462 

specific DNA methylation measured by the HM450 array has been found to have a wide-ranging 463 

repeatability [71, 72]. One study found that, for middle-age women, the blood DNA methylation 464 

variation at many CpGs measured by the HM450 array is best explained by measurement error 465 

alone [73]. Low repeatability impacts the precision of the measurement, and measure error can 466 

bias the association towards the null [64], which should be considered when interpreting results.  467 

 468 

36.7 Challenges  469 

Despite the promising prospect of applying epigenetic epidemiology to disease prevention and 470 

public health strategies, some challenges need to be addressed in this newly emerging field. These 471 

challenges come from several aspects, such as our limited understanding of epigenetics, imperfect 472 

technologies, and high expectation of translation from epigenetic epidemiological findings to real-473 

world public health strategies [74]. Here we summarize challenges in data analysis, interpretation 474 

of results, causal inference and communication to the public. 475 

36.7.1 Data analysis  476 

There has been a substantial development of methods for HM450 DNA methylation data analysis 477 

in recent years, on which we will focus in this section. 478 

HM450 data pre-processing and normalization are critical steps before statistical analysis. Many 479 

methods have been developed for background/colour correction, within- and between-array 480 

normalization and probe type bias correction; see the review [75] for more details. Several studies 481 
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have compared these normalization methods [75-78] and did not reach unanimous conclusions, 482 

which at least in part due to that these studies using different evaluation criteria. Although no 483 

method is widely recognized as being preferable, strong associations between DNA methylation 484 

and disease/trait are typically robust to the normalization method used [77]. We have some 485 

suggestions for this issue. First, sensitivity analysis using different methods to investigate if the 486 

results depend on the primary normalization method may be desirable. Second, when meta-487 

analysing individual-level data from several studies, it may be preferable that each study adopts 488 

pre-processing pipeline that allows addressing its own study-specific technical variation. This 489 

strategy might avoid any systematic bias introduced by a same pre-processing pipeline. 490 

Batch effects are one of the main sources of variation in high-throughput data. Batch effects do 491 

not only relate to the physical batch in the experiment, but can also be related to various aspects 492 

of the experiment including processing time, lab conditions, technicians, reagents, etc. [79]. Batch 493 

effects can be minimised using a careful study design including samples being processed under 494 

standardized conditions and being equally distributed across chips, in particular regarding the 495 

outcome, main exposures and confounders [80]. There have been statistical methods developed 496 

to address the batch effects issue, such as ComBat [81] and surrogate variable analysis (SVA) 497 

[82]. Many studies also model batch effects in their statistical models (e.g. as random effects in 498 

mixed models). See the review [79] for more details about batch effects. 499 

A commonly used analytic approach in EWAS is the locus-by-locus analysis, like what typically 500 

used in GWAS data, with the primary goal of detecting marginal associations. Some bioinformatic 501 

methods have been developed for this approach and are accompanied by statistical packages, 502 

mostly implemented in the software R [83]. These bioinformatics methods, however, are most 503 

appropriately used in an ‘experiment’ design in which DNA methylation between groups are 504 

compared, like those investigating differential methylated regions between tumour and normal 505 

tissues. Most epigenetic epidemiological studies are much more complex so more sophisticated 506 

methods like regression modelling are commonly used. Multiple testing is a major problem for 507 

the locus-by-locus analysis. This is also addressable by commonly used adjustment methods. 508 

These include, for example, controlling the family-wise error rate (FWER) or type I error, such 509 

as the Bonferroni procedure, or controlling the false discovery rate (FDR), such as the procedure 510 

proposed by Benjamini and Hochberg [84]. The choice of adjustment method depends on the 511 

primary objective of the study. If the study aims at generating a hypothesis, a less stringent method 512 

that controls FDR could be used, while if the study aims at hypothesis testing, a conservative 513 

approach that controls type I error is usually preferred [85]. 514 

In EWAS, the explanation for and the control of genomic inflation is not necessarily the same as 515 

in GWAS. Genomic inflation in GWAS is assessed using the genomic inflation factor, the value 516 

of which is 1 in the absence of genomic inflation, under the assumption that only a small fraction 517 

of SNPs is truly associated with the trait so that the test statistics for the majority of SNPs should 518 

have a distribution similar to the null hypothesis that there is no association. A large genomic 519 

inflation factor in GWAS typically means there exists bias, such as population stratification [86]. 520 

However, it is not clear whether this holds for EWAS. The genomic inflation factor was found to 521 

be larger than 1.1 in many EWASs. This may be due to the effects of exposures or diseases on 522 

DNA methylome are more likely to be global, so that small effects may exist for thousands or 523 

even millions of sites. Such phenomenon is similar to the polygenic inheritance and similarly 524 

substantial genomic inflation is expected in GWAS if the polygenic inheritance exists [87]. 525 

Nevertheless, different DNA methylation patterns have been observed across populations. 526 
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Researchers have proposed to address such differences by adjusting for the principal components 527 

of genome-wide SNP or DNA methylation data, as is commonly done in GWAS analyses [88]. 528 

One caution is that the top principal components of genome-wide DNA methylation data may 529 

capture the global effects of exposures or diseases which may result in biasing the association 530 

estimate towards the null. There are also other statistical methods for addressing this issue [89].  531 

There are other analytical approaches than the locus-by-locus one. DNA methylation sites can 532 

also be analysed simultaneously using a regularized regression method. An example is the 533 

development of the methylation-based age predictor [45]. DNA methylation has spatial 534 

correlations, i.e., the methylation statuses of neighbouring sites tend to be highly correlated [90]. 535 

Such correlations imply that DNA methylation changes might be better detectable at the scale of 536 

genomic regions. Several region-based methods such as bump hunting [91], DMRcate [92] and 537 

A-clustering [93] have been developed to investigate differentially methylated regions. The basic 538 

idea of both Bump hunting and DMRcate is to apply a smoothing technique to the individual 539 

association statistics of methylation sites of a specific region to obtain a summary statistic from 540 

which the statistical inference is made. The basic idea of A-clustering is to identify clusters of 541 

correlated methylated sites first, and then use generalised estimating equations to estimate the 542 

association for the cluster, controlling for the correlation between sites; more details about these 543 

methods can be found in the publications cited previously. Gene Set Enrichment Analysis (GSEA) 544 

can be used to examine if a set of genes is over-represented for cases versus controls [94]. These 545 

methods take advantage of the fact that methylation patterns are strongly correlated in clusters 546 

(defined by a certain number of base pairs), and assume that a single CpG site is unlikely to result 547 

in gene expression changes. Another dimensionality reduction method has been shown to be 548 

useful: a summary DNA methylation measure (commonly the average or median DNA 549 

methylation level) over a cluster of sites is calculated and used in analyses. The cluster could be 550 

the whole genome, a specific region, or defined by clustering methods [55, 56, 95]. 551 

Nevertheless, the development of the analytic methods for epigenetic data is still in an early stage. 552 

More methods suitable to the analysis for large-scale epigenetic data with the considerations of 553 

the distribution of epigenetic variation value, the spatial correlation of epigenetic status, the 554 

dimension of epigenetic data, efficiency, power and the control of false positive are warranted. 555 

 556 

36.7.2 Interpretation of results 557 

The interpretation of results from epigenetic epidemiological studies needs to consider many 558 

factors including study design, potential biases and biological mechanisms. 559 

As discussed above, different study designs have their own advantages and disadvantages, which 560 

can influence the interpretations of results. For example, associations between epigenetic 561 

variation and diseases found from retrospective case-control studies cannot be interpreted as 562 

demonstrating the epigenetic variation causes the disease, nor vice versa. 563 

Results should be interpreted with caution given the presence of potential bias including 564 

measurement tools, data pre-processing approaches, unknown factors specific to the study. A 565 

good study design is important for avoiding or minimising these biases. Sensitivity analyses 566 

should also be applied to examine the existence and magnitude of bias. Validation is another 567 

important step for assessing the robustness of findings to other measurement tools. It potentially 568 
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requires pyrosequencing to confirm the validity of loci identified by DNA methylation microarray. 569 

Replication in independent studies is important as well. Findings without replication are more 570 

likely due to bias existing in the original study. 571 

The biological interpretation of results relies heavily on the understanding of the mechanism, and 572 

many discovered disease/trait associated epigenetic changes are yet to be understood biologically. 573 

Collaborative works between epidemiologists, biologists, geneticists and laboratory-based 574 

scientists are needed. The biological plausibility of epidemiological observations needs to be 575 

investigated by scientists from relevant fields. On the other hand, the epidemiological and public 576 

health relevance of findings from laboratory-based research needs to be investigated by 577 

epidemiologists. 578 

36.7.3 Causal inference 579 

Results from epigenetic epidemiological studies are more vulnerable to confounding and collider 580 

biases than GWAS, which brings the causation underlying the observed associations into question. 581 

A directed acyclic graph including epigenetic variation, exposure or outcome, and potential 582 

confounders and colliders in study design phase can help researchers to better understand the 583 

possible relationships among these factors and try to avoid many biases [96]. Appropriate study 584 

designs such as prospective and experimental designs can improve causal inference, as well as 585 

appropriate applications of statistical methods (see below).  586 

MR can be used to test the causation between an exposure and an outcome by examining the 587 

association between exposure-associated genetic variants as instrumental variables and the 588 

outcome. This method has been widely applied using SNPs identified by GWAS. In the context 589 

of epigenetic epidemiology, a successful application of this method concluded that blood DNA 590 

methylation at the majority of 187 BMI-related CpGs is consequential to BMI [29]. The mediating 591 

role of epigenetic variation can be potentially investigated using a two-step MR design [23]. A 592 

study using such design found some evidence that cord blood DNA methylation mediates the 593 

association of maternal vitamin B12 level with children’s cognition [97]. It is important to note 594 

that the validity of MR depends on certain assumptions, some of which should be given attention 595 

[98]. Additionally, it requires large-scale studies with genetic and epigenetic data available on the 596 

same sample. Even in a two-sample MR, i.e. the association of epigenetic variation with genetic 597 

variants and the association of epigenetic variation with disease/trait are assessed in two separated 598 

samples, the association of epigenetic variation with genetic variants still potentially need to be 599 

assessed using a large sample, like what was done in the study by Wahl et al. [29]. 600 

Another useful statistical method to assess causation is a regression model for family-based 601 

studies [99], and a special case is for twin studies [100]. This method examines whether factors 602 

shared by family members confound the observed cross-sectional associations. By performing 603 

between- and within-sibship analyses, a study suggested that the association between DNA 604 

methylation at the suppressor of cytokine signalling 3 (SOCS3) gene and BMI may be due to the 605 

confounding effects of factors shared within families [60]. 606 

A recently developed statistical method, ICE FALCON (inference on causation through 607 

examination of familial confounding) [101, 102], may also be adopted. Through examining cross-608 

trait cross-pair correlation, ICE FALCON can be used to infer whether familial confounding 609 

and/or causation exist underlying the observed cross-sectional associations and the direction of 610 

the causation. We have used ICE FALCON for twin-based data and replicated the finding that 611 
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DNA methylation at the majority of 187 BMI-CpGs found by Wahl et al. [29] are the consequence 612 

rather than the cause to BMI (Li, unpublished work).  613 

36.7.4 Communication to the public 614 

Good communication of research results to the public is essential for translating epigenetic 615 

epidemiological findings to public health strategies. The public are typically non-expert audiences, 616 

so researchers need to explain the results in lay language. The communication needs to avoid any 617 

hype, exaggeration or excessive interpretation, especially in the early stage of the field. The 618 

translation of epigenetic epidemiological findings to public health promotion is potentially limited 619 

by many unexpected factors. A lesson is that the academia was excited about the promising 620 

translation of the human genome project when it was started; however, the genome is far more 621 

complex than ever expected. Additionally, and more importantly, the findings should be 622 

communicated with caution to avoid any ethical issue. 623 

36.8 Future directions 624 

Epigenetic epidemiology is in an early stage of development. Current research mainly focuses on 625 

DNA methylation measured by the HM450 array. However, with further developments in 626 

technology and a deeper understanding of epigenetic mechanisms, epidemiological research is 627 

expected to, and should, take other directions. Epigenetic forms other than DNA methylation, 628 

such as histone modifications and miRNAs, are expected to receive more attention. 629 

Epidemiological studies of these epigenetic forms are emerging. For example, genome-wide 630 

histone modifications can be quantified using high-throughput techniques such as ChIP-chip, 631 

ChIP–SAGE and ChIP–Seq [103], and a histone acetylome-wide association study has been 632 

implemented [104]. In the context of DNA methylation, advanced technologies with improved 633 

coverage and low cost are expected to be feasible for genome-wide methylation profiling in large-634 

scale studies. The recently released MethylationEPIC BeadChip focuses more on the enhancer 635 

regions than the HM450 array. Furthermore, different types of cytosine modifications such as 5-636 

mC, 5-hmC and 5-fC are expected to be distinguished more clearly with new technologies, 637 

enabling research into the relationships of these epigenetic forms with diseases. 638 

 639 

36.9 Summary 640 

In this chapter, we summarize the promising role of epigenetics in understanding disease 641 

aetiology, assessing relevant exposures, and using them for disease prediction, and therapy. We 642 

summarize the considerations regarding the implementation of epigenetic epidemiological studies 643 

including research question, study design, sample size, biological sample and measurement tool. 644 

We also summarize several challenges in data analysis, interpretation of results, causal inference 645 

and communication to the public. Combining epigenetics with epidemiology, with a careful study 646 

design and an appropriate interpretation of results, should result in an enhanced understanding of 647 

disease and a better strategy to improve public health. 648 

 649 

 650 
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 An overview of datasets and 

statistical methods 

3.1 DNA Methylation datasets 

In this thesis, I have used DNA methylation datasets from seven twin and family studies, 

and these datasets are summarized in Table 3.1. The seven studies are the Australian 

Mammographic Density Twins and Sisters Study (AMDTSS), Peri/postnatal Epigenetic 

Twins Study (PETS), Brisbane Systems Genetic Study (BSGS), Korean Healthy Twin 

Study (KHTS), Multiple Tissue Human Expression Resource (MuTHER) Study, Older 

Australian Twins Study (OATS) and Melbourne Collaborative Cohort Study (MCCS). 

The PETS has two datasets: one is 450k data measured from buccal cells, and the other 

one is 27k data measured from cord blood mononuclear cells. The other six studies each 

has one 450k dataset. Of these six 450k datasets, the MuTHER dataset contained DNA 

methylation data measured from adipose tissue, and for the other five datasets DNA 

methylation is measured from peripheral blood. The AMDTSS dataset is the main dataset 

used in each data analysis chapter (Chapters 4 to 10), the KHTS dataset is used in 

Chapters 4 and 6, and the other datasets are used in Chapter 4 only.   

Table 3.1 A summary of DNA methylation datasets analysed in this thesis 

Dataset Array Tissue 
Number of samples 

(Number of males) 

Mean age  

(standard deviation)  
Chapter 

AMDTSS HM450 Peripheral blood 479 (0) 56.4 (7.9) 4 to 10 

PETS 450k HM450 Buccal cells 48 (28) 0.6 (0.8) 4 

PETS 27k HM27 Cord blood 52 (30) 0.0 (0.0) 4 

BSGS HM450 Peripheral blood 614 (313) 21.4 (14.1) 4 

KHTS HM450 Peripheral blood 382 (188) 46.9 (14.8) 4 and 6 

MuTHER HM450 Adipose tissue 492 (0) 58.7 (9.5) 4 

OATS HM450 Peripheral blood 216 (80) 71.2 (6.0) 4 

MCCS HM450 Peripheral blood 86 (43) 59.8 (6.6) 4 
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3.1.1 Australian Mammographic Density Twins and Sisters Study (AMDTSS) 

3.1.1.1 Subjects 

The AMDTSS is a twin family study conducted in Australia aiming to study 

mammographic density [161]. Between 2004 and 2009, female twin pairs aged 40 – 70 

years who participated in the Australian Twins Study of Mammographic Density between 

1995 and 1999 were asked to participate further, and their non-twin sisters were also 

invited to participate. Participants completed questionnaire surveys through telephone-

administered interviews and donated blood samples. Questionnaires collected 

demographic information and self-reported weight, height, and other known and putative 

breast cancer risk factors. Blood samples were couriered to the laboratory within 48 hours 

of collection, and were processed to generate dried blood spot on Guthrie cards.  

A total of 479 women comprising 66 MZ pairs, 66 DZ pairs and 215 sisters from 130 

families were selected for DNA methylation research. There is a total of 552 sibling 

pairings (including twin-sister pairs). As shown in Table 3.2, the majority of families 

(86.9%) have three or four members, with 48.5% containing one twin pair and one sister 

and 38.5% containing one twin pair and two sisters. 

Table 3.2 A summary of the twin family structures in the Australian Mammographic 

Density Twins and Sisters Study 

Family size Family composition Number 

3 MZ pair + 1 sister 28 

3 DZ pair + 1 sister 35 

4 MZ pair + 2 sisters 26 

4 DZ pair + 2 sisters 23 

4 2 DZ pairs 1 

5 MZ pair + 3 sisters 6 

5 DZ pair + 3 sisters 5 

5 2 MZ pairs + 1 sister 1 

6 MZ pair + 4 sisters 4 

6 DZ pair + 4 sisters 1 
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3.1.1.2 DNA methylation measurement  

DNA methylation measurement was conducted in the Genetic Epidemiology Laboratory 

at The University of Melbourne. DNA was extracted in batches of 192 samples from dried 

blood spots using a method developed in-house [190]. Briefly, for each sample, 20 blood 

spot punches 3.2 mm in diameter were added to 180 µl phosphate buffered saline and 20 

µl protease. After an overnight incubation at 56C, the blood spots were homogenised 

twice using the TissueLyser II (Qiagen, Hilden, Germany) at 25 Hertz for 30 seconds. 

The resulting supernatant was transferred to clean collection microtubes and DNA was 

extracted using the QIAamp 96 DNA Blood protocol as per manufacturers’ instructions 

(Qiagen, Hilden, Germany).  DNA quantity was assessed using the Quant-iT™ 

Picogreen® dsDNA assay (Life Technologies, Grand Island, NY) measured on the 

EnSpire Multimode Plate Reader (PerkinElmer, Waltham, Massachusetts).  

One microgram of DNA was sodium bisulfite converted using the EZ DNA Methylation-

Gold protocol as per manufacturers’ instructions (Zymo Research, Irvine, CA) and eluted 

in 20 µl elution buffer. The success of bisulfite conversion and the presence of DNA after 

bisulfite conversion were evaluated using an in-house bisulfite-specific quantitative PCR. 

Bisulfite-specific primers (forward sequence: 5’ tAA GGT AtA ATt AGA GGA TGG 

GAG GGA t; reverse sequence: 5’ aaC AAA CTC Aaa TAa AAT TCT TCC TC) were 

designed to amplify a 134bp region within the breast cancer 1, early onset (BRCA1) gene 

(Genbank: L78833.1). Lower-case letters correspond to bisulfite converted cytosines.  

Each reaction consisted of 1X SYBR Green I Master (Roche, Basel, Switzerland), 300 

pM each of forward and reverse primers (Integrated DNA Technologies, Coralville, IA), 

and 3 µl diluted bisulfite converted DNA (diluted 1:3 in nuclease free water). The reaction 

was equilibrated to 10 µl with nuclease free water (Life Technologies, Carlsbad, CA). 
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The bisulfite-specific qPCR assay was performed on the LightCycler 480 System 

(Roche, Basel, Switzerland) with the following cycling conditions: initial polymerase 

activation for 5 minutes at 95C followed by 40 cycles of DNA denaturation for 10 

seconds at 95C, primer annealing for 30 seconds at 60C and extension for 90 seconds 

at 72C. Subsequent melting of the amplified product was performed from 97C to 65C 

for 60 seconds with fluorescent data acquired on the green channel. 

All DNA samples were assayed in duplicate. Good quality (non-degraded), non-bisulfite 

converted DNA extracted from the U266 multiple myeloma cell line was used as a 

negative control. Only DNA samples that amplified at least 5 quantitation cycles earlier 

than the negative control (Cq>5) were assayed on the Infinium HumanMethylation450 

BeadChip array. 

Genome-wide DNA methylation was assessed using the HM450 assay [22] in accordance 

with the manufacturer’s instructions. Briefly, a total of 200ng of bisulfite converted DNA 

was whole genome amplified and hybridised onto the BeadChips. The TECAN automated 

liquid handler (Tecan Group Ltd, Mannedorf, Switzerland) was used for the single-base 

extension and staining steps. DNA samples extracted from members of the same family 

were assayed on the same beadchip. Additionally, a total of 11 random selected technical 

replicates (four plates included two replicates respectively and one plate included three 

replicates) and two U266 cell line DNA samples were included on each plate.  

3.1.1.3 DNA Methylation data pre-processing 

Raw DNA methylation data was pre-processed by the Bioconductor minfi package [191], 

which includes normalization of data using Illumina’s reference factor based 

normalization methods (preprocessIllumina) and subset-quantile within array 
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normalization (SWAN) for type I and II probe bias correction (preprocessSWAN) [27]. 

An empirical Bayes batch-effects removal method ComBat [30] was applied to minimise 

the technical variation across batches. A total of 65 probes corresponding to known SNPs, 

the identifiers of which start with ‘rs’, were excluded. Probes with the detection P > 0.01 

were assigned as missing. No sample was excluded, given that no sample had more than 

5% probes missing.  Probes having a missing value for one or more samples were 

excluded. After cleaning, data of 479,957 probes for all 479 samples remained. 

3.1.2. Peri/postnatal Epigenetic Twins Study (PETS) 

The PETS is an Australian twin birth cohort aiming to study the plasticity of epigenetic 

marks during the intrauterine period and in early childhood [192]. A total of 250 newborn 

twin pairs were recruited between 2007 and 2009, and data on maternal factors during 

pregnancy, infant anthropometric measurements and biological specimens from different 

cell lineages were collected at several time points.  

Both the 450k dataset and 27k dataset have been published [73, 193], and were 

downloaded from Gene Expression Omnibus (GEO) with the accession numbers 

GSE42700 and GSE36642, respectively. 

The 450k dataset contains data for nine newborn MZ pairs and five newborn DZ pairs, 

and for six MZ pairs and four DZ pairs at age 18 months. DNA was extracted from buccal 

cells. Raw intensity data were background corrected using the R minfi package [191]. 

Data were pre-processed using the Illumina method within minfi and the SWAN method 

[27] was performed for combined normalization of Infinium type I and type II probes. 

Probes were removed if the detection P > 0.001 in one or more samples, and/or on the 

sex chromosomes. Samples were excluded according to the average detection P > 0.05, 
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poor bisulfite conversion efficiency and/or hierarchical clustering plots; see Martino et 

al.[193] for more details.  

The 27k dataset contains data for 17 newborn MZ pairs and nine newborn DZ pairs. DNA 

was extracted from cord blood mononuclear cells. The lumi package [194] was used for 

the background correction and data normalisation. Probes were removed if the detection 

P > 0.001; see Gordon et al. [73] for more details. 

3.1.3. Brisbane Systems Genetic Study (BSGS) 

The BSGS is an Australian study of twin families comprising adolescent twins, their 

siblings and their parents recruited into an ongoing study of the genetic and environmental 

factors influencing pigmented nevi and cognition [195].  

The dataset has been published [91], and was downloaded from GEO with the accession 

number GSE56105. The dataset contains data for 614 participants comprising 67 MZ 

pairs, 111 DZ pairs, 119 siblings of twins and 139 parents of twins from 177 families. 

DNA was extracted from peripheral blood lymphocytes. Probes exclusion criteria 

included on the sex chromosomes, annotated as binding to multiple chromosomes [32], 

with zero CpG site, with more than 11 individuals with missing data and with more than 

five individuals with the detection P > 0.001; see McRae et al. [91] for more details.  

3.1.4. Korean Healthy Twin Study (KHTS) 

The KHTS is a study of twin families aiming to examine genetic and environmental 

factors underlying complex human diseases and traits in Korea [196]. Adult (30 years or 

older) same-sex twin pairs and their first-degree relatives were recruited. Questionnaire 

surveys were administered and biological specimens including blood were collected.  
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The dataset contains data for 382 participants comprising 91 MZ pairs, 64 siblings of 

twins and 136 parents of twins from 97 families. DNA was extracted from peripheral 

blood lymphocytes. The measurement was conducted in two respective experiments 

(experiment I and II), with participants from the same family included in the same 

experiment. For each experiment, quality control and data processing were performed 

separately, while the same analytic tools and methods were applied. The R package 

RnBeads [197] was applied to extract DNA methylation values across > 485,000 CpG 

sites. For the quality control of the DNA methylation data, a series of probe and sample 

filtering steps were applied: probes mapping to sex chromosomes, associated with SNPs 

and/or out of CpG context were removed, and CpG probes and samples were filtered at 

the detection P-value of 0.01. The beta mixture quantile dilation method [28] was used 

for normalization.   

3.1.5. Multiple Tissue Human Expression Resource Study (MuTHER) 

The MuTHER is a study of middle-aged females, including 386 twin pairs and 84 

singletons of European descent recruited through the TwinsUK Adult Twin Registry [90].  

The dataset has been published [90], and was downloaded from the ArrayExpress with 

the accession number E-MTAB-1866. The dataset contains data for 492 participants 

comprising 93 MZ pairs and 153 DZ pairs. DNA was extracted from subcutaneous 

adipose tissue samples. Raw data were imported to the GenomeStudio v.2010.3 software 

with the methylation module 1.8.2 for the extraction of the image intensities. Sample 

quality control based on probe detection and using the GenomeStudio P-values of 

detection of signal above background. Probes that failed in at least one individual and that 

were not reported by the GenomeStudio software were discarded. The signal intensities 



64 

 

for the methylated and unmethylated states were then quantile normalized for each probe 

type separately; see Grundberg et al. [90] for more details.  

3.1.6. Older Australian Twins Study (OATS) 

The OATS is a longitudinal, multi-centre study of twins aged 65 years and older that 

commenced in 2007 investigating healthy brain ageing [198]. Participants living in the 

three eastern states of Australia were administered a comprehensive face-to-face 

assessment including demographic, psychiatric, neuropsychological and medical 

measures.  

The dataset contains data for 108 MZ pairs. The data were generated at two respective 

experiments (experiment I and II). DNA was extracted from peripheral blood samples 

using either the Qiagen Autopure or a proteinase K method. Samples (co-twins) were 

randomised across the arrays. Raw intensity data were background-corrected using the R 

minfi package [191]. The SWAN method [27] was performed for type I and II probe bias 

correction. Probes not detected in all samples were removed, as were probes containing 

SNPs and probes on the sex chromosomes.  

3.1.7. Melbourne Collaborative Cohort Study (MCCS) 

The MCCS is a prospective cohort study of 41,514 healthy adult volunteers (24,469 

women, 17,045 men) aged between 27 and 76 years (99.3% aged 40 − 69 years) recruited 

between 1990 and 1994 [199]. Peripheral blood samples were obtained from participants 

at baseline.  

5,629 participants from six nested cancer case-control studies were measured for DNA 

methylation. This thesis used the data for 43 spouse pairs from controls only. DNA was 

extracted from peripheral blood samples collected at baseline, prior to any diagnosis of 
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cancer, either from buffy coats, lymphocytes or dried blood spots stored on Guthrie card. 

In order to minimize potential batch effects, matched cases and controls in each study 

were processed together and run on the same BeadChip and cancer subtypes were evenly 

distributed across the plates/chips. The same data pre-processing procedure was applied 

all case-control studies. Raw intensity data were processed by Bioconductor minfi 

package [191], which included normalization of data using Illumina’s reference factor-

based normalization methods (preprocessIllumina) and the SWAN method [27] for type 

I and II probe bias correction. Samples were excluded if > 5% CpG probes (excluding 

chrX and chrY probes) had the detection P > 0.01, which were regarded as probes with 

‘missing value’, while probes were excluded from further analysis if they had missing 

values for one or more samples. ComBat [30] was applied to the data from all samples to 

minimise the influence of chip effects; see Severi et al. [113] and Wong et al. [114] for 

more details. 

 

3.2 Statistical methods 

I used two methods in this thesis to investigate familial confounding and make inference 

about the potential causality underlying the observed cross-sectional associations 

between DNA methylation and conventional breast cancer risk factors. This chapter 

introduces the two methods. 

3.2.1 Between- and within-sibship regressions 

I used the between- and within-sibship regressions to infer whether familial factors shared 

by sibling pairs (including pairs of twin-sibling), both known and unknown, confound the 

observed cross-sectional associations. This method is an extension of the commonly used 
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between- and within-twin-pair regression models, in which the association between the 

exposure and the outcome is investigated at both the twin-pair mean level and the within-

pair difference level [77].  

Given that all the families from the AMDTSS comprised more than two members, I used 

a previously published method of within-sibship orthogonal transformation [200] to 

firstly transform the data. As in Stone et al. [200], for a variable (vector) of a sibship 

(family) with n ≥ 2 siblings, a n × n orthogonal matrix A, of which the first row is 

constrained to (1, …,1), is used to premultiply the variable, resulting in a n × 1 matrix. 

For the resulting matrix, the first row captures the sibship mean of the variable and is 

included in the between-sibship regression, and the last n-1 rows capture the within-

sibship differences and are included in the within-sibship regression. After this 

transformation, this sibship provides one transformed data point to the between-sibship 

regression and n-1 transformed data points to the within-sibship regression. Note that, if 

n = 2, i.e., there is only one sibling pair within the sibship, the transformed sibship mean 

value is essentially the sibling-pair mean, and the transformed within-sibship difference 

is essentially the within-sibling-pair difference. 

In my analyses, DNA methylation values, conventional breast cancer risk factors and 

covariates were transformed. Binary variables were treated as continuous variables with 

values of “0” and “1”. Categorical variables were firstly transformed to dummy variables 

and the dummy variables were then transformed as binary variables. In this thesis, the 

following orthogonal matrixes were used for sibships comprising two, three, four, five 

and six siblings (A2 to A5 were from the publication by Stone et al. [200], and A6 was 

calculated by myself):  
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Given that the transformed data points of a variable are independent of each other, both 

the between- and within-sibship regression models can be fitted simply using the 

Ordinary Least Squares method. The between-sibship regression model investigates the 

associations between the sibship mean of DNA methylation value and the sibship means 
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of the breast cancer risk factors, adjusting for the sibship means of covariates. The 

between-sibship coefficient B from this model explicitly represents the average 

association at the sibship level. The within-sibship regression model investigates the 

associations between within-sibship difference of DNA methylation value and the sibship 

differences of the breast cancer risk factors, adjusting for the sibship differences of 

covariates. Note that the fitted regression line must be constrained to pass through the 

origin. The within-sibship coefficient W from this model explicitly represents the 

association independent of familial confounding, as the confounding effects of familial 

factors shared by siblings, both known and unknown, are cancelled out when using 

within-sibship differences.  

Evidence for familial confounding can be obtained by comparing B and W. An 

observation that B ≠ W and W ≈ 0, i.e., the association disappears when familial factors 

are adjusted for, is consistent with the association being due to familial confounding. An 

observation that B ≈ W ≠ 0, i.e., the associations are similar regardless of whether 

familial factors are adjusted for, is consistent with the absence of evidence for familial 

confounding; see Carlin et al. [77] for more details about the implications from comparing 

B and W.  

I applied this method to the cross-sectional associations between DNA methylation and 

BMI found by Wilson et al. [143], and found evidence consistent with the association for 

CpG cg27637521 at the SOCS3 gene being due to familial confounding [201]. I have 

included this analysis in this thesis as an appendix.       
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3.2.2 Inference about Causation through Examination of FAmiliaL CONfounding 

(ICE FALCON) 

The between- and within-sibship regressions address the existence and impact of familial 

confounding in explaining an observed cross-sectional association, but cannot be used to 

make inference about causation, let alone the direction of causation if there is any. To 

make inference about the existence and direction of causation, I used a method called 

Inference about Causation through Examination of FAmiliaL CONfounding (ICE 

FALCON). ICE FALCON is a published regression-based methodology for causation 

inference by analysing twin data [78-82]. In this thesis, I also made an extension to this 

method. 

Suppose there are two variables, X and Y, measured for pairs of twins. Assume that X is 

a cause and Y is a consequence, and assume that X and Y are positively associated within 

an individual. Figure 3.1 shows three simplified possible causal diagrams between X and 

Y. In these diagrams, circles are unmeasured causes and squares are measured variables. 

These diagrams combine the original path analysis concept introduced by Sewall Wright 

about a century ago to study genetic and environmental causes of variation [202] with the 

Directed Acyclic Graphs being used in modern epidemiology [203]. Let S denote all the 

unmeasured genetic and non-genetic factors that affect both twins; SX represents those 

factors that influence X only, SY those that influence Y only, and SXY those that influence 

both X and Y. Let C denote all the unmeasured confounders between X and Y that specific 

to an individual only, and I all the unmeasured causes of X or Y that specific to an 

individual only. For the purpose of explanation, let ‘self’ refer to an individual and ‘co-

twin’ refer to the individual’s twin, but recognise that these labels can be swapped and 

both twins within a pair are used in the analysis. 



70 

 

If there is an association between Yself and Xco-twin, it might be due to a familial confounder, 

SXY (Figure 3.1a). It could also be due to X having a causal effect on Y, provided Xself and 

Xco-twin are correlated (Figure 3.1b), or to Y having a casual effect on X, provided Yself and 

Yco-twin are correlated (Figure 3.1c). Note that confounders specific to an individual, Cself 

and Cco-twin, do not of themselves result in an association between Yself and Xco-twin. 

In the analysis, X is firstly presumed to be a cause and Y is a consequence outcome, and 

X is used as the predictor and Y the outcome in the regression models. Using the 

Generalized Estimating Equations (GEE) to take into account any correlation in the 

outcome variable between twins within the same pair, three models are fitted: 

Model 1: E(Yself) =  + selfXself 

Model 2: E(Yself) =  + co-twinXco-twin 

Model 3: E(Yself) =  + ’selfXself+ ’co-twinXco-twin 

If the association between Yself and Xco-twin is solely due to familial confounders SXY (Figure 

3.1a), the marginal association between Yself and Xself (self of Model 1) and the marginal 

association between Yself and Xco-twin (co-twin of Model 2) must both be non-zero. Adjusting 

for Xself, however, the conditional association between Yself and Xco-twin (’co-twin of Model 

3) is expected to attenuate from co-twin of Model 2 towards zero. Similarly, adjusting for 

Xco-twin (Model 3), the conditional association between Yself and Xself (’self of Model 3) is 

expected to attenuate from self of Model 1 towards zero. 

If the association between Yself and Xco-twin is solely due to a causal effect from X to Y 

(Figure 3.1b), Yself and Xco-twin in Model 2 will be associated through two pathways: the 

confounder SX, and conditioning on the collider Yco-twin (GEE analysis in effect conditions 
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on Yco-twin). Conditioning on Yco-twin induces a negative correlation between Xco-twin and Yself 

(note that, we assume X and Y are positively associated within an individual), so that co-

twin of model 2 depends on the within-pair correlations in X (X) and in Y (Y): if X > Y, 

co-twin is expected to be positive; otherwise co-twin to be negative. Conditioning on Xself 

(Model 3), both pathways are blocked and the conditional association ’co-twin of Model 3 

is expected to be zero. However, conditioning on Xco-twin has no influence on the pathway 

between Yself and Xself, so the conditional association ’self of Model 3 is expected to be 

similar to self of Model 2. 

If the association between Yself and Xco-twin is solely due to a causal effect from Y to X 

(Figure 3.1c), in Model 2 the pathway through Xself is blocked due to Xself as a collider, 

and the pathway through SY is blocked due to that GEE analysis in effect conditions on 

SY, so there is no marginal association between Yself and Xco-twin, i.e. co-twin of Model 2 is 

expected to be zero. Conditioning on Xself (Model 3), both pathways are unblocked and 

the conditional association ’co-twin of Model 3 depends on X and Y: if X > Y, ’co-twin 

is expected to be positive; otherwise ’co-twin to be negative. Conditioning on Xco-twin 

(Model 3) has no influence on the pathway between Yself and Xself, so the conditional 

association ’self of Model 3 is expected to be similar to self of Model 2. 

If the association between Yself and Xco-twin is due to a combination of causation with 

familial confounding, i.e., the combination of Figure 3.1a and Figure 3.1b, or of Figure 

3.1a and Figure 3.1c. The results are expected to be the combination of the results for 

corresponding figures. The changes in regression coefficients from comparing Models 2 

and 3 with Model 1 are still expected. 
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X and Y are then swapped that Y is used as the predictor and X the outcome in the 

regression models and the same three models are fitted, i.e.,  

E(Xself) =  + selfYself 

E(Xself) =  + co-twinYco-twin 

E(Xself) =  + ’selfXself+ ’co-twinYco-twin 

For the causal diagram shown by Figure 3.1a, the same results as the results when using 

X as the predictor are expected. For the causal diagram shown by Figure 3.1b, the results 

are expected to be the same as the results for Figure 3.1c when using X as the predictor; 

similarly, the results for Figure 3.1c when using Y as the predictor are expected to the 

same as the results for Figure 3.1b when using X as the predictor. Therefore, if there is a 

causal association, the results from the analyses using Y as the predictor are expected to 

differ to the results from the analyses using X as the predictor, and the possible direction 

of causation can be inferred by swapping X and Y and repeating the analyses.  

The extension of ICE FALCON I made in this thesis includes two aspects. The first one 

is working out the expected results when using the consequence as the predictor in 

regression model, i.e., the expected results for the causal diagram shown by Figure 3.1c 

when using X as the predictor. The second one is swapping X and Y to provide stronger 

evidence for the possible causal direction. In previous applications of ICE FALCON [78-

82], only the presumed cause was used as the predictor in regression model, and no 

swapping between X and Y. 

ICE FALCON infers the causation direction based on the changes in regression 

coefficients from comparing Models 2 and 3 with Model 1. I made statistical inference 
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about the changes by using the Student’s t-test with the standard error estimated using a 

nonparametric bootstrap method. That is, twin pairs were randomly sampled with 

replacement to generate 1,000 new datasets with the same sample size as the original 

dataset. ICE FALCON was then applied to each dataset to calculate the changes in 

regression coefficients for that dataset. The standard errors for the changes were estimated 

by computing the standard deviations of the changes across 1,000 datasets. 
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Figure 3.1 Possible causal diagrams for the cross-trait cross-pair association between X 

and Y for a given twin pair 

a) The cross-trait cross-pair association is due to familial confounding alone; b) The cross-trait 

cross-pair association is due to X having a causal effect on Y alone; c) The cross-trait cross-pair 

association is due to Y having a causal effect on X alone. 
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 Causes of variation in genome-wide 

average DNA methylation 

4.1 Introduction  

In this chapter, I aimed to investigate the unmeasured causes of variation in genome-wide 

average DNA methylation (GWAM) across the lifespan. I used all the eight datasets 

mentioned in Chapter 3. I estimated the correlations in GWAM for MZ pairs, DZ pairs, 

pairs of non-twin first-degree relatives, and spouse pairs. I modelled the familial 

correlations and variance components as a function of cohabitation length for pairs of 

different types of relatives. I found evidence consistent with that GWAM is determined 

before birth possibly by prenatal/perinatal environmental factors shared in utero, the 

effects of which persist in the whole life. Variation in GWAM is also influenced by 

individual-specific environmental factors, especially those in early life, as well as by 

environmental factors shared by cohabiting family members, including spouse pairs. 

The work of this chapter has been published in the International Journal of Epidemiology 

[204]. This chapter contains this publication, which can also be found at 

 https://academic.oup.com/ije/advance-article/doi/10.1093/ije/dyy028/4922690. 
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Abstract

Background: Investigating the genetic and environmental causes of variation in genome-

wide average DNA methylation (GWAM), a global methylation measure from the

HumanMethylation450 array, might give a better understanding of genetic and environ-

mental influences on methylation.

Methods: We measured GWAM for 2299 individuals aged 0 to 90 years from seven twin

and/or family studies. We estimated familial correlations, modelled correlations with co-

habitation history and fitted variance components models for GWAM.
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Results: The correlation in GWAM for twin pairs was �0.8 at birth, decreased with age

during adolescence and was constant at �0.4 throughout adulthood, with no evidence

that twin pair correlations differed by zygosity. Non-twin first-degree relatives were cor-

related, from 0.17 [95% confidence interval (CI): 0.05–0.30] to 0.28 (95% CI: 0.08–0.48), ex-

cept for middle-aged siblings (0.01, 95% CI: �0.10–0.12), and the correlation increased

with time living together and decreased with time living apart. Spouse pairs were corre-

lated in all studies, from 0.23 (95% CI: 0.3–0.43) to 0.31 (95% CI: 0.05–0.52), and the correl-

ation increased with time living together. The variance explained by environmental

factors shared by twins alone was 90% (95% CI: 74–95%) at birth, decreased in early life

and plateaued at 28% (95% CI: 17–39%) in middle age and beyond. There was a

cohabitation-related environmental component of variance.

Conclusions: GWAM is determined in utero by prenatal environmental factors, the

effects of which persist throughout life. The variation of GWAM is also influenced by en-

vironmental factors shared by family members, as well as by individual-specific environ-

mental factors.

Key words: Epigenomics, DNA methylation, twin study

Introduction

DNA methylation, mainly occurring at cytosine-guanine di-

nucleotide (CpG) where cytosine is converted to 5-methylcy-

tosine (5meC), has been proposed to play a critical role in

the aetiology of complex traits and diseases.1,2 DNA methy-

lation has been found to be associated with environmental

and lifestyle-related disease risk factors and diseases, such as

body mass index,3 smoking,4 maternal plasma folate5 and

cancers.6–9

Global DNA methylation refers to the level of 5meC con-

tent relative to total cytosine. The global methylation can be

accurately measured by labour- and resource-intensive high-

performance liquid chromatography (HPLC),10 or can be

estimated by quantifying methylation of DNA repetitive

elements such as long interspersed numerical elements

(LINE) and Alu elements.11 With the technology of genome-

wide methylation profiling, the Illumina Infinium

HumanMethylation450 (HM450) BeadChip array can be

used to quantify a measure of global methylation, which is

usually calculated as the mean or median methylation value

from CpGs across the genome.6–9 Being enriched for gene-

associated CpGs, particularly those surrounding CpG-rich is-

lands,12 the global methylation measure based on this assay

is potentially highly relevant to gene function.

The global methylation measure based on the HM450

assay in peripheral blood has been found to be negatively

associated with increased cancer risks: the mean beta-value

across CpGs has been found to be associated breast cancer,
6,7 and the median M-value has been found to be associated

with mature B-cell neoplasms8 and urothelial cell carcin-

oma.9 Assessed by the odds per adjusted standard deviation

(OPERA),13 which enables comparison of the strengths of

risk gradients in differentiating cases from controls, this

global methylation measure is among the stronger known

risk-discriminating factors for cancers: the OPERAs were

estimated to be 1.5� 1.6 for breast cancer and 1.4 for super-

ficial urothelial cell carcinoma. In comparison, the OPERAs

for breast cancer risk factors are �1.5 for polygenic risk

Key Messages

• This study is the largest collaboration of twin and/or family studies on DNA methylation.

• This study is the first to investigate the genetic and environmental influences on genome-wide average DNA methyla-

tion (GWAM), a global methylation measure and a strong risk factor for cancers.

• This study provides important evidence that GWAM is determined in utero by prenatal environmental factors, the ef-

fects of which persist throughout the whole life.

• The variation of GWAM across the lifespan is also influenced by environmental factors shared by family members,

as well as by individual-specific environmental factors.
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scores,14 �1.4 for mammographic density adjusted for age

and body mass index and �1.2 for mutations in BRCA1 and

BRCA2,13 and the OPERA is �1.5 for methylation levels at

CpGs15 and epigenetic clock16 for lung cancer.

The genetic and environmental causes of variation in

this global methylation measure are unknown. To investi-

gate these causes and get a better understanding of genetic

and environmental influences on methylation, we used

data from seven twin and/or family studies of genetically

related and genetically unrelated individuals across differ-

ent stages of the lifespan, from birth to old age, and studied

the mean beta-value across the genome, the genome-wide

average DNA methylation (GWAM). Note that, although

the average of the heritability estimates of the individual

CpGs covered by the HM450 assay has been estimated to

be approximately 20% under the assumptions of the clas-

sic twin model,17–19 this is not the same as the heritability

of the average methylation level, the GWAM.

Methods

Subjects

We used data for 2299 individuals aged from 0 to 90 years

from 816 families in seven twin and/or family studies

(Table 1). These studies, listed in the order of the mean age

of monozygotic (MZ) twins, are the Peri/postnatal

Epigenetic Twins Study (PETS),20 Brisbane Systems Genetic

Study (BSGS),19 Korean Healthy Twin Study (KHTS),21

Australian Mammographic Density Twins and Sisters

Study (AMDTSS),22 Multiple Tissue Human Expression

Resource (MuTHER) Study,17 Older Australian Twins

Study (OATS)23 and Melbourne Collaborative Cohort

Study (MCCS).24 Details of these studies are described in

the Supplementary material, available at IJE online.

DNA methylation measurement

DNA was extracted from buccal cells in the PETS, from

adipose tissue in the MuTHER and from whole blood in

the other studies. Each study measured DNA methylation

using the HM450 assay and performed data processing in-

dependently. Details are described in the Supplementary

material. GWAM was calculated as the average beta-value

across autosomal CpGs (Supplementary Table 1, available

as Supplementary data at IJE online). In the PETS, methy-

lation in cord blood mononuclear cells was also measured

for 17 newborn monozygotic twin pairs and nine newborn

dizygotic (DZ) twin pairs, by the Illumina Infinium

Table 1. Characteristics of subjects within each studya

Characteristics PETS (birth) PETS

(18 months)

BSGS KHTS AMDTSS MuTHER OATS MCCS

Families 14 10 177 97 130 246 108 43

Individuals MZ twins 18 12 134 182 132 186 216 –

DZ twins 10 8 222 – 132 306 – –

Twins’ siblings – – 119 64 215 – – –

Parents or spouses – – 139 136 – – – 86

Age (years) MZ twins 0 1.5 13.961.9 39.266.9 55.668.4 57.469.3 71.166.0 –

DZ twins 0 1.5 13.262.0 – 57.067.2 61.069.3 – –

Twins’ siblings – – 15.462.8 38.3610.8 56.668.0 – – –

Parents or spouses – – 46.665.6 62.869.3 – – – 59.866.6

Sex Male 16 12 313 188 – – 80 43

Female 12 8 301 194 479 492 136 43

Tissue Buccal cells Buccal cells Whole blood Whole blood Whole blood Adipose Whole blood Whole blood

GWAMb MZ twins 43.3960.31 43.6860.36 50.5760.29 53.5961.53 52.9560.32 48.1060.08 51.5660.59 –

DZ twins 43.1960.29 43.0460.16 50.6060.32 – 52.9960.32 48.0960.08 – –

Twins’ siblings – – 50.5360.29 52.4161.63 52.9860.32 – – –

Parents or spouses – – 50.3160.31 52.3361.59 – – – 53.1860.50

GWAM by agec – – �0.08 (0.01) 0.003 (0.02) 0.02 (0.02) 0.01 (0.004) �0.05 (0.05) �0.08 (0.09)

GWAM by sexb Male 43.2860.12 43.2360.30 50.4860.33 52.6861.69 – – 51.5060.57 53.0960.47

Female 43.3760.46 43.7160.45 50.5660.32 53.1561.64 – – 51.6060.60 53.2760.52

PETS, Peri/postnatal Epigenetic Twins Study; BSGS, Brisbane Systems Genetic Study; KHTS, Korean Healthy Twin Study; AMDTSS, Australian

Mammographic Twins and Sisters Study; MuTHER, Multiple Tissue Human Expression Resource Study; OATS, Older Australian Twins Study; MCCS,

Melbourne Collaborative Cohort Study; MZ, monozygotic; DZ, dizygotic; GWAM, genome-wide average DNA methylation.
aCategorical variables are presented as counts, and continuous variables are presented as mean6SD.
bGWAM is presented as the percentage of methylation, that is beta-value � 100. Reported GWAM was adjusted for batch effects through a linear mixed effects

model in the PETS, BSGS, KHTS, MuTHER and OATS.
cThe linear regression coefficient (standard error) between GWAM and age. Reported as the change in percentage of methylation per 10-year increment in age.

The regressions in the KHTS, OATS and MCCS were adjusted for study design or sampling factors.
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HumanMethylation27 BeadChip array.25 GWAM was

also calculated for these twins.

Statistical methods

Within each study, we performed a two-stage adjustment

on GWAM to minimize batch effects and to adjust for the

effects of covariates, as described in the Supplementary

material. It has been suggested that retaining group differ-

ences in batch effects adjustment might be problematic.26

To avoid such potential bias, no group difference was re-

tained in the batch effects adjustment stage. Residuals

from the adjustments were used in subsequent analyses.

We estimated the familial correlations in the residuals

for different pairs of family members in each study

(Supplementary Table 2, available as Supplementary data

at IJE online) using a multivariate normal model.27,28

Sensitivity analyses were performed to examine the robust-

ness of results to adjustment for cell mixture and to CpG

selections, as described in the Supplementary material. The

correlation in GWAM from cord blood mononuclear cells

was also estimated for the 26 newborn pairs in the PETS,

and was compared with the correlation from buccal cells

for newborns to examine tissue heterogeneity.

We modelled the familial correlation as a function of

cohabitation history using the combined data from all

studies. To account for the different distributions of

GWAM across studies, a standardised normal Z-score

[mean ¼ 0, standard deviation (SD) ¼ 1] was calculated

from the residuals within each study and used in the mod-

elling. In the modelling, each study had its own mean and

covariance functions for the Z-score. According to the fa-

milial correlation estimates in each age range, and follow-

ing previous theoretical and empirical studies of familial

covariance as a function of cohabitation status,29–31 we fit-

ted a model in which the pair correlation increases or

decreases with cohabitation history. Details are described

in the Supplementary material.

We fitted variance components models using the com-

bined data from all studies (Z-score as above). We assumed

that the residual variance can be partitioned into four vari-

ance components: rA
2, the effects of additive genetic fac-

tors; rT
2, the effects of environmental factors shared by

twins alone and assumed to be shared to the same extent

within MZ and DZ pairs; rC
2, the effects of environmental

factors shared by all family members (including twins) and

assumed to be shared to the same extent within all pairs;

and rE
2, the effects of individual-specific environmental

factors and measurement error. According to the results of

familial correlation modelling, we fitted the variance com-

ponents dependent on cohabitation history. Details are

described in the Supplementary material.

The correlations and variance components were esti-

mated using the program FISHER.32 Other statistical ana-

lyses were performed using R [https://www.R-project.org/

]. Inference was based on asymptotic likelihood theory,

and the likelihood ratio test was used for comparisons be-

tween nested models.

Results

Table 1 shows the characteristics of subjects in each study.

GWAM decreased with age in the BSGS and increased

with age in the MuTHER, and there was no evidence that

GWAM changed with age in the other studies. GWAM

was higher for females than for males in the PETS at 18

months, and in BSGS, KHTS and OATS.

Table 2 shows the familial correlation estimates in

GWAM within each study. MZ and DZ pairs were corre-

lated in all studies. There was no evidence from any study

for a difference in GWAM correlation according to zygo-

sity (all P > 0.09). Combining MZ and DZ pairs, the cor-

relation for twin pairs was about 0.8 both at birth and at

age 18 months, and about 0.4 in adulthood. Non-twin

first-degree relatives were correlated, from 0.17 [95% con-

fidence interval(CI): 0.05–0.30] to 0.28 (95% CI: 0.08–

0.48), except for middle-aged sisters in the AMDTSS

(0.01; 95% CI: �0.10–0.12) whose separation time was

the longest. Spouse pairs were correlated, from 0.23 (95%

CI: 0.3–0.43) to 0.31 (95% CI: 0.05–0.52), in all studies.

From the sensitivity analyses, the familial correlations

were robust to adjustment for cell mixture (Supplementary

Table 3, available as Supplementary data at IJE online).

Similar results were observed when GWAM was based

on CpGs common to the seven studies or on non-noisy

CpGs (Supplementary Tables 4 and 5, available as

Supplementary data at IJE online), or on CpGs located in

gene bodies or promoters (Supplementary Tables 6 and 7,

available as Supplementary data at IJE online). The correl-

ations in GWAM from cord blood mononuclear cells for

PETS newborns were 0.80 (95% CI: 0.75–0.84) for MZ

pairs, 0.80 (95% CI: 0.72–0.86) for DZ pairs and 0.80

(95% CI: 0.76–0.84) for twin pairs combined, similar to

the correlations in GWAM from buccal cells.

From the modelling of correlation as a function of co-

habitation history, there was no difference between MZ

and DZ pairs (P ¼ 0.08), so we combined MZ and DZ

pairs to model the correlation for twin pairs. For similar

reasons, we combined sibling pairs and parent-offspring

pairs to model the correlation for non-twin first-degree

relatives (P ¼ 0.91 for comparison). The estimate of the

correlation when non-twin pairs started living together, e,

was 0.08 (95% CI: �0.44–0.60) for non-twin first-degree

relatives, and 0.10 (95% CI: �0.18–0.37) for spouse pairs.
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Neither estimate was different from zero, so we set them to

zero.

Figure 1 (and Supplementary Table 8, available as

Supplementary data at IJE online) show the results from the

modelling. The twin pair correlation decreased (ktwin ¼ 0.12;

95% CI: 0.04–0.19) from 0.85 (95% CI: 0.74–0.94) at birth

to 0.37 (95% CI: 0.30–0.44) in old age. The correlation for

non-twin first-degree relatives increased with time living to-

gether (k1st ¼ 0.03; 95% CI: 0.003–0.06) and decreased

with time living apart (�¼ 0.06; 95% CI: 0.004–0.12). The

spouse-pair correlation increased with time living together

(kspouse ¼ 0.08; 95% CI: 0.01–0.15).

From the fitted variance components model

(Supplementary Table 9 and Supplementary Figure 1, avail-

able as Supplementary data at IJE online), the variance ex-

plained by additive genetic factors (rA
2) was estimated to

be �7% (95% CI: �25%–10%). The variance explained

by environmental factors shared by twins alone (rT
2) was

90% (95% CI: 74%–95%) at birth, decreased during ado-

lescence and plateaued at about 28% (95% CI: 17%–39%)

in adulthood. The variance explained by environmental fac-

tors shared by all family members (rC
2) increased with time

living together to about 26% (95% CI: 9%–44%) and

decreased with time living apart. The variance explained by

individual-specific environmental factors (rE
2) increased

with age, especially during adolescence.

Discussion

We investigated the influences of unmeasured genetic and

environmental factors on variation in a global DNA

methylation measure, GWAM derived from the HM450

Table 2. Familial correlation estimates (95% confidence intervals) of genome-wide average DNA methylation within each study

Pairs PETS (birth) PETS (18 months) BSGS KHTS AMDTSS MuTHER OATS MCCS

MZ pairs 0.82 0.82 0.58 0.42 0.42 0.23 0.31 –

(0.75-0.87) (0.74-0.87) (0.47-0.66) (0.25-0.59) (0.26-0.56) (0.05-0.39) (0.16-0.45)

DZ pairs 0.85 0.89 0.40 – 0.40 0.45 – –

(0.79-0.89) (0.85-0.92) (0.28-0.51) (0.24-0.54) (0.35-0.53)

Twin pairs combined 0.83 0.84 0.46 – 0.43 0.36 – –

(0.78-0.86) (0.80-0.88) (0.37-0.53) (0.32-0.53) (0.27-0.45)

Sibling pairs – – 0.28 0.28 0.01 – – –

(0.15-0.40) (0.08-0.48) (�0.10-0.12)

Parent-offspring pairs – – 0.26 0.17 – – – –

(0.15-0.35) (0.05-0.30)

Spouse pairs – – 0.26 0.23 – – – 0.31

(0.04-0.46) (0.03-0.43) (0.05-0.52)

PETS, Peri/postnatal Epigenetic Twins Study; BSGS, Brisbane Systems Genetic Study; KHTS, Korean Healthy Twin Study; AMDTSS, Australian

Mammographic Twins and Sisters Study; MuTHER, Multiple Tissue Human Expression Resource Study; OATS, Older Australian Twins Study; MCCS,

Melbourne Collaborative Cohort Study; MZ, monozygotic; DZ, dizygotic.

Figure 1. Familial correlations in genome-wide average DNA methylation with cohabitation history. The plot shows results from modelling the famil-

ial correaltion using the combined data (Z-score) from seven studies. Solid lines were based on the combined data. Dotted lines were theoretical lines

extrapolated by the data, for which there were no data for the corresponding cohabitation duration.
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assay. The repeatability of GWAM measurement has pre-

viously been estimated to be 0.74.33 Assuming this repeat-

ability applied to our studies, the twin pair correlations at

birth and 18 months of about 0.8 (with tight confidence

intervals) were at the limit of repeatability. Therefore, tak-

ing into account measurement error, both MZ and DZ

pairs were almost perfectly correlated at birth, and were

still substantially correlated in old age (�0.4/0.74 ¼ 0.54).

Our study suggests that GWAM is determined before

birth. Plausible reasons for the non-differential and high

correlations in GWAM for newborn MZ and DZ pairs are:

shared environmental factors in utero, maternal factors be-

fore and during pregnancy and paternal factors. We found

no difference in MZ and DZ pair correlations at birth in

the PETS and therefore no evidence for a role of genetic

factors at birth. Although such a role cannot be dis-

counted, it is unlikely to be substantial given the standard

error of 0.04 for the difference between our high MZ and

DZ pair correlations. Therefore, the main source of vari-

ation in GWAM at birth would appear to be shared pre-

natal environmental factors affecting infants in utero.

Several prenatal environmental factors, such as maternal

smoking in pregnancy34 and maternal plasma folate,5 have

been found to be associated with CpG-specific DNA

methylation for newborns. Specific prenatal environmental

factors associated with GWAM remain unknown.

The twin pair correlations were substantial even in old

age, and this suggests that the intrauterine effects persist

during the whole life course. Assume that an individual’s

GWAM at birth has a direct correlation with the GWAM

in old age. Under an autoregressive model for longitudinal

data,27 and taking into account the twin pair correlation at

birth of 0.85 from the correlation modelling, the correl-

ation for twin pairs in old age of 0.37 implies that the cor-

relation between an individual’s GWAMs at birth and in

old age must be about (0.37/0.85)1/2 ¼ 0.66. Therefore, an

individual’s GWAM at birth is a substantial predictor of

his/her GWAM in old age. The empirical longitudinal cor-

relation in GWAM needs to be investigated.

Our study found that the twin pair correlations

decreased in childhood, which suggests that individual en-

vironmental effects increase during childhood. This may be

due to ‘epigenetic drift’,35 which is in effect the role of

non-genetic factors inducing variation in methylation lev-

els. However, given that the twin pair correlations were

relatively stable in adult life, our study provides evidence

that ‘epigenetic drift’ may be manifest in early life but not

in middle age and beyond.

We found evidence that GWAM is influenced by envir-

onmental factors shared within households, the effects of

which increase with the cohabitation duration of family

members (including spouse pairs) and attenuate when they

live apart. Similar cohabitation-related effects of shared en-

vironmental factors have been found for other traits, such

as blood lead level29 and bone mineral density.36

We did not find evidence that genetic factors explain

variation in GWAM, given that we did not find difference

between MZ and DZ pair correlations in any study or

from the correlation modelling of the combined data, and

the estimate of rA
2 was zero if not negative. Genetic vari-

ants influencing methylation at specific loci are called

methylation quantitative trait loci (meQTL). Several stud-

ies have examined meQTL; however, only a small propor-

tion (10–15%) of CpGs has been found to be associated

with meQTL.37–39 Given the small proportion, it is plaus-

ible that the variation in the average methylation level mix-

ing of half million CpGs is not explained by genetic factors

to an extent detectable by this study. Note that, given the

confidence interval of rA
2, we cannot exclude a small gen-

etic component of variance.

Given that GWAM has been found to be associated

with risks of breast cancer, mature B-cell neoplasms and

urothelial cell carcinoma, our results are consistent with

hypothesis that risks of these cancers are initiated in

utero.40,41 The developmental origins of health and disease

(DOHaD) hypothesis considers that epigenome reprog-

ramming during the fetal development period is one pos-

sible biological mechanism.42,43 We hypothesize that

prenatal factors might influence risks of these cancers by

altering the GWAM of the fetus. Identification of the pre-

natal factors associated with a newborn’s GWAM might

open the possibility for risk-reducing interventions before

birth. Our observation that the influences of individual-

specific environmental factors increased during adoles-

cence implies that early life is also important for interven-

tion application. Consistently, early life is recognized as a

critical window of vulnerability to breast carcinogens:

commencing during fetal life and accelerating at puberty,

the developing breast is exquisitely sensitive to carcinogens

during periods of rapid fibro-glandular tissue prolifer-

ation.44 There is also evidence that the period between pu-

berty and first completed pregnancy is a critical window

for carcinogenic exposures.45

Our study has several strengths. First, to our knowledge

our study is the first to investigate the influences of un-

measured genetic and environmental factors on global

methylation using the HM450 assay. Previous studies

focused on individual CpGs covered by this assay.17–19

Second, to our knowledge our study is the most compre-

hensive collaboration of twin studies on DNA methylation.

Third, we included individuals from birth to 90 years of

age, to obtain evidence across the lifespan. Fourth, we used

a variety of family designs that provided contrasts in terms

of shared genes and sharing of environment, and we used
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an optimal statistical analysis based on likelihood theory

and flexible and realistic modelling.

The main limitation of our study is the potential hetero-

geneity across studies due to different populations, tissues,

and aspects of DNA methylation measurement (e.g. methy-

lation data normalization). For tissue heterogeneity, the fa-

milial correlations from buccal cells and from cord blood

mononuclear cells were similar for newborn twins, which

suggests there is little difference in the degree of resem-

blance for newborn twin pairs regardless of GWAM being

measured using blood or buccal cells. Other limitations

were that cohabitation history was not collected by some

studies (although our assumption that separation occurs

on average around age 18 years is based on empirical evi-

dence), and the reliance on cross-sectional data; future

studies that follow relatives prospectively are warranted.

We conclude that GWAM is determined before birth,

possibly by prenatal environmental factors acting in utero,

the effects of which persist during the whole life. Variation

in GWAM is also influenced by individual-specific envir-

onmental factors, especially in early life, as well as by en-

vironmental factors shared by cohabiting family members,

including spouse pairs.
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METHODS 44 

Studies and subjects 45 

1. Peri/postnatal Epigenetic Twins Study (PETS)  46 

The PETS is an Australian twin birth cohort aiming to study the plasticity of epigenetic marks 47 

during the intrauterine period and in early childhood.1 A total of 250 newborn twin pairs were 48 

recruited between 2007 and 2009, and data on maternal factors during pregnancy, infant 49 

anthropometric measurements and biological specimens from different cell lineages were 50 

collected at several time points. Nine monozygotic (MZ) twin pairs and five dizygotic (DZ) twin 51 

pairs at birth, and six MZ pairs and four DZ pairs at age 18 months who had the Illumina Infinium 52 

HumanMethylation450 (HM450) BeadChip array DNA methylation data were included in this 53 

analysis. The study was approved by the Human Research Ethics Committees of the Royal 54 

Women’s Hospital, Mercy Hospital for Women, and Monash Medical Centre, Melbourne. 55 

Written informed consent was obtained. 56 

2. Brisbane Systems Genetic Study (BSGS)  57 

The BSGS is an Australian study of twin families comprising adolescent twins, their siblings and 58 

their parents recruited into an ongoing study of the genetic and environmental factors influencing 59 

pigmented nevi and cognition.2 614 participants of European descent who had HM450 DNA 60 

methylation data were included in this analysis. The study was approved by the Human Research 61 

Ethics Committee of the Queensland Institute for Medical Research. Written informed consent 62 

was obtained. 63 

3. Korean Healthy Twin Study (KHTS) 64 

The KHTS is a study of twin families aiming to examine genetic and environmental factors 65 

underlying complex human diseases and traits in Korea.3 Adult (30 years or older) same-sex twin 66 

pairs and their first-degree relatives were recruited. Questionnaire surveys were administered and 67 

biological specimens including blood were collected. 97 families were selected based on body 68 

mass index (BMI) or smoking status for DNA methylation research. 382 participants were 69 

included in this analysis. This study was approved by the Institutional Review Board of Samsung 70 

Medical Centre and Busan Paik Hospital. All participants provided written informed consent. 71 

4. Australian Mammographic Density Twins and Sisters Study (AMDTSS)  72 

The AMDTSS is a twin family study conducted in Australia aiming to study mammographic 73 

density.4 Between 2004 and 2009, female twin pairs aged 40–70 years who participated in the 74 

Australian Twins Study of Mammographic Density between 1995 and 1999 were asked to 75 

participate further, and their non-twin sisters were also invited to participate. Participants 76 

completed questionnaire surveys through telephone-administered interviews and donated blood 77 

samples. 479 participants were selected for DNA methylation research and were included in this 78 

analysis. The study was approved by the Human Research Ethics Committee of the University of 79 

Melbourne. All participants provided written informed consent. 80 

5. Multiple Tissue Human Expression Resource (MuTHER) Study  81 
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The MuTHER is a study of middle-aged females, including 386 twin pairs and 84 singletons of 82 

European descent recruited through the TwinsUK Adult Twin Registry.5 Punch biopsies (8mm) 83 

were taken from a photo-protected area adjacent and inferior to the umbilicus. Subcutaneous 84 

adipose tissue was dissected from each biopsy, weighted and immediately stored in liquid 85 

nitrogen. 246 twin pairs who had HM450 DNA methylation data were included in this analysis. 86 

The study was approved by the Research Ethics Committee of St. Thomas’ Hospital, London. All 87 

participants provided written informed consent. 88 

6. Older Australian Twins Study (OATS) 89 

The OATS is a longitudinal, multi-centre study of twins aged 65 years and older that commenced 90 

in 2007 investigating healthy brain ageing.6 Participants living in the three eastern states of 91 

Australia were administered a comprehensive face-to-face assessment including demographic, 92 

psychiatric, neuropsychological and medical measures. 108 MZ pairs who had HM450 DNA 93 

methylation data were included in this analysis. The study was approved by the ethics committees 94 

of the Australian Twin Registry, University of New South Wales, University of Melbourne, 95 

Queensland Institute of Medical Research and the South Eastern Sydney and Illawarra Area 96 

Health Service. All participants provided written informed consent. 97 

7. Melbourne Collaborative Cohort Study (MCCS) 98 

The MCCS is a prospective cohort study of 41,514 healthy adult volunteers (24,469 women, 99 

17,045 men) aged between 27 and 76 years (99.3% aged 40 − 69 years) recruited between 1990 100 

and 1994.7 Peripheral blood samples were obtained from participants at baseline. 5,629 101 

participants from six nested cancer case-control studies were measured for DNA methylation. 102 

Among controls who had DNA methylation data, there were 43 spouse pairs. The spouse pairs 103 

were included in this analysis. The study was approved by the Cancer Council Victoria’s Human 104 

Research Ethics Committee and performed in accordance with the institution’s ethical guidelines. 105 

All participants provided written informed consent. 106 

DNA methylation measurement 107 

PETS 108 

DNA was extracted from buccal cells. Buccal cells were collected with Catch-all Sample 109 

Collection Swabs (EPICENTRE Biotechnologies, Madison, WI, USA) and were stored at -20°C 110 

until DNA extraction. DNA was extracted with a standard phenol:chloroform method and 111 

bisulfite converted using the Methyl EasyXceed bisulfite modification kit (Human Genetic 112 

Signatures, North Ryde, Australia), according to the manufacturer’s instructions. Twins from the 113 

same pair were processed in parallel. Raw intensity data were background corrected and 114 

methylation beta-values were generated using the R minfi package.8 Data were pre-processed 115 

using the Illumina method within minfi and subset-quantile within-array normalization (SWAN)9 116 

was performed for combined normalization of Infinium type I and type II probes. Probes were 117 

removed if the average detection P value >0.001 in one or more samples, and/or on the sex 118 

chromosomes. Samples were excluded according to the average detection P value >0.05, poor 119 

bisulfite conversion efficiency and/or hierarchical clustering plots. See Martino et al.10 for more 120 

details. Details for the methylation data in cord blood mononuclear cells measured by the HM27 121 

assay can be found in Gordon et al.11 The datasets were obtained from Gene Expression Omnibus 122 

with the accession numbers GSE42700 and GSE36642. 123 
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BSGS 124 

DNA was extracted from peripheral blood lymphocytes by the salt precipitation method.12 125 

Samples were randomly placed with respect to the chip they were measured on and to the position 126 

on that chip in order to avoid any confounding with family. Methylation scores for each CpG site 127 

are obtained as a ratio of the intensities of fluorescent signals and are represented as beta-values. 128 

Box-plots of the red and green intensity levels and their ratio were used to ensure that no chip 129 

position was under- or over-exposed, with any outlying samples repeated. Similarly, the 130 

proportion of probes with detection P value <0.01 was examined to confirm strong binding of the 131 

sample to the array. Probes exclusion criteria included on the sex chromosomes, having been 132 

annotated as binding to multiple chromosomes,13 with zero CpG site and with more than 11 133 

individuals with missing data or more than five individuals with detection P values >0.001. See 134 

McRae et al.14 for more details. The dataset was obtained from Gene Expression Omnibus with 135 

the accession number GSE56105. 136 

KHTS 137 

DNA was extracted from peripheral blood lymphocytes. The measurement was conducted in two 138 

respective experiments (experiment I and II), with individuals from the same family included in 139 

the same experiment. For each experiment, quality control and data processing were performed 140 

separately, while the same analytic tools and methods were applied. The R package RnBeads15 141 

was applied to extract DNA methylation values across >485,000 CpG sites. For the quality control 142 

of the DNA methylation data, a series of probe and sample filtering steps were followed: probes 143 

mapping to sex chromosomes, associated with SNPs and/or out of CpG context were removed, 144 

and CpG probes and samples were filtered at detection P value of 0.01. The beta mixture quantile 145 

dilation (BMIQ) method16 was used for normalization.   146 

AMDTSS 147 

DNA was extracted from dried blood spots stored on Guthrie cards using a method developed in-148 

house.17 DNA was sodium bisulfite converted using the EZ DNA Methylation-Gold protocol as 149 

per manufacturers’ instructions (Zymo Research, Irvine, CA) and eluted in 20 µl elution buffer. 150 

DNA samples extracted from members of the same family were assayed on the same chip. Raw 151 

intensity data was processed by Bioconductor minfi package,8 which included normalization of 152 

data using Illumina’s reference factor-based normalization methods (preprocessIllumina) and the 153 

SWAN method9 for type I and II probe bias correction. An empirical Bayes batch-effects removal 154 

method ComBat18 was applied to minimise the technical variation across batches. Probes with 155 

detection P value >0.01 were assigned as missing. Probes with missing value in one or more 156 

samples were excluded, as were samples with >5% missing probes. See Li et al.19 for more details. 157 

MuTHER 158 

DNA was extracted from adipose tissue samples. In order to avoid sampling biases, the included 159 

adipose tissue samples were randomized prior to DNA extraction. Genomic DNA was then 160 

isolated with a NORGEN DNA Purification Kit (Norgen Biotek Corporation) according to the 161 

manufacturer’s protocol and quantified with PicoGreen. Raw data were imported to the 162 

GenomeStudio v.2010.3 software with the methylation module 1.8.2 for the extraction of the 163 

image intensities. Sample quality control based on probe detection and using the GenomeStudio 164 

P values of detection of signal above background. Probes that failed in at least one individual and 165 
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that were not reported by the GenomeStudio software were discarded. The signal intensities for 166 

the methylated and unmethylated states were then quantile normalized for each probe type 167 

separately, and beta-values were calculated with R 2.12.0. See Grundberg et al.5 for more details. 168 

The dataset was obtained from the ArrayExpress with the accession number E-MTAB-1866. 169 

OATS 170 

The data was generated at two respective experiments (experiment I and II). DNA was extracted 171 

from peripheral blood samples using either the Qiagen Autopure or a proteinase K method. 172 

Samples (co-twins) were randomised across the arrays. Raw intensity data were background 173 

corrected and methylation beta-values were generated using the R minfi package.8 The SWAN 174 

method9 was performed for type I and II probe bias correction. Probes not detected in all samples 175 

were removed, as were probes containing SNPs and probes on the sex chromosomes.  176 

MCCS 177 

Samples in each case-control sub-study were processed separately during non-overlapping 178 

periods of time over a two-year period in the same laboratory with the same protocol. For the 179 

included 43 spouse pairs, DNA was extracted from peripheral blood samples collected at baseline, 180 

prior to any diagnosis of cancer, either from buffy coats (3%), lymphocytes (27%) or dried blood 181 

spots stored on Guthrie card (70%). Bisulfite conversion was performed using Zymo Gold single 182 

tube kit (EZ DNA Methylation-Gold kit, Zymo Research, CA, USA) according to the 183 

manufacturer’s instructions. In order to minimize potential batch effects, matched cases and 184 

controls in each study were processed together and run on the same BeadChip and cancer subtypes 185 

were evenly distributed across the plates/chips. The same data pre-processing procedure was 186 

applied to each case-control sub-study, respectively. Raw intensity data was processed by 187 

Bioconductor minfi package,8 which included normalization of data using Illumina’s reference 188 

factor-based normalization methods (preprocessIllumina) and the SWAN method9 for type I and 189 

II probe bias correction. Samples were excluded if >5% CpG probes (excluding chrX and chrY 190 

probes) had a detection P value >0.01, which were regarded as probes with ‘missing value’, while 191 

probes were excluded from further analysis if they had missing values for one or more samples. 192 

ComBat18 was applied to the data from all samples across sub-studies to minimise the influence 193 

of chip effects. Beta-values after ComBat were used. See Severi et al.20 and Wong et al.21 for more 194 

details. 195 

Statistical methods 196 

Two-stage adjustment on GWAM 197 

Within each study, we performed a two-stage adjustment on GWAM to minimize batch effects 198 

and to adjust for the effects of covariates. In the first stage, we applied the ComBat method18 or a 199 

linear mixed effects model (Supplementary Table 1). ComBat was performed at the probe level 200 

during data processing. The linear mixed effects model was fitted on GWAM with technical 201 

covariates as random effects. The residuals of the model were added to the mean of GWAM to 202 

give a ‘batch-adjusted’ GWAM. In the second stage, a linear regression model was used to adjust 203 

the ‘batch-adjusted’ GWAM for age, sex and study design or sampling factors (Supplementary 204 

Table 1). 205 

 206 
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Sensitivity analyses 207 

Several sensitivity analyses were performed to examine the robustness of results to adjustment 208 

for cell mixture and to CpG selections. For study with methylation data from whole blood, 209 

proportions of monocytes, B cells, natural killers, CD4+ T cells, CD+8 T cells and granulocytes 210 

were estimated from the DNA methylation data using a reference-based method22 by each study 211 

independently. For the PETS, the percentage of buccal epithelial cells was estimated using the 212 

“Buccal-Cell-Signature”23. For the MuTHER, a reference-free method24 was used, and the 213 

dimension of the latent variable (i.e., number of cell types) was estimated to be one, using the 214 

function EstDimRMT () from R package isva which applies random matrix theory25. Therefore, 215 

no cell mixture was adjusted for the MuTHER. In each study, familial correlations in GWAM 216 

additionally adjusted for associated cell type proportions were estimated. In the BSGS, the 217 

reference-based method24 was also used to estimate cell mixture, and similar familial correlations 218 

were found (data not shown). GWAM based on other CpGs were also analysed: 1) using 271,785 219 

CpGs common to the seven studies; 2) removing potential noisy probes: probes overlapping SNPs 220 

within 10 bp of the interrogated CpG, with documented SNPs at the target CpG and non-specific 221 

probes.13 According to Illumina’s annotation file, the average methylation levels across CpGs 222 

located in gene body and promoter were calculated and analysed. 223 

Familial correlation modelling 224 

For twin and sibling pairs whose cohabitation history was not known, we assumed for simplicity 225 

that children live with other family members from birth until age 18 years, based on evidence 226 

from a previous study.26 In the BSGS, only 2.5% of offspring were older than 18 years, so we 227 

assumed all offspring had been living with the other family members. We assumed spouse pairs 228 

have been living together since marriage. Under this assumption, family members in the PETS 229 

and BSGS lived together, and in the other studies lived apart (except spouse pairs) unless we had 230 

information to the contrary.  231 

We fitted a model in which the pair correlation converges or diverges exponentially with 232 

cohabitation history. We estimated parameters and (0 ≤ ≤ 1, and ≥ 0) for twin pairs 233 

such that  234 

𝜌𝑖𝑗 =  + 𝜔𝑒−𝜆𝑡                                                                               (1) 235 

and parameters and (0 ≤ ≤ 1, and ≥ 0) for other pairs of family members such 236 

that 237 

𝜌𝑖𝑗 = {
𝜀 + 𝜃(1 − 𝑒−𝜆𝑡), if 𝑡 ≤ 𝑡0
(𝜀 + 𝜃(1 − 𝑒−𝜆𝑡0))𝑒−ν(𝑡−𝑡0), if 𝑡 > 𝑡0 

                                            (2) 238 

The definition of t and t0 depend on the relationship between i and j: 1) for twin pairs, t = age of 239 

twins; 2) for sibling pairs, t = age of the younger sibling and t0 = age of the younger sibling when 240 

the older sibling was 18 years old; 3) for parent-offspring pairs, t = age of the offspring and t0 = 241 

18 years;  and 4) for spouse pairs, t = time since the pair was married and t0  = the time when the 242 

pair might have become separated (if known), where t was recorded by the KHTS, otherwise t = 243 

age of the oldest offspring of the pair in the BSGS, and the average age of the pair minus 24 years 244 

in the MCCS (the median age at first marriage for Australians during 1940s – 1970s was 245 

approximately 24 years27). 246 
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In equation (1), ij = when t = , therefore is the correlation for twin pairs in old age, i.e. when 247 

they have lived separately for a long time. ij = when t = 0, therefore is the correlation 248 

for twin pairs at birth. Similarly,  in equation (2) is the correlation for other family members at 249 

the beginning of cohabitation, and in equation (2) is the correlation for other family 250 

members who have lived together for a long time. According to definition, statistical inferences 251 

for andare one-sided. 252 

Variance component analysis 253 

We assumed that the residual variance can be partitioned into four variance components: A
2, the 254 

effects of additive genetic factorsT
2, the effects of environmental factors shared by twins alone 255 

and assumed to be shared to the same extent within MZ and DZ pairs; C
2, the effects of 256 

environmental factors shared by all family members (including twins) and assumed to be shared 257 

to the same extent within all pairs; and E
2, the effects of individual-specific environmental factors 258 

and measurement error. Under such assumption, the covariance is A
2 + T

2 + C
2 for MZ pairs, 259 

0.5 × A
2 + T

2 + C
2 for DZ pairs, 0.5 × A

2 + C
2 for sibling pairs and for parent-offspring pairs, 260 

and C
2 for spouse pairs. According to the relationship between the familial correlation and 261 

cohabitation history, we modelled  262 

𝜎𝑇
2 = 𝜇 + 𝜑𝑒−ξ𝑡                                                                                     (3) 263 

in which 0 ≤ ≤ 1 and ≥ 0, and 264 

𝜎𝐶
2 = {

(1 − 𝑒−𝑡), if 𝑡 ≤ 𝑡0
(1 − 𝑒−𝑡0)𝑒−(𝑡−𝑡0), if 𝑡 > 𝑡0 

                                            (4) 265 

in which 0 ≤ ≤ 1 and ≥ 0. 266 

In this model, E
2 = 1 - T

2 - C
2 - A

2. According to definition, statistical inferences for 267 

andare one-sided. 268 

 269 
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Supplementary Table 1 Statistical analyses in each study* 341 

Study Number of CpGs Methods for batch effect  Technical covariates adjusted  Covariates adjusted 

PETS (birth) 330,168 Mixed effects model  Array, position on the array Sex 

PETS (18 months) 330,168 Mixed effects model  Array, position on the array Sex† 

BSGS 417,069 Mixed effects model  Array, position on the array Age, sex ‡ 

KHTS 459,805 Mixed effects model  Array, position on the array Age, sex, smoking, BMI, experiment (I and II) 

AMDTSS 468,406 ComBat – Age 

MuTHER 460,832 Mixed effects model  Array Age 

OATS 444,330 Mixed effects model Array, position on the array Age, sex, DNA extraction protocol, experiment (I and II), 

recruited state 

MCCS 473,482 ComBat – Age, sex, sub-study, sample type 

* PETS, Peri/postnatal Epigenetic Twins Study; BSGS, Brisbane Systems Genetic Study; KHTS, Korean Healthy Twin Study; AMDTSS, Australian Mammographic 342 
Twins and Sisters Study; MuTHER, Multiple Tissue Human Expression Resource Study; OATS, Older Australian Twins Study; MCCS, Melbourne Collaborative Cohort 343 
Study; MZ, monozygotic; DZ, dizygotic; BMI, body mass index. 344 
† Adjustment stratified by zygosity, for that there was a difference in the mean of genome-wide average DNA methylation between monozygotic and dizygotic twins. 345 
‡ Adjustment stratified by generation, for that there was a difference in the mean of genome-wide average DNA methylation between generations. 346 

 347 

Supplementary Table 2 Number of pairs of family members in each study* 348 

Pairs PETS (birth) PETS  

(18 months) 

BSGS KHTS AMDTSS MuTHER OATS MCCS 

MZ pairs 9 6 67 91 66 93 108 – 

DZ pairs 5 4 111 – 66 153 – – 

Sibling pairs – – 260 151 552 – – – 

Parent-offspring 

pairs 
– – 363 321 – – – – 

Spouse pairs – – 59 69 – – – 43 

* PETS, Peri/postnatal Epigenetic Twins Study; BSGS, Brisbane Systems Genetic Study; KHTS, Korean Healthy Twin Study; AMDTSS, Australian Mammographic 349 
Twins and Sisters Study; MuTHER, Multiple Tissue Human Expression Resource Study; OATS, Older Australian Twins Study; MCCS, Melbourne Collaborative 350 
Cohort Study; MZ, monozygotic; DZ, dizygotic. 351 

352 
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Supplementary Table 3 Familial correlation estimates in genome-wide average DNA methylation additionally adjusted for cell mixture in each study* 353 

Pairs PETS (birth) PETS (18 months) BSGS KHTS AMDTSS OATS MCCS 

MZ pairs 0.65 0.78 0.57 0.4 0.44 0.30 – 

 (0.43, 0.80) (0.68, 0.86) (0.46, 0.66) (0.24, 0.54) (0.27, 0.58) (0.14, 0.44)  

DZ pairs 0.81 0.88 0.36 – 0.43 – – 

 (0.70, 0.88) (0.84, 0.92) (0.23, 0.49)  (0.27, 0.56)   

Twin pairs combined 0.70 0.82 0.43 – 0.43 – – 

 (0.58, 0.80) (0.76, 0.87) (0.34, 0.52)  (0.32, 0.53)   

Sibling pairs   0.26 0.28 −0.01 – – 

   (0.13, 0.37) (0.09, 0.45) (−0.12, 0.10)   

Parent-offspring pairs   0.24 0.17 – – – 

   (0.14, 0.34) (0.04, 0.29)    

Spouse pairs   0.17 0.24 – – 0.28 

   (−0.03, 0.36) (0.05, 0.42)   (0.02, 0.50) 

* Results are presented as estimate (95% confidence interval). PETS, Peri/postnatal Epigenetic Twins Study; BSGS, Brisbane Systems Genetic Study; KHTS, Korean 354 
Healthy Twin Study; AMDTSS, Australian Mammographic Twins and Sisters Study; OATS, Older Australian Twins Study; MCCS, Melbourne Collaborative Cohort 355 
Study; MZ, monozygotic; DZ, dizygotic. 356 
 357 

Supplementary Table 4 Familial correlation estimates in genome-wide average DNA methylation using the 271,785 common CpGs in each study* 358 

Pairs PETS (birth) PETS  

(18 months) 

BSGS KHTS AMDTSS MuTHER OATS MCCS 

MZ pairs 0.77 0.78 0.56 0.31 0.34 0.25 0.32 – 

 (0.67, 0.84) (0.67, 0.86) (0.44, 0.65) (0.14, 0.45) (0.14, 0.51) (0.09, 0.40) (0.16, 0.45)  

DZ pairs 0.82 0.89 0.40 – 0.40 0.29 – – 

 (0.74, 0.88) (0.85, 0.92) (0.27, 0.50)  (0.24, 0.54) (0.15, 0.42)   

Twin pairs combined 0.79 0.82 0.45 – 0.37 0.28 – – 

 (0.72, 0.84) (0.75, 0.86) (0.36, 0.53)  (0.25, 0.48) (0.17, 0.37)   

Sibling pairs – – 0.26 0.18 0.05 – – – 

   (0.13, 0.38) (−0.08, 0.41) (−0.06, 0.15)    

Parent-offspring pairs – – 0.26 0.18 – – – – 

   (0.15, 0.36) (0.04, 0.30)     

Spouse pairs – – 0.35 0.24 – – – 0.30 

   (0.16, 0.52) (0.05, 0.42)    (0.04, 0.51) 

* Results are presented as estimate (95% confidence interval). PETS, Peri/postnatal Epigenetic Twins Study; BSGS, Brisbane Systems Genetic Study; KHTS, Korean 359 
Healthy Twin Study; AMDTSS, Australian Mammographic Twins and Sisters Study; MuTHER, Multiple Tissue Human Expression Resource Study; OATS, Older 360 
Australian Twins Study; MCCS, Melbourne Collaborative Cohort Study; MZ, monozygotic; DZ, dizygotic. 361 

362 
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Supplementary Table 5 Familial correlation estimates in genome-wide average DNA methylation without potential noisy CpGs in each study* 363 

Pairs PETS (birth) PETS (18 months) BSGS KHTS AMDTSS MuTHER OATS MCCS 

MZ pairs 0.76 0.75 0.57 0.40 0.39 0.30 0.34 – 

 (0.66, 0.84) (0.61, 0.84) (0.47, 0.66) (0.25, 0.54) (0.22, 0.54) (0.14, 0.45) (0.19, 0.47)  

DZ pairs 0.83 0.89 0.40 – 0.36 0.47 – – 

 (0.75, 0.88) (0.86, 0.92) (0.28, 0.51)  (0.18, 0.51) (0.38, 0.55)   

Twin pairs combined 0.79 0.80 0.46 – 0.37 0.40 – – 

 (0.72, 0.84) (0.73, 0.85) (0.37, 0.53)  (0.25, 0.48) (0.32, 0.48)   

Sibling pairs – – 0.28 0.26 0.02 – – – 

   (0.15, 0.39) (0.05, 0.44) (−0.09, 0.13)    

Parent-offspring pairs – – 0.25 0.17 – – – – 

   (0.15, 0.35) (0.04, 0.29)     

Spouse pairs – – 0.27 0.21 – – – 0.31 

   (0.04, 0.46) (0.01, 0.39)    (0.06, 0.52) 

* Results are presented as estimate (95% confidence interval). PETS, Peri/postnatal Epigenetic Twins Study; BSGS, Brisbane Systems Genetic Study; KHTS, Korean 364 
Healthy Twin Study; AMDTSS, Australian Mammographic Twins and Sisters Study; MuTHER, Multiple Tissue Human Expression Resource Study; OATS, Older 365 
Australian Twins Study; MCCS, Melbourne Collaborative Cohort Study; MZ, monozygotic; DZ, dizygotic.  366 
 367 

Supplementary Table 6 Familial correlation estimates in gene body average DNA methylation in each study* 368 

Pairs PETS (birth) PETS (18 months) BSGS KHTS AMDTSS MuTHER OATS MCCS 

MZ pairs 0.88 0.91 0.57 0.46 0.49 0.24 0.28 – 

 (0.85, 0.90) (0.89, 0.93) (0.47, 0.66) (0.32, 0.58) (0.36, 0.61) (0.06, 0.41) (0.12, 0.43)  

DZ pairs 0.83 0.87 0.36 – 0.41 0.28 – – 

 (0.76, 0.89) (0.81, 0.91) (0.24, 0.48)  (0.23, 0.55) (0.14, 0.40)   

Twin pairs combined 0.86 0.89 0.43 – 0.45 0.27 – – 

 (0.84, 0.89) (0.87, 0.91) (0.34, 0.51)  (0.35, 0.55) (0.16, 0.37)   

Sibling pairs – – 0.25 0.32 -0.02 – – – 

   (0.11, 0.37) (0.12, 0.49) (−0.13, 0.09)    

Parent-offspring 

pairs 
– – 0.26 0.19 – – – – 

   (0.16, 0.35) (0.06, 0.30)     

Spouse pairs – – 0.22 0.33 – – – 0.21 

   (−0.01, 0.42) (0.15, 0.49)    (−0.08, 0.46) 

* Results are presented as estimate (95% confidence interval). PETS, Peri/postnatal Epigenetic Twins Study; BSGS, Brisbane Systems Genetic Study; KHTS, Korean 369 
Healthy Twin Study; AMDTSS, Australian Mammographic Twins and Sisters Study; MuTHER, Multiple Tissue Human Expression Resource Study; OATS, Older 370 
Australian Twins Study; MCCS, Melbourne Collaborative Cohort Study; MZ, monozygotic; DZ, dizygotic.  371 
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Supplementary Table 7 Familial correlation estimates in gene promoter average DNA methylation in each study* 372 

Pairs PETS  

(birth) 

PETS  

(18 months) 

BSGS KHTS AMDTSS MuTHER OATS MCCS 

MZ pairs 0.35 0.09 0.47 0.28 0.21 0.01 0.41 – 

 (−0.16, 0.71) (−0.51, 0.63) (0.32, 0.60) (0.11, 0.44) (−0.02, 0.42) (−0.18, 0.21) (0.28, 0.52)  

DZ pairs 0.80 0.86 0.39 – 0.30 0.08 – – 

 (0.69, 0.87) (0.80, 0.91) (0.26, 0.50)  (0.11, 0.46) (−0.07, 0.24)   

Twin pairs combined 0.50 0.25 0.42 – 0.26 0.06 – – 

 (0.18, 0.72) (−0.32, 0.69) (0.32, 0.51)  (0.11, 0.39) (−0.07, 0.18)   

Sibling pairs – – 0.24 0.08 0.05 – – – 

   (0.10, 0.36) (−0.14, 0.31) (−0.05, 0.16)    

Parent-offspring 

pairs 
– – 0.18 0.13 – – – – 

   (0.08, 0.29) (0.01, 0.25)     

Spouse pairs – – 0.24 0.11 – – – 0.16 

   (0.03, 0.43) (−0.11, 0.31)    (−0.13, 0.42) 

* Results are presented as estimate (95% confidence interval). PETS, Peri/postnatal Epigenetic Twins Study; BSGS, Brisbane Systems Genetic Study; KHTS, Korean 373 
Healthy Twin Study; AMDTSS, Australian Mammographic Twins and Sisters Study; MuTHER, Multiple Tissue Human Expression Resource Study; OATS, Older 374 
Australian Twins Study; MCCS, Melbourne Collaborative Cohort Study; MZ, monozygotic; DZ, dizygotic. 375 
 376 
 377 
Supplementary Table 8 Parameter estimates for the relationship between correlation and cohabitation history from modelling the combined data of the seven 378 
studies 379 

Paris of family members Parameter Estimate Standard Error 

Twin pairs  0.37 0.04 

  0.48 0.06 

 twin
† 1.15 0.43 

Pairs of non-twin first-degree 

relatives 
1st 0.00 – 

 1st 0.75 0.29 

 1st
† 0.32 0.18 

 † 0.64 0.36 

Spouse pairs spouse 0.00 – 

 spouse 0.34 0.16 

 spouse
 † 0.83 0.42 

† Reported as the change per 10 years. 380 
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Supplementary Table 9 Parameter estimates from the variance components model for the 381 
combined data of the seven studies* 382 

Parameter Estimate Standard Error 

 0.28 0.06 

 0.63 0.08 

 0.24 0.11 

 0.29 0.10 

 0.13 0.14 

 0.02 0.01 


 − 

 383 

 384 

 385 

 386 

 387 

 388 

 389 

 390 

Supplementary Figure 1 Proportion of variance explained by each variance component estimated 391 
from the variance components model for the combined data from the seven studies 392 

t2 represents the effects of environmental factors shared by twins alone, c2 represents the effects of 393 
environmental factors shared by all family members (including twins), and e2 represents the effects of 394 
individual-specific environmental factors and measurement error. Since the effects of additive genetic 395 
factors were estimated to be negative, they are not reported in the figure.  396 
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 Causes of site-specific DNA 

methylation variation 

5.1 Introduction  

In this chapter, I aimed to investigate the specific causes of DNA methylation variation 

at > 400,000 CpG sites. In addition to using the data for the 479 samples from AMDTSS, 

I used the data for the 11 duplicated samples from the experiment to model the influences 

of measurement error. Rather than fitting the same classic twin model for all sites [73, 84, 

86-88, 90-94], I assumed that the residual variance in site-specific DNA methylation was 

caused by five types of factors, including additive genetic factors, environmental factors 

shared by twins alone, environmental factors shared by all family members, individual-

specific environmental factors and independent measurement error, and investigated the 

best fitting variance component model for each site. I found that different sites had 

different best fitting variance component models, variation at vast majority of sites was 

best explained by independent measurement error, and environmental factors have greater 

influences than genetic factors on site-specific variation. 

The work of this chapter has been published in the Epigenetics [205]. This chapter 

contains the author-accepted version of the publication. The publisher’s version can be 

found at http://www.tandfonline.com/doi/abs/10.1080/15592294.2017.1384891.  

5.2 Publication and supplementary material 

Due to the large number of pages, the supplementary data is not included in this thesis. It 

can be found at http://www.tandfonline.com/doi/abs/10.1080/15592294.2017.1384891.   

http://www.tandfonline.com/doi/abs/10.1080/15592294.2017.1384891
http://www.tandfonline.com/doi/abs/10.1080/15592294.2017.1384891
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ABSTRACT 

To address the limitations in current classic twin/family research on the genetic and/or 

environmental causes of human methylomic variation, we measured blood DNA methylation for 

479 women (mean age 56 years) including 66 monozygotic (MZ), 66 dizygotic (DZ) twin pairs 

and 215 sisters of twins, and 11 random technical duplicates using the HumanMethylation450 

array. For each methylation site, we estimated the correlation for pairs of duplicates, MZ twins, 

DZ twins, and siblings, fitted variance component models by assuming the variation is explained 

by genetic factors, by shared and individual environmental factors, and by independent 

measurement error, and assessed the best fitting model. We found that the average (standard 

deviation) correlations for duplicate, MZ, DZ, and sibling pairs were 0.10 (0.35), 0.07 (0.21), -

0.01 (0.14) and -0.04 (0.07). At the genome-wide significance level of 10
-7

, 93.3% of sites had

no familial correlation, and 5.6%, 0.1%, and 0.2% of sites were correlated for MZ, DZ, and 

sibling pairs. For 86.4%, 6.9%, and 7.1% of sites, the best fitting model included measurement 

error only, a genetic component, and at least one environmental component. For the 13.6% of 

sites influenced by genetic and/or environmental factors, the average proportion of variance 

explained by environmental factors was greater than that explained by genetic factors (0.41 vs. 

0.37, P value <10
-15

). Our results are consistent with, for middle-aged woman, blood methylomic

variation measured by the HumanMethylation450 array being largely explained by measurement 

error, and more influenced by environmental factors than by genetic factors. 

KEY WORDS 

DNA methylation; HumanMethylation450 array; familial aggregation; twin study; heritability  
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INTRODUCTION 

DNA methylation, mainly occurring at cytosine-guanine dinucleotide (CpG) sites by conversion 

of a cytosine to a 5-methylcytosine, modifies gene expression without altering the underlying 

DNA sequence. DNA methylation has been proposed to play a critical role in the etiology of 

complex traits and diseases.
1
 Studies have reported associations of methylation with several

diseases and traits, such as type 2 diabetes,
2
 body mass index,

3
 smoking,

4
 and maternal plasma

folate level.
5

Using technology for quantifying genome-wide DNA methylation, several classic twin/family 

studies including twins and their family members have only investigated the influences of 

genetic and/or environmental factors on human methylomic variation. These studies measured 

methylation in various tissues for individuals of different ages using different assays: three types 

of tissues for newborns using the Infinium HumanMethylation27 (HM27) BeadChip array;
6

blood for adolescents
7,8

 and young adults
9
 using the Infinium HumanMethylation450 (HM450)

BeadChip array; and blood and adipose tissue for middle-aged individuals using the HM27 

array
10

 and HM450 array,
11

 respectively. By assuming that the same classic twin model applies

to all methylation sites, these studies found that the average of the estimates of heritability across 

all methylation sites, defined as the ratio between additive genetic variance and total variance, 

was 5-20%. However, the assumption that the same model applies to all methylation sites was 

not tested and, therefore, it remains to be known if variation at different methylation sites has 

different causes. 

Compared with their non-twin relatives, twins might be more similar in methylation given that 

they share the uterus before birth. The uterine environment is suggested to impact the 
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methylome.
6
 Twins also share a higher proportion of postnatal environmental factors. Such

special similarity cannot be investigated by studying twins alone. A twins and siblings design is 

ideal to study this issue because it allows fitting a twin-specific variance component. 

Additionally, compared with the design including twins‟ parents, the twins and siblings design 

can minimize age and birth cohort effects, given that siblings are of similar ages to, and of the 

same temporal generation as, the twins. This design can also avoid bias caused by any 

transgenerational inheritance in DNA methylation.
7,8

The median measurement repeatability [assessed by the intra-class correlation (ICC) within 

technical duplicate pairs] across probes of the HM450 array has been reported to be 0.2-0.4,
12-14

which suggests that substantial measurement error exists. Such measurement error can influence 

the estimation of genetic and/or environmental effects on methylomic variation. This issue 

cannot be fully investigated by studying twins alone, given that the effects of individual 

environment and independent measurement error are combined in the E component of variance 

under the classic twin model. Technical duplicate pairs are required to be included for 

investigating such influence. 

From reviewing the literature, we have found that current classic twin/family research on genetic 

and/or environmental causes of human methylomic variation measured by the HM450 array has 

been limited in several ways: i) No large study has investigated blood methylome for middle-

aged individuals; ii) A single classic twin model has been applied to all methylation sites without 

allowing for variation at different sites having different causes; iii) No study has investigated 

twin-specific aggregation; iv) No study has investigated the influences of measurement error. 

D
ow

nl
oa

de
d 

by
 [

T
he

 U
ni

ve
rs

ity
 O

f 
M

el
bo

ur
ne

 L
ib

ra
ri

es
] 

at
 1

4:
46

 2
7 

N
ov

em
be

r 
20

17
 

103



ACCEPTED MANUSCRIPT 

 ACCEPTED MANUSCRIPT 

To address these limitations, we conducted a study including middle-aged twins, sisters of twins, 

and technical duplicates to investigate the influences of genes, environment, and measurement 

error on variation in blood methylation measured by the HM450 array.  

RESULTS 

Familial correlation 

The averages and standard deviation (SD) of the estimates of the correlation for duplicate pairs 

(rDUP), correlation for monozygotic twin pairs (rMZ), correlation for dizygotic twin pairs (rDZ), 

and correlation for sibling pairs (rSIB) were 0.10 (0.35), 0.07 (0.21), -0.01 (0.14), and -0.04 

(0.07), respectively, across all methylation sites (Table 1), showing that both duplicate and MZ 

pairs were weakly correlated overall, but neither DZ nor sibling pairs were correlated overall. 

There were more positive estimates of rDUP and rMZ and more negative estimates of rDZ and rSIB 

than would be expected by chance (Supplementary Figure 1). We observed many DNA 

methylation sites for which rMZ > 2rDZ, rDZ > rSIB, and rMZ > 2rSIB (Figure 1). Among the 55,222 

methylation sites with positive rMZ, rDZ, and rSIB, 1,040 (1.9%), 465 (0.8%), and 19,725 (35.7%) 

sites showed rMZ > 2rDZ, rDZ > rSIB, and rMZ > 2rSIB, respectively, at 5% Benjamini-Hochberg 

false discovery rate (FDR),
15

 and 7,099 (12.9%), 5,880 (10.6%), and 25,262 (45.7%) sites,

respectively, at nominal P value <0.05—numbers were larger than those expected by chance (all 

P values <2.2×10
-16

 from the binomial test). These results are different from the expected ones

based on the previously applied classic twin model in which familial aggregation is solely due to 

additive genetic factors.  

At the genome-wide significance level of 10
-7

, there was no evidence of correlation for MZ, DZ,

or siblings pairs at 383,786 (93.3%) methylation sites. The numbers (proportions) of methylation 
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site with significant and positive rMZ, rDZ, and rSIB were 22,865 (5.6%), 501 (0.1%), and 784 

(0.2%), respectively. The estimates of rMZ, rDZ, and rSIB were all significant and positive for 64 

(0.02%) methylation sites (Supplementary Figure 2). The correlations for each methylation site 

can be found in the supplementary data. 

The distributions of familial correlation (rMZ, rDZ, and rSIB) differed by measurement 

repeatability, methylation level, and variance of the site. Methylation sites with high repeatability 

had higher familial correlations. That is, the higher the rDUP, the higher the familial correlations. 

In particular, sites with rDUP >0.8 had the highest familial correlations (Supplementary Figure 

3). Intermediate methylated sites had higher familial correlations, and there was a reversed U-

shaped relationship between familial correlation and methylation level; sites with mean 

methylation level ranging 0.4-0.6 had the highest familial correlations (Supplementary Figure 

4). In addition, hypervariable sites had higher familial correlations. The higher the variance of 

the site, the higher the familial correlations, and sites with SD>0.09 had the highest familial 

correlations (Supplementary Figure 4). 

Methylation sites with significant and positive familial correlations showed different 

distributions across the genome (Supplementary Table 1). Overall, these methylation sites were 

enriched in non-CGI region and depleted in gene promoter, 200 bp upstream of the transcription 

start site (TSS200), and CpG island regions. 

Variance component model 

From fitting the full model of ACtCfEM (, effects of additive genetic factors; Ct, effects of 

environmental factors shared by twins alone; Cf, effects of environmental factors shared by all 

family members; E, effects of individual environmental factors; and M, effects of independent 
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measurement error), the averages of the estimate (SD) effects of additive genetic factorsA
2
),

effects of environmental factors shared by twins alone(Ct
2
), effects of environmental factors

shared by all family members(Cf
2
), effects of individual environmental factors(E

2
), and

effects of independent measurement error(M
2
) were 0.03 (0.09), 0.04 (0.07), 0.002 (0.01), 0.15

(0.20), and 0.77 (0.23), respectively, across all methylation sites (Table 1; Supplementary 

Figure 5), which shows that the overall influences of shared genes and environment were small. 

For 332,984 (80.9%), 227,948 (55.4%), 387,290 (94.1%), and 188,272 (45.8%) methylation 

sites, the estimate of A
2
, Ct

2
, Cf

2
, and E

2
, respectively,

 
was zero. For 97,051 (23.6%)

methylation sites, the estimates of all these four components were zero. 

From analyses determining the best fitting variance component model for each methylation site, 

355,455 (86.4%) site models included 
2
 only, and 28,440 (6.9%), 18,974 (4.6%), 1,819

(0.4%), and 8,832 (2.2%) site models included A
2
,
 
Ct

2
, Cf

2
, and E

2
, respectively (Table 2;

Supplementary Figure 6). Across methylation sites with A
2
,
 
Ct

2
, Cf

2
, or E

2
, the averages of

the estimate (SD) of A
2
,
 
Ct

2
, Cf

2
, and E

2
 were 0.37 (0.15), 0.28 (0.06), 0.16 (0.05), and 0.72

(0.10), respectively (Table 1; Figure 2). For these sites, the estimates of A
2
,
 
Ct

2
, Cf

2
, and E

2

were all significant at the nominal P value <0.05; therefore, they were also all significant at 5% 

FDR. The number of methylation sites with any environmental component (Ct
2
, Cf

2
, or E

2
)

was 29,305 (7.1%), more than the 28,440 (6.9%) methylation sites with A
2
 (P value = 2×10

-4
).

For methylation sites with genetic and/or environmental components, the average proportion of 

variance explained by environmental factors was larger than that explained by genetic factors 
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(0.41 vs. 0.37, P value <10
-15

). The best fitting model for each methylation site can be found in

the supplementary data. 

The distributions of A
2
,
 
Ct

2
, Cf

2
, and E

2
 differed by the measurement repeatability,

methylation level, and variance of the site. Methylation sites with high repeatability had larger 

proportions of A
2
, Ct

2
, and E

2
, and greater estimates of A

2
 and E

2
. Methylation sites with

intermediate repeatability had a larger proportion of Cf
2
, and greater estimates of Ct

2
 and Cf

2

(Supplementary Figures 7 & 8). Intermediate methylated sites had larger proportions and 

greater estimates of all the four components (Supplementary Figures 9 & 10). Hypervariable 

methylation sites had larger proportions of A
2 

and Ct
2
, and greater estimates of A

2
.

Intermediate variable methylation sites had larger proportions of Cf
2 

and E
2
, and greater

estimates of Ct
2
, Cf

2
, and E

2
 (Supplementary Figures 11 & 12).

Methylation sites with A
2
,
 
Ct

2
, Cf

2
, and E

2
 showed different distributions across the genome

(Supplementary Table 1). Overall, for all the four components, methylation sites were depleted 

in gene promoter, TSS200, and CpG island regions. 

From the sensitivity analyses, the averages of the estimates (SD) of A
2
 increased to 0.04 (0.11)

when the effects of environmental factors shared by twins alone were ignored (P value <10
-15

),

and increased to 0.07 (0.14) when based on twins alone (P value <10
-15

). The numbers of

methylation sites with A
2 

increased to 35,855 (8.7%) and 54,487 (13.2%) from these two

analyses (both P value <10
-15

).

meQTL analysis 

Methylation sites with A
2 

are sites at which the variation is determined in part by additive

genetic factors. To better understand the genetic effects on these sites, we performed single 
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nucleotide polymorphism (SNP)-methylation association analysis to investigate methylation 

quantitative trait loci (meQTL). Across the 28,440 methylation sites with A
2
, there were 39,696

meQTL involving 1,281 (4.5%) sites and 27,630 SNPs. These meQTL comprised 36,766 

(92.6%) cis-meQTL, involving 1,233 methylation sites and 25,641 SNPs, and 2,930 (7.4%) 

trans-meQTLs involving 54 methylation sites and 2,667 SNPs. Most of the cis-meQTLs were 

located within the region of 100 kb up- or down-stream from the target site (Supplementary 

Figure 12). Methylation sites with meQTL had a greater average estimate of A
2
 than sites

without meQTL (0.61 vs. 0.36, P value<10
-15

).

Pathway analysis 

The top statistical significant pathways in which methylation sites with A
2 

were enriched

included Th1, Th2, antigen presentation, and several cell signaling pathways (Supplementary 

Table 2). The top statistical significant pathways in which methylation sites with Ct
2
 were

enriched included several cell signaling pathways (Supplementary Table 3). The top statistical 

significant pathways in which methylation sites with Cf
2
 were enriched included TR/RXR

activation and several cell signaling pathways (Supplementary Table 4). No statistical 

significant (at  5% FDR) pathway was found for methylation sites with E
2
.
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DISCUSSION 

Our study addressed the limitations of the use of current classic twin/family research to study the 

genetic and/or environmental causes of methylomic variation measured by the HM450 array. To 

our best knowledge, our study of almost 500 individuals is the first to investigate: (i) blood 

methylome for middle-aged individuals with a large sample size; (ii) the best fitting model for 

each methylation site that allows for variation at different sites having different causes; (iii) twin-

specific aggregation in methylation; and (iv) the influences of measurement error on studies of 

the causes of methylomic variation. 

Our analyses suggest that the variation in blood methylome of middle-aged women measured by 

the HM450 array is largely explained by measurement error, as we found that for ~86% of 

methylation sites for which the best fitting variance component model included 
2
 only.

Caution is needed when interpreting this result. First, our findings only apply to the HM450 

array. The effects of measurement error might be of less concern for other methylation profiling 

methods with high repeatability. Second, the blood samples are dried blood spots, which have 

been found to have a slightly lower repeatability than other sample types.
12

 Third, the effects of

measurement error might be overestimated, as we only had 11 technical duplicate pairs. 

However, the overestimation could not be severe, given that the repeatability estimates in our 

study are similar to those based on 68 duplicate pairs: the median rDUP was 0.12 in our study, and 

the median ICC was 0.2 in Dugué et al.
12

Our study implies that genetic factors do not influence the variation of the whole methylome but 

of certain methylation sites, as we found that for only ~7% of methylation sites the best fitting 

model included A
2
. The heterogeneous influences of genetic factors are also supported by
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results from previous studies. In previous classic twin studies, the heritability estimates (under 

certain assumptions that optimize the likelihood of concluding a genetic cause of variation) were 

significant for only ~40% of methylation sites after multiple testing correction,
7,9

 and variation of

only a small proportion (10-15%) of methylation sites has been found to be associated with 

meQTL.
24-26

Our study casts doubts on the approach for investigating the influences of genetic factors on 

methylomic variation used in previous classic twin/family studies. These studies have estimated 

heritability for each methylation site under the same variance component model, which assumed 

that all familial correlation is due to additive genetic factors, and none to the sharing of 

environmental causes. That is, in the parlance of the classic twin model, they have fitted ACE 

models with C=0. One justification for this was that the average correlation for MZ pairs was 

about twice that for DZ pairs. However, the average correlation is not the correlation of any 

defined entity, so the logic behind the classic twin model has been inappropriately applied. We 

have allowed the C component to vary across methylation sites, and to also differ between twin 

pairs (assuming, as in the classic twin model, that C is the same for MZ and DZ pairs) and 

sibling pairs. We found evidence for substantial variation attributable to shard environmental 

factors across methylation sites, contrary to the assumption made in previous classic twin/family 

studies. The average of the heritability estimates across methylation sites was ~20% in previous 

classic twin/family studies.
7,9-11

 How and whether this average estimate can be interpreted as a

measure of the influences of genetic factors on the whole methylome, however that might be 

defined, is open to question in several aspects. First, a substantial proportion of methylation sites 

were found to have no familial aggregation, let alone to be impacted by any shared factors, 
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including genetic factors. Similar observation has also been made by a study with a large sample 

size: only ~40% and ~10% of methylation sites were correlated for MZ and DZ pairs, 

respectively.
9
 Second, this average estimate was based on the assumption that the familial

aggregation is due to genetic factors solely; however, as we discussed above, the assumption is 

questionable. Third, this average estimate was calculated by applying the same variance 

component model to all methylation sites, while our analyses found that variation at different 

sites had different causes. Fourth, this average estimate is unlikely to have potential biological 

representation for the whole methylome, given that the average of heritability estimates is not 

necessarily equal to the heritability of any defined entity.  

Our study suggests that environmental factors have stronger influences on methylomic variation 

than genetic factors, as we found that environmental factors influenced more methylation sites 

and explained more variance than genetic factors. Note that, given the potential that our study 

overestimated measurement error, the influences of individual environmental factors are 

potentially underestimated. Similar observations have been found in previous studies.
6,7,9-11

 The

results of these studies can be interpreted as individual environmental factors (though combined 

with measurement error) explain on average 80-95% of variation across all methylation sites. 

Studies using other methods to quantify genome-wide methylation profile, such as whole 

genome bisulfite sequencing, also find that environmental factors are the main cause of 

methylomic variation.
16,17

We found that ~5% of methylation sites were influenced by environmental factors shared by 

twins alone. These environmental factors might be prenatal, perinatal, or intrauterine 

environmental factors, given that twins share the uterus before birth and that some intrauterine 
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effects on methylation appear to be long lasting and persist into later life.
18-20

 There is also

evidence that these methylation sites are influenced by prenatal, perinatal, or intrauterine 

environmental factors: among these sites, 90 have been found to be associated with maternal 

plasma folate level
5
 and 794 have been found to be associated with maternal smoking.

21
 The

developmental origins of health and disease (DOHaD) hypothesis considers one possible 

biological mechanism for the prenatal, perinatal, or intrauterine origins of postnatal health 

outcomes is prenatal, perinatal, or intrauterine environmental factors influencing the fetus 

methylome.
22,23

 Methylation at these sites might mediate the effects of prenatal, perinatal, or

intrauterine environmental factors on postnatal health.  

Our study shows that the classic twin design has the potential to overestimate the genetic effects 

on methylomic variation, given that the average estimate of A
2
 in the full model and the number

of methylation sites with A
2
 both increased from the sensitivity analyses. By including siblings

of twins and investigating twin-specific variance component, our design and analyses are better 

in teasing apart the effects of shared genes and shared environment, and have given more insight 

into the causes of methylomic variation. 

Methylation sites with A
2 

are sites at which the variation is determined in part by additive

genetic factors. However, for these sites, a small proportion was found to be associated with 

meQTL. This result could be due to that common SNPs cannot explain the whole heritability 

estimated by classic twin studies, the so-called “missing heritability” problem. One study found 

that, for 39% of methylation sites the heritability estimated based on the classic twin model could 

not be explained by common SNPs.
9
 However, we found that methylation sites associated with

meQTL had greater heritability estimates, suggesting that sites with greater estimates of A
2
 tend
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to be more likely to be more associated with common SNPs. We also observed that the identified 

meQTL comprised more than 90% cis-meQTL and most of the cis-meQTL were located within 

the region of 100 kb up- or down-stream from the target site, which implies that sites with A
2

appear to be impacted by nearby SNPs. Identification of the biological plausibility of disease-

associated SNPs from genome-wide association studies is problematic. The same problem is also 

expected in the meQTL analysis. More research is needed on the biological plausibility of the 

identified meQTL. 

Our study found that methylation sites influenced by genetic and/or environmental factors were 

distributed unevenly across the genome. Other studies have also reported similar observations.
7,9

These results suggest that methylation at different genomic regions have different vulnerabilities 

to the influences of genetic and/or environmental factors.  

We found that sites influenced by genetic and/or environmental factors were enriched in several 

biological pathways, especially those involved in cell signaling. For middle-aged women, 

therefore, these pathways might be more easily influenced by genetic and/or environmental 

factors. The pathways in which sites influenced by genetic factors were enriched included 

CDC42 signaling pathway, involved in regulation of cell cycle, and several immune response 

pathways, including Th1 and Th2 activation, antigen presentation, and CXCR4 signaling. These 

results imply that some biological functions related to regulation of cell cycle and immune 

response might be influenced by genetic factors. The pathways in which sites influenced by 

environmental factors were enriched included leptin signaling pathway in obesity, TR/RXR 

activation pathway involved in thyroid hormone‟s effects on growth and metabolism, and several 

cAMP-dependent pathways, including cAMP signaling and protein kinase A signaling, involved 
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in cell communication. These results imply that some biological functions related to growth, 

metabolism, and cell communication might be influenced by cross-sectional environmental 

factors. Nonetheless, our results should not be over-interpreted, as they are epidemiological 

observations. A greater understanding of the influences of genetic and/or environmental factors 

on these biological functions could be facilitated by prospective or other epidemiological designs 

that address issues around causation, and by biological research. 

Caution is needed when interpreting our results. Our included participants were middle-aged 

women and we studied the blood methylation measured by the HM450 array, so our findings 

may not be generalized to other populations, tissues, or measurement tools. Additionally, 

targeting on only ~2% CpGs of the human genome, the HM450 array does not cover the whole 

genome but certain genomic regions;
24,25

 therefore, our findings might be not generalized to the 

whole genome.  

In conclusion, our results are consistent with, for middle-aged women, blood methylomic 

variation measured by the HM450 array being largely explained by measurement error and more 

influenced by environmental factors than by genetic factors. 
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MATERIAL AND METHODS 

Subjects 

Subjects were from the Australian Mammographic Density Twins and Sisters Study (AMDTSS), 

originally designed to study mammographic density, as it is a predictor of breast cancer risk.
26

 A

subset of 479 women having the most informative twin/family design, comprising 66 

monozygotic (MZ) twin pairs, 66 dizygotic (DZ) twin pairs and their 215 sisters from 130 

families, were selected for DNA methylation research.
27

DNA methylation data  

DNA was extracted from dried blood spots stored on Guthrie cards using a method previously 

reported.
28 

DNA was sodium bisulfite converted using the EZ DNA Methylation-Gold protocol

as per manufacturers‟ instructions (Zymo Research, Irvine, CA) and eluted in 20 µl elution 

buffer. A total of 11 random technical replicates were included in the measurement. Raw 

intensity data was processed by Bioconductor minfi package,
29

 which included normalization of

data using Illumina‟s reference factor-based normalization methods (preprocessIllumina) and 

subset-quantile within array normalization (SWAN)
30

 for type I and II probe bias correction. An

empirical Bayes batch-effects removal method ComBat
31

 was applied to minimize the technical

variation across batches. All samples passed quality control. Probes with missing value 

(detection P value >0.01) in one or more samples and the 65 control probes were excluded, 

leaving 479,957 probes in the final dataset (see Li et al.
27

 for more details). In this analysis, we

additionally excluded probes with documented SNPs at the target CpG, binding to multiple 

locations,
32

 or binding to the X chromosome, leaving data for 411,394 methylation sites. The

data are available at the Gene Expression Omnibus under accession number GSE100227. 
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Single nucleotide polymorphism (SNP) data 

Among the 479 women, 75 unrelated women had genome-wide SNP data. Initially, a total of 343 

unrelated women from the ADMTSS were genotyped using the Illumina 610 Quad SNP chip. 

Standard quality control was performed. Imputation was performed using Impute2
33-35

 with 1000

Genomes Phase I as reference (see Lindstrom et al.
36

 for more details). In this analysis,

additional quality control was performed for the included 75 women to remove SNPs on the X 

chromosome, with minor allele frequency (MAF) <0.05, missing rate >0.1, Hardy-Weinberg 

Equilibrium P value <10
-6

, or imputation info <0.8. A total of 495,133 genotyped SNPs and

4,124,945 imputed SNPs were included in analysis. 

Statistical methods 

Familial correlation and variance component model 

For each methylation site, the methylation M-value was first adjusted for age at blood draw and 

estimated cell type proportion using a linear regression model. The residuals from the model 

were standardized to be Z-scores and used in subsequent analyses. The cell type proportion was 

estimated from the methylation data using the Houseman method
37

 implemented in the package

minfi. 

For each methylation site, we estimated the correlations for MZ pairs (rMZ), DZ pairs (rDZ), 

sibling pairs (including twin-sister pairs, rSIB), and duplicate pairs (rDUP), simultaneously. We 

fitted variance component models in which we assumed that the residual variance ( can be 

partitioned into five components: A
2
, the effects of additive genetic factors; Ct

2
, the effects of

environmental factors shared by twins alone; Cf
2
, the effects of environmental factors shared by

all family members (including twins); E
2
, the effects of individual environmental factors; and
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M
2
,
 
the effects of independent measurement error. The model is an extension of the classic twin 

model by dividing the shared environmental factors into those shared by twins alone and those 

shared by all family members, and by disentangling the effects of individual environmental 

factors and independent measurement error. Same to the key assumptions of the classic twin 

model, we assumed that MZ and DZ pairs share Ct
2
 to the same extent, and that measurement

error is independent across individuals and any aspect of measurement error that is common is 

accounted for within the shared environment component. We also assumed that all pairs of 

family members share Cf
2 
to the same extent. According to such assumptions, 

2
= A

2
 + Ct

2
 +

Cf
2

+ E
2
 + M

2
, and the covariance is A

2
 + Ct

2
 + Cf

2
 for MZ pairs, 0.5 × A

2
 + Ct

2
 + Cf

2
 for

DZ pairs, 0.5 × A
2
 + Cf

2
 for sibling pairs, and A

2
 + Ct

2
 + Cf

2
 + E

2
 for duplicate pairs. For

each methylation site, a total of 16 models were fitted: ACtCfEM, ACtEM, ACfEM, CtCfEM, 

ACtCfM, ACtM, ACfM, AEM, CtCfM, CtEM, CfEM, AM, CtM, CfM, EM, and M, and the best 

fitting model was assessed using the Bayesian Information Criterion (BIC). 

We performed two sensitivity analyses to investigate the impact of our design on the estimation 

of genetic effects: first, we ignored the effects of environmental factors shared by twins alone; 

second, we included twin pairs only. In both analyses, the classical twin model was assumed but 

that the effects of individual environmental factors and measurement error were separated. For 

each methylation site, a total of eight models (ACEM, ACM, AEM, CEM, AM, CM, EM, and 

M, where C is the effects of shared environmental factors) were fitted and the best fitting model 

was assessed. Between the primary and sensitivity analyses, the average estimates of A
2 

in the

full model were compared using a paired t-test, and the numbers of sites with A
2
 were compared

using the McNemar's test. 
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The familial correlation and variance component were estimated based on computationally 

maximizing the likelihood of a multivariate normal model for pedigree analysis,
38-40

 using the

Sequential Oligogenic Linkage Analysis Routines (SOLAR) program (http://solar-eclipse-

genetics.org/). 

Genomic region enrichment analysis 

Methylation sites with significant and positive familial correlations or being influenced by 

genetic and/or environmental factors were examined if they were enriched, relative to all 

methylation sites analyzed, in any genomic region. According to Illumina‟s annotation file, 

methylation sites were grouped according to their genomic positions (gene body, intergenic 

region, promoter, 1,500 bp upstream of the TSS (TSS1500), TSS200, 5‟untranslated region 

(UTR), 1
st
Exon, or 3‟UTR) or to their positions relative to a CpG island (CGI) (CpG island, CpG

shelf, CpG shore, or non-CGI region). The statistical significance of the enrichment was 

examined using the chi-square test. 

meQTL analysis 

For methylation sites with A
2
, SNP-methylation association analysis was performed to

investigate methylation quantitative trait loci (meQTL). The analysis was performed using the 75 

women who had both DNA methylation and SNP data. Both cis-meQTL and trans-meQTL were 

investigated. The definition of cis-meQTL is the SNP within a region of 500 kb up- or down-

stream from the target site (a total of 1 Mb), while the definition of trans-meQTL is the SNP out 

of that region on the same chromosome or on a different chromosome. The analysis was 

performed on the Z-score above using the MatrixQTL
41

 under an additive model. A total of
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4,620,078 × 28,440 ≈ 1.3 × 10
11 

associations were tested. Associations with a P value <3.8×10
-13

were regarded as genome-wide significant. 

Pathway analysis 

For those methylation sites for which the best fitting model including A
2
, Ct

2
, Cf

2
, or E

2
,

pathway analysis was performed to investigate whether these sites were enriched in any 

particular pathway. For each component, according to the proportion of variance explained, the 

top 2,000 methylation sites were annotated to genes according to the closest transcription start 

site (TSS).
32

 The gene lists were uploaded to the QIAGEN‟s Ingenuity
®

 Pathway Analysis

(IPA
®
, QIAGEN Redwood City, www.qiagen.com/ingenuity) for assessing overrepresentation

relative to all human gene functions.
42

Ethics 

The AMDTSS was approved by the Human Research Ethics Committee of the University of 

Melbourne. All participants provided written informed consent. 
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FIGURE LEGEND 

Figure 1. Scatterplots of rMZ, rDZ and rSIB for the methylation sites with positive estimates only 

The blue line is the locally weighted scatterplot smoothing (LOWESS) line and the red line is the 

expected line if the familial aggregation was solely due to additive genetic factors. 
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Figure 2. Distributions of genetic and environmental variance components from the best fitting 

model for the methylation sites with genetic and/or environmental components 

a
2
, effects of additive genetic factors, Ct

2
, effects of environmental factors shared by twins alone;

Cf
2
, effects of environmental factors shared by all family members; and e

2
, effects of individual

environmental factors. 
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Supplementary Table 1. Summay of enrichment analysis results for methylation sites with familial 22 
correlaitons, or genetic and environmental components*  23 

Genomic regions rDZ rMZ rSIB A
2 Ct

2 Cf
2 E

2 

Promoter ↓ ↓ ↓ ↓ ↓ ↓ ↓ 

Gene body ↑ − ↑ ↑ − ↑ ↓ 

Intergenic region − ↑ ↑ ↑ ↑ − ↑ 

TSS1500 − ↓ ↓ ↓ ↓ − − 

TSS200 ↓ ↓ ↓ ↓ ↓ ↓ ↓ 

5’UTR − ↓ − ↓ ↓ − ↓ 

1stExon − ↓ ↓ ↓ ↓ ↓ − 

3’UTR − ↓ − − ↓ − ↓ 

CpG island ↓ ↓ ↓ ↓ ↓ ↓ ↓ 

CpG shelf − ↓ ↑ − ↓ ↑ ↓ 

CpG shore − ↑ − ↑ ↑ ↓ ↑ 

non-CGI region ↑ ↑ ↑ ↑ ↑ ↑ − 

* “↑” means enrichment, “↓” means depletion and “–” means no statistical significant difference. For 24 
familial correlation, the significant level was 0.05/36 ≈ 1.4 × 10-3. For variance component, the significant 25 
level was 0.05/48 ≈ 1.0 × 10-3. 26 

 27 

Supplementary Table 2. Pathways with FDR<0.05 from the IPA analysis for the top 2000 sites with A
2  28 

Ingenuity Canonical Pathways FDR Ratio 

Th1 Pathway 0.002 0.148 

Antigen Presentation Pathway 0.002 0.263 

Cdc42 Signaling 0.003 0.132 

CXCR4 Signaling 0.005 0.127 

Th2 Pathway 0.010 0.127 

Semaphorin Signaling in Neurons 0.015 0.189 

Th1 and Th2 Activation Pathway 0.016 0.114 

Cardiac Hypertrophy Signaling 0.026 0.102 

Tec Kinase Signaling 0.030 0.112 

Molecular Mechanisms of Cancer 0.030 0.0882 

G-Protein Coupled Receptor Signaling 0.031 0.0956 

Sphingosine-1-phosphate Signaling 0.032 0.122 

Dendritic Cell Maturation 0.032 0.105 

Production of Nitric Oxide and Reactive Oxygen Species in Macrophages 0.036 0.104 

HGF Signaling 0.038 0.122 

GABA Receptor Signaling 0.038 0.149 

ERK/MAPK Signaling 0.043 0.101 

Autoimmune Thyroid Disease Signaling 0.043 0.17 

PKCθ Signaling in T Lymphocytes 0.043 0.114 

Thrombin Signaling 0.047 0.0985 

Axonal Guidance Signaling 0.048 0.08 

Gαs Signaling 0.048 0.119 
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Supplementary Table 3. Pathways with FDR<0.05 from the IPA analysis for the top 2000 sites with Ct
2 30 

Ingenuity Canonical Pathways FDR Ratio 

Dopamine-DARPP32 Feedback in cAMP Signaling 0.000 0.179 

cAMP-mediated signaling 0.002 0.135 

Leptin Signaling in Obesity 0.003 0.188 

Corticotropin Releasing Hormone Signaling 0.006 0.162 

Regulation of the Epithelial-Mesenchymal Transition Pathway 0.006 0.132 

Gap Junction Signaling 0.006 0.137 

Role of Macrophages, Fibroblasts and Endothelial Cells in Rheumatoid Arthritis 0.010 0.11 

G-Protein Coupled Receptor Signaling 0.010 0.114 

Role of NFAT in Cardiac Hypertrophy 0.011 0.125 

Wnt/β-catenin Signaling 0.011 0.13 

Wnt/Ca+ pathway 0.011 0.193 

Role of Wnt/GSK-3β Signaling in the Pathogenesis of Influenza 0.011 0.171 

GABA Receptor Signaling 0.011 0.179 

GNRH Signaling 0.011 0.14 

Cardiac Hypertrophy Signaling 0.011 0.115 

Cellular Effects of Sildenafil (Viagra) 0.011 0.138 

PPARα/RXRα Activation 0.013 0.124 

Cardiac β-adrenergic Signaling 0.019 0.131 

α-Adrenergic Signaling 0.029 0.149 

CDK5 Signaling 0.032 0.141 

FGF Signaling 0.035 0.144 

Protein Kinase A Signaling 0.036 0.0944 

GPCR-Mediated Integration of Enteroendocrine Signaling Exemplified by an L Cell 0.046 0.153 

PI3K Signaling in B Lymphocytes 0.046 0.125 

Mouse Embryonic Stem Cell Pluripotency 0.047 0.132 

Melanocyte Development and Pigmentation Signaling 0.047 0.137 

Calcium Signaling 0.047 0.112 
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Supplementary Table4. Pathways with FDR<0.05 from the IPA analysis for the top 2000 sites with Cf
2 32 

Ingenuity Canonical Pathways FDR Ratio 

Calcium Signaling 0.047 0.112 

Protein Kinase A Signaling 0.021 0.112 

TR/RXR Activation 0.021 0.173 

Leukocyte Extravasation Signaling 0.030 0.129 

cAMP-mediated signaling 0.030 0.126 

G-Protein Coupled Receptor Signaling 0.030 0.118 

Integrin Signaling 0.033 0.123 

Neuropathic Pain Signaling In Dorsal Horn Neurons 0.036 0.149 

Histidine Degradation VI 0.036 0.385 

p38 MAPK Signaling 0.036 0.145 

Molecular Mechanisms of Cancer 0.036 0.104 

VDR/RXR Activation 0.036 0.167 

Relaxin Signaling 0.039 0.132 

Type I Diabetes Mellitus Signaling 0.039 0.145 

Androgen Signaling 0.040 0.144 

Paxillin Signaling 0.044 0.142 

Gustation Pathway 0.044 0.137 
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34 
Supplementary Figure 1. Distributions of the four types of correlations for all methylation sites against null 35 
distributions 36 

The dashed line is the null distribution. For each type of correlation, the estimates were transformed using 37 
the Fisher’s z-transformation as 0.5 × [ln(1 + r) − ln(1 − r)] and compared with its null distribution (dashed 38 
line). The null distribution is a normal distribution with mean=0 and standard deviation = (n-3)-0.5, in which 39 
n is the number of pairs.   40 
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 41 

Supplementary Figure 2. Venn diagram for methylation sites with positive and significant familial 42 
correlations  43 
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 44 
Supplementary Figure 3. Estimates of rMZ, rDZ and rSIB against rDUP 45 
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 46 

Supplementary Figure 4. Estimates of rMZ, rDZ and rSIB against the mean methylation level and variance of methylation site    47 
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 48 

Supplementary Figure 5. Distributions of the five components in the full model ACtCfEM  49 

a2, effects of additive genetic factors, Ct
2, effects of environmental factors shared by twins alone; Cf

2, effects of environmental factors shared by all family members; e2, 50 

effects of individual environmental factors; m2, measurement error.  51 
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 52 

Supplementary Figure 6. Proportions of A
2, Ct

2, Cf
2, E

2 and M
2 from the best fitting model 53 

This plot shows that the variation at a large proportion (86.4%) of methylation sites was explained by 54 
measurement error only, and the variation at a small proportion of methylation sites were explained both 55 
by genetic and environmental factors.  56 
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 57 

Supplementary Figure 7. Proportions of the best fitting model including A
2, Ct

2, Cf
2 or E

2 against rDUP  58 
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 59 

Supplementary Figure 8. Estimates of A
2, Ct

2, Cf
2 andE

2 from the best fitting model against rDUP  60 
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 61 

Supplementary Figure 9. Proportions of the best fitting model including A
2, Ct

2, Cf
2 or E

2 against the 62 
mean methylation level of methylation site  63 
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 64 

Supplementary Figure 10. Estimates of A
2, Ct

2, Cf
2 and E

2 from the best fitting model against the mean 65 
methylation level of methylation site  66 
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 67 

Supplementary Figure 11. Proportions of the best fitting model including A
2, Ct

2, Cf
2 or E

2 against the 68 
variance of methylation site   69 
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 70 

Supplementary Figure 12. Estimates of A
2, Ct

2, Cf
2 and E

2 from the best fitting model against the 71 
variance of methylation site   72 
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 73 

Supplementary Figure 13. Distance of cis-meQTL to its associated methylation site  74 
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 DNA methylation changes related 

to twin birth 

6.1 Introduction 

In this chapter, my research question is whether individuals born after a twin birth have 

different DNA methylation features compared with those born before a twin birth. The 

rationale of this question is that, twin pregnancy causes changes to the intrauterine 

environment, which might alter the DNA methylation of subsequent children of the same 

mother and the alteration persists into adulthood. To answer this question, I compared the 

DNA methylation features between different types of siblings, defined by their 

chronological birth orders to a twin birth. I used the data of twins’ siblings from AMDTSS 

for discovery and the data of twins’ siblings from KHTS for replication. I found that twin 

birth changed the similarity in DNA methylation of siblings born after a twin birth: sibling 

pairs both born after a twin birth were correlated in GWAM, in the average DNA 

methylation at several genomic regions and in DNA methylation at certain CpG sites, 

while sibling pairs both born before a twin birth were not.   

The work of this chapter has been published in the Scientific Reports [206]. This chapter 

contains the publication, which can also be found at  

https://www.nature.com/articles/s41598-017-08595-6.  

 

6.2 Publication and supplementary material 

  

https://www.nature.com/articles/s41598-017-08595-6
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Twin birth changes DNA 
methylation of subsequent siblings
Shuai Li1, Eunae Kim2, Ee Ming Wong3, Ji-Hoon Eric Joo3, Tuong L. Nguyen  1, Jennifer 
Stone4, Yun-Mi Song5, Louisa B. Flander1, Richard Saffery  6,7, Graham G. Giles1,8, Melissa C. 
Southey3, Joohon Sung2,9 & John L. Hopper1,2,9

We asked if twin birth influences the DNA methylation of subsequent siblings. We measured whole 
blood methylation using the HumanMethylation450 array for siblings from two twin and family studies 
in Australia and Korea. We compared the means and correlations in methylation between pairs of 
siblings born before a twin birth (BT siblings), born on either side of a twin birth (B/AT pairs) and born 
after a twin birth (AT siblings). For the genome-wide average DNA methylation, the correlation for AT 
pairs (rAT) was larger than the correlation for BT pairs (rBT) in both studies, and from the meta-analysis, 
rAT = 0.46 (95% CI: 0.26, 0.63) and rBT = −0.003 (95% CI: −0.30, 0.29) (P = 0.02). B/AT pairs were not 
correlated (from the meta-analysis rBAT = 0.08; 95% CI: −0.31, 0.45). Similar results were found for 
the average methylation of several genomic regions, e.g., CpG shelf and gene body. BT and AT pairs 
were differentially correlated in methylation for 15 probes (all P < 10−7), and the top 152 differentially 
correlated probes (at P < 10−4) were enriched in cell signalling and breast cancer regulation pathways. 
Our observations are consistent with a twin birth changing the intrauterine environment such that 
siblings both born after a twin birth are correlated in DNA methylation.

DNA methylation mainly occurs at cytosine-guanine dinucleotides (CpG) sites through the conversion of cyto-
sine to 5-methylcytosine. This is one of several epigenetic modifications known to be involved in transcription 
regulation without changing the DNA sequence. DNA methylation has been proposed to play a critical role in the 
etiology of complex traits and diseases1.

Enlarged by pregnancy and then undergoing involution, the uterus potentially acquires specific changes as a 
consequence of previous births. Multiple pregnancy, an atypical pregnancy, causes even greater changes to the 
intrauterine environment as the uterus is enlarged far more than with a singleton pregnancy. For example, using 
the fundal height of women with normal singleton pregnancy as a measure of uterine distension, 99% women 
with twin pregnancy had fundal height > 2 standard deviations larger than the average of women with singleton 
pregnancy at the same gestation week2. Multiple pregnancy is also known to change maternal physiology3, 4 and 
increase the risks of several maternal complications4, 5, such as gestational diabetes and preeclampsia. In fact, 
many studies have found evidence that prenatal factors or intrauterine environment play a key role in shaping 
the DNA methylation of offspring6–11, with further evidence that some of these effects tend to be long-lasting and 
persist into later life10–13. In light of this we asked whether twin birth can alter the intrauterine environment in 
such a manner that influences the methylation status of subsequent siblings such that persons born after a twin 
birth have different methylation features compared with those born before a twin birth.

To answer this question, we studied the different methylation measures, including the global methylation, the 
average methylation of genomic regions and methylation at individual site, of middle-aged siblings from two twin 
and family studies: the Australian Mammographic Density Twins and Sisters Study (AMDTSS) and the Korean 
Healthy Twin Study (KHTS). We compared the means of different methylation measures between siblings born 
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before a twin birth (denoted as BT siblings) and siblings born after a twin birth (denoted as AT siblings). We also 
compared the correlations across three types of sibling pairs: BT pairs, AT pairs and pairs born either side of a 
twin birth (B/AT pairs).

Results
Characteristics of included subjects. Table 1 shows the characteristics of included subjects from the 
AMDTSS and KHTS. The mean age (standard deviation) of subjects was 56.6 (8.0) and 44.9 (5.6) years, respec-
tively. BT siblings were on average 7 years older than AT siblings in the AMTDSS (P < 0.01). There was no evi-
dence of the BT and AT siblings differed in any other characteristics.

Discovery analysis. For the AMDTSS, from the comparison of means there was no evidence of a difference 
in GWAM, or in the average methylation of any genomic region, between BT and AT siblings (all P > 0.1; Table 2). 
From the probe-by-probe analysis, no probe differed between BT and AT siblings at the genome-wide level of 
significance (P = 10−7).

Neither BT nor B/AT pairs were correlated in GWAM (rBT = −0.01, 95% CI: −0.34, 0.31; rBAT = 0.14; 95% 
CI: −0.31, 0.53) (Table 3; Fig. 1). After combining rBT and rBAT, the estimate was 0.04 (95% CI: −0.24, 0.32). The 
correlation for AT pairs, however, was 0.48 (95% CI: 0.23, 0.67), larger than the correlation for BT pairs (P = 0.06). 

AMDTSS KHTS

BT siblings AT siblings P-value† BT siblings AT siblings P-value†

N 112 103 27 15

Age, 
mean ± SD 59.9 ± 7.3 52.9 ± 7.1  < 0.01 46.2 ± 6.1 42.5 ± 5.0 0.05

Sex, N (%) — 0.96

 Females 112 (100.0) 103 (100.0) 16 (59.3) 9 (60.0)

 Males 0 0 11 (40.7) 6 (40.0)

BMI, 
mean ± SD 27.5 ± 5.8 26.6 ± 6.0 0.26 24.8 ± 3.0 22.8 ± 3.4 0.06

Smoking, N 
(%) 0.91 0.73

 Never 65 (58.0) 58 (56.3) 17 (63.0) 11 (73.3)

 Ever 47 (42.0) 45 (43.7) 10 (37.0) 4 (26.7)

Alcohol, N (%) 0.83 1.00

 Never 43 (38.4) 42 (40.8) 5 (0.19) 3 (0.20)

 Ever 69 (61.6) 61 (59.2) 22 (0.81) 12 (0.80)

Table 1. Characteristics of BT and AT siblings from the AMDTSS and KHTS*. *BT: before twin birth; AT: after 
twin birth; AMDTSS: Australian Mammographic Density Twins and Sisters Study; KHTS: Korean Healthy 
Twin Study; SD: standard deviation. †P-value for compare the characteristic between BT and AT siblings within 
each study.

Genomic regions

Methylation 
in BT siblings† 
(mean ± SD)

Methylation 
in AT siblings† 
(mean ± SD) P-value‡

GWAM 52.97 ± 0.32 52.99 ± 0.31 0.39

CpG island 22.77 ± 0.34 22.66 ± 0.39 0.33

CpG shelf 78.45 ± 0.47 78.58 ± 0.46 0.14

CpG shore 49.23 ± 0.43 49.23 ± 0.41 0.53

non-CGI region 74.28 ± 0.45 74.38 ± 0.44 0.19

Gene body 65.17 ± 0.35 65.22 ± 0.36 0.20

Promoter 30.83 ± 0.29 30.78 ± 0.28 0.81

Intergenic region 63.19 ± 0.40 63.23 ± 0.40 0.33

TSS1500 37.77 ± 0.34 37.76 ± 0.32 0.76

TSS200 19.40 ± 0.24 19.32 ± 0.27 0.21

5′UTR 34.00 ± 0.28 33.96 ± 0.28 0.89

1stExon 22.22 ± 0.28 22.12 ± 0.31 0.21

3′UTR 76.14 ± 0.40 76.25 ± 0.39 0.10

Table 2. GWAM and the average methylation of genomic regions between BT and AT siblings from the 
AMDTSS* *GWAM: genome-wide average methylation; BT: before twin birth; AT: after twin birth; AMDTSS: 
Australian Mammographic Density Twins and Sisters Study; SD: standard deviation. †Methylation is presented 
as the percentage of methylation, that is, beta-value × 100. ‡P-value for compare the mean of methylation 
between BT and AT siblings.
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We did not find evidence that these correlations depended on the twins’ zygosity (P = 0.18), or any of the exam-
ined factors (all P > 0.1).

For the average methylation of genomic regions, BT pairs were correlated in TSS200 (rBT = 0.36; 95% CI: 
0.04, 0.61) while AT pairs were not correlated (rAT = 0.17; 95% CI: −0.19, 0.49); however, there was no differ-
ence between the two correlations (P = 0.45; Table 3). BT pairs were not correlated in any other regions (all 

Genomic region

Discovery: AMDTSS Replication: KHTS Meta-analysis: AMDTSS + KHTS

rBT (SE) rBAT (SE) rAT (SE)

P‡

rBT (SE) rBAT (SE) rAT (SE)

P‡

rBT (SE) rBAT (SE) rAT (SE)

P‡N = 38† N = 40† N = 34† N = 26† N = 9† N = 16† N = 64† N = 49† N = 50†

GWAM −0.01 (0.17) 0.14 (0.23) 0.48 (0.15) 0.06 0.04 (0.36) −0.14 (0.45) 0.43 (0.21) 0.35 −0.003 (0.16) 0.08 (0.21) 0.46 (0.12) 0.02

CpG island 0.001 (0.27) 0.18 (0.19) 0.23 (0.18) 0.49 −0.02 (0.25) −0.20 (0.59) 0.36 (0.26) 0.33 −0.01 (0.19) 0.15 (0.18) 0.27 (0.15) 0.23

CpG shelf 0.15 (0.21) −0.10 (0.36) 0.64 (0.10) 0.03 0.02 (0.30) −0.33 (0.43) 0.44 (0.20) 0.31 0.11 (0.17) −0.20 (0.28) 0.60 (0.09) 0.01

CpG shore −0.08 (0.14) 0.08 (0.20) 0.29 (0.20) 0.19 0.06 (0.34) 0.01 (0.32) 0.48 (0.23) 0.31 −0.06 (0.13) 0.06 (0.17) 0.38 (0.15) 0.03

non-CGI region 0.08 (0.21) 0.11 (0.35) 0.63 (0.10) 0.02 −0.17 (0.15) −0.39 (0.13) 0.40 (0.20) 0.15 −0.10 (0.12) −0.34 (0.12) 0.59 (0.09) 6.2E-6

Gene body 0.02 (0.18) 0.06 (0.30) 0.56 (0.12) 0.03 0.05 (0.41) −0.29 (0.35) 0.44 (0.20) 0.36 0.02 (0.17) −0.09 (0.23) 0.53 (0.10) 0.01

Promoter 0.05 (0.17) 0.18 (0.16) 0.17 (0.21) 0.66 0.01 (0.27) 0.15 (0.37) 0.52 (0.21) 0.19 0.04 (0.14) 0.18 (0.14) 0.35 (0.15) 0.13

Intergenic region −0.02 (0.20) 0.17 (0.27) 0.53 (0.13) 0.04 −0.12 (0.23) −0.27 (0.31) 0.39 (0.21) 0.25 −0.06 (0.15) −0.02 (0.20) 0.49 (0.11) 0.003

TSS1500 −0.03 (0.16) 0.18 (0.16) 0.21 (0.22) 0.40 0.04 (0.28) 0.15 (0.34) 0.49 (0.22) 0.24 −0.01 (0.14) 0.17 (0.15) 0.36 (0.15) 0.08

TSS200 0.36 (0.17) 0.24 (0.16) 0.17 (0.19) 0.45 −0.20 (0.14) 0.20 (0.32) 0.61 (0.19) 0.03 0.04 (0.11) 0.23 (0.14) 0.41 (0.13) 0.03

5′UTR 0.10 (0.16) 0.17 (0.17) 0.24 (0.20) 0.59 0.07 (0.29) 0.18 (0.45) 0.51 (0.21) 0.24 0.09 (0.14) 0.17 (0.16) 0.37 (0.14) 0.17

1stExon 0.27 (0.21) 0.23 (0.17) 0.13 (0.20) 0.63 −0.18 (0.18) −0.18 (0.36) 0.51 (0.22) 0.10 0.02 (0.14) 0.16 (0.15) 0.31 (0.15) 0.14

3′UTR 0.02 (0.18) 0.05 (0.33) 0.60 (0.11) 0.01 0.20 (0.40) −0.33 (0.50) 0.42 (0.20) 0.58 0.05 (0.16) −0.07 (0.28) 0.56 (0.10) 0.01

Table 3. Correlations in GWAM and in the average methylation of genomic regions*. *GWAM: genome-
wide average methylation; BT: before twin birth; AT: after twin birth; BAT: born on either side of a twin birth; 
AMDTSS: Australian Mammographic Density Twins and Sisters Study; KHTS: Korean Healthy Twin Study; SE: 
standard error. †Number of quasi-independent pairs. ‡P-value for the comparison between rBT and rAT.

Figure 1. Correlations in GWAM for different types of sibling pairs in the AMDTSS and KHTS (a) Pairs of BT 
siblings in the AMDTSS. (b) Pairs of B/AT siblings in the AMDTSS. (c) Pairs of AT siblings in the AMDTSS. (d) 
Pairs of BT siblings in the KHTS. (e) Pairs of B/AT siblings in the KHTS. (f) Pairs of AT siblings in the KHTS.
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P > 0.19). AT pairs were correlated in CpG shelf, non-CGI region, gene body, intergenic region and 3′UTR (all 
estimates > 0.5; all P < 6.0 × 10−6). For these five regions, the correlations were also different between BT and AT 
pairs (all P < 0.04). The number of statistically significant (at P < 0.05) comparisons, 5 out of 12, was more than 
the 0.6 that would have been expected by chance (P = 1.8 × 10−4). B/AT pairs were not correlated in any region 
(all P > 0.12).

From the probe analyses, for 306 the algorithm failed to converge, leaving results for 468,100 probes. There 
were more probes with positive correlation estimates for AT pairs compared with BT pairs (45% vs 40%, 
P < 10−15). The mean correlation estimate was −0.03 for BT pairs, smaller than −0.01 for AT pairs (P < 10−15). 
From comparing the correlations, 15 probes were identified to be differentially correlated between BT and AT 
pairs at the genome-wide level of significance (P = 10−7) (Table 4). Among them, two probes were more correlated 
for BT pairs and 13 probes were more correlated for AT pairs. This inconsistency in direction was more extreme 
than a 50:50 split expected under the null hypothesis that the difference is random (P < 0.01).

Replication analysis. For the KHTS, neither BT nor B/AT pairs were correlated in GWAM (rBT = 0.04, 
95% CI: −0.58, 0.64; rBAT = −0.14; 95% CI: −0.77, 0.64) (Table 3; Fig. 1). The correlation was 0.43 (95% CI: 0.05, 
0.70) for AT pairs, numerically larger than rBT (P = 0.35). We did not find evidence of sex heterogeneity in the 
correlations (P = 0.28).

For the average methylation of genomic regions, we consistently found that the AT pairs were more correlated 
than BT pairs between the discovery and replication analyses (P = 0.04; Table 3). BT pairs were not correlated in 
any region (all P > 0.16). AT pairs were correlated in all regions (all P < 0.05) except CpG island. The correlations 
for AT pairs were all numerically larger than those for BT pairs, and the difference for TSS200 was significant 
(P = 0.03). B/AT siblings were not correlated in any region except being negatively correlated in the non-CGI 
region (rBAT = −0.39; 95% CI: −0.58, −0.17).

Meta-analysis. From combining the AMDTSS and KHTS results, neither BT nor B/AT pairs were correlated 
in GWAM (rBT = −0.003, 95% CI: −0.30, 0.29; rBAT = 0.08; 95% CI: −0.31, 0.45). The correlation was 0.46 (95% 
CI: 0.26, 0.63) for AT pairs, larger than the correlation for BT pairs (P = 0.02; Table 3).

Neither BT nor B/AT pairs were correlated in any region, except that B/AT pairs were negatively correlated 
in the non-CGI region (rBAT = −0.34; 95% CI: −0.53, −0.12) (Table 3). AT pairs were correlated in all regions 
(P < 0.03), except that the correlation in CpG island was marginally significant (P = 0.06). The correlations were 
different between BT and AT pairs in each of the CpG shelf, CpG shore, non-CGI region, gene body, intergenic 
region, TSS200 and 3′UTR regions (all P < 0.04).

Pathway analysis. A total of 152 differential correlated probes (at P < 10−4), annotated to 148 unique genes, 
were included. The top pathways in which these probes overrepresented included “GPCR-mediated nutrient 
sensing in enteroendocrine cells” (4 of 85 molecules: ADCY9, CASR, ITPR1 and PRKCZ), “Phospholipase C 
signalling” (6 of 240 molecules: ADCY9, ARHGEF16, ARHGEF17, ITPR1, RAP1A and PRKCZ), “Corticotropin 
releasing hormone signalling” (4 of 111 molecules: ADCY9, ITPR1, RAP1A and PRKCZ), “Clathrin-mediated 
endocytosis signaling” (5 of 197 molecules: CSNK2A1, AP2M1, FGF8, DAB2 and FGF1), “Asparagine biosyn-
thesis I” (1 of 1 molecules: ASNS) and “Breast cancer regulation by stathmin1” (5 of 203 molecules: ADCY9, 
ARHGEF16, ARHGEF17, ITPR1 and PRKCZ; all P < 0.01). The top diseases and disorders included “Connective 
tissue disorders”, “Developmental disorder”, “Gastrointestinal disease”, “Organismal injury and abnormali-
ties” and “Skeletal and muscular disorders” (all P < 10−4). The top molecular and cellular functions included 

Probe CHR Position
UCSC_
RefGene_Name

UCSC_
RefGene_Group

Relation_to_
UCSC_CpG_Island rBT (SE) rAT (SE) P-value†

cg08757148 1 24513722 IL28RA 1stExon Island 0.98 (0.01) 0.15 (0.11)  < 2.2E-16

cg15392109 11 118478329 PHLDB1 5′UTR Island −0.03 (0.18) 0.98 (0.01) 4.4E-16

cg06699489 6 158690902 −0.15 (0.12) 0.90 (0.02) 7.6E-12

cg11671265 4 78722517 CNOT6L Body 0.07 (0.23) 0.95 (0.01) 3.2E-11

cg08410878 8 1733369 CLN8 3′UTR Island −0.14 (0.23) 0.93 (0.02) 3.7E-11

cg21173402 8 610095 −0.15 (0.13) 0.94 (0.02) 3.1E-10

cg05751055 6 33036504 HLA-DPA1 Body 0.93 (0.02) −0.06 (0.11) 6.0E-10

cg19726630 3 32400704 CMTM8 Body 0.08 (0.18) 0.94 (0.02) 8.5E-10

cg14372324 20 30347798 TPX2 Body −0.07 (0.14) 0.93 (0.02) 1.3E-09

cg07570618 1 1992389 PRKCZ Body S_Shore −0.05 (0.09) 0.93 (0.02) 1.4E-09

cg00684178 2 242752080 NEU4 5′UTR N_Shelf −0.08 (0.12) 0.90 (0.03) 1.5E-09

cg18875674 11 73026651 ARHGEF17 Body 0.21 (0.15) 0.93 (0.02) 1.7E-09

cg06776907 1 40714009 TMCO2 Body 0.05 (0.15) 0.90 (0.02) 1.9E-09

cg22491001 13 111142037 RAB20 Body −0.19 (0.13) 0.88 (0.03) 2.9E-09

cg19976628 3 38033516 N_Shelf −0.06 (0.16) 0.90 (0.03) 5.7E-09

Table 4. Probes identified to be differentially correlated between BT and AT pairs from the AMDTSS*. *BT: 
before twin birth; AT: after twin birth; AMDTSS: Australian Mammographic Density Twins and Sisters Study; 
CHR: chromosomes; SE: standard error. †P-value for the comparison between rBT and rAT.
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“Cellular movement”, “Cellular assembly and organization”, “Cellular function and maintenance”, “Cell death and 
survival” and “Cell-to-cell signalling and interaction” (all P < 5 × 10−4). The top physiological system develop-
ment and function included “Digestive system development and function”, “Organismal development”, “Tissue 
Morphology”, “Nervous system development and function” and “Tissue development” (all P < 5 × 10−4).

Discussion
We have found, from conducting two twin and family studies that compared the blood DNA methylation meas-
ures between middle-aged BT and AT siblings, evidence consistent with twin birth changing the methylation of 
siblings born after a twin birth. This change appears to cause the DNA methylation of sibling pairs born after a 
twin birth to be similar, which is in contrast to the DNA methylation of sibling pairs both before a twin birth, or 
either side of a twin birth, which is not correlated.

To the best of our knowledge, our studies are the first to report on the potential for a twin birth to influence the 
methylation of subsequent siblings. The potential for maternal factors to change the methylation of subsequent 
offspring comes from two studies with similar design that have found that siblings born before and after maternal 
bariatric surgery have different methylation levels at several genes14, 15.

From a previous study that combined data from seven twin and family studies across the lifespan we found 
evidence that GWAM, a measure of global methylation16, is initially determined by intrauterine environmental 
effects which decrease over the life course (Li, et al. Under review). In that study, we did not find evidence that 
middle-aged sibling pairs overall (including BT, B/AT, AT and twin-sibling pairs) were correlated in GWAM. 
Here we have found that, on a closer examination, only the subgroup of AT sibling pairs was correlated. This 
observation indicates that twin birth can influence the covariance in GWAM for sibling pairs born after a twin 
birth, even when they are in middle age. It is likely that these pairs were even more highly correlated in earlier life, 
given that we observed this for twin pairs when we pooled of studies across the life span.

It is unlikely that our observation is explained by factors other than twin birth. Given that both types of sib-
lings are first-degree relatives who share on average 50% of germline genetic information, this observation cannot 
be explained by such genetic factors. Furthermore, we previously did not find evidence of germline genetic factors 
explaining variation in GWAM to a detectable extent at any stage of the lifespan (Li, et al. Under review). We 
applied the ComBat or a mixed-effects model to minimise batch effects, and we observed similar phenomenon in 
two independent studies, therefore the observation is unlikely to be due to batch effects, especially those specific 
to any one study. We did not find evidence that the correlations depended on age, sex or any other factors we 
examined. It is noteworthy that the mean ages of B/AT pairs were 54.1 and 44.4 years in the AMDTSS and KHTS, 
respectively, similar to that of AT pairs, yet B/AT pairs were not correlated. We note that our lack of information 
on maternal age means that we could not examine the influence of this factor on our results. However, given that 
maternal age is typically negatively correlated with offspring’s age, any impact of maternal age would have been 
reduced by adjusting for age before estimating the correlations.

Our observations are also unlikely to be explained by the ‘epigenetic drift’, given that the participants were 
middle-aged. In the seminal paper that first reported this phenomenon, there was little evidence for epigenetic 
drift in middle age or beyond: middle-aged and elderly pairs of monozygotic twins had similar Euclidean squared 
distance in 5-methylcytosine content regardless of age17. We previously found evidence suggesting that the cor-
relation in GWAM for twin pairs remains constant after early adulthood (Li, et al. Under review), which is also 
consistent with epigenetic drift not being manifest in middle age and beyond.

We found evidence that AT pairs were more correlated in the average methylation of several genomic regions, 
as well as in methylation at several methylation sites. This suggests that twin birth’s influence is not only detectable 
at the genome-wide level, but also at specific regions and methylation sites.

Our results are epidemiological observations. Blood methylation has also been observed to be associated with 
risks of complex traits and diseases; for example, GWAM or similar measures in whole blood have been found 
to be associated with risks of breast cancer18, 19, urothelial cell carcinoma16 and mature B-cell neoplasms20. The 
hypothesis of developmental origins of health and disease (DOHaD) considers that epigenome reprogramming 
during the fetal development period is one possible biological mechanism for the prenatal origins of diseases at 
later ages21, 22. Therefore, our study suggests that siblings born after a twin birth potentially have different disease 
(e.g. cancer) risks from those born before a twin birth. To our knowledge, no study has yet reported on different 
disease risks between the two types of siblings defined by a twin birth. Our study also implies that twin birth 
might mostly influence cell signalling and breast cancer regulation pathways. The overrepresentation of these 
pathways is mainly based on molecules including ADCY9, ITPR1 and PRKCZ. We also find evidence that sev-
eral disorders/diseases, such as those in connective tissue, development and digestive system, and such cellular 
functions as cellular movement, assembly and organization involving in tumour cell migration and endocytosis 
of liposome are potentially influenced by twin birth. The links between these pathways/functions and diseases 
remain to be investigated.

We hope that our study will provide new insights on the shaping of human blood methylome, especially on 
the role of intrauterine environment. In addition, our study findings suggest that more research about the features 
of different types of siblings defined by a twin birth are justified, and have the potential for providing a better 
understanding the aetiology of complex diseases.

We hypothesize that twin birth influences the DNA methylation of subsequent siblings through changing the 
intrauterine environment. While our observations suggest that twin birth influences the DNA methylation of 
subsequent siblings we did not have, and our study could not provide, direct evidence that twin birth changes the 
intrauterine environment. The mechanisms underlying these epidemiological observations need to be further 
studied.

A strength of our study is that we have used two independent yet comparable studies for discovery and repli-
cation, and found similar results. The inclusion of two studies minimises the possibility for any bias due to factors 
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specific to one study. A limitation of our study is that we were unable to investigate the influence on our results of 
factors other than those we had measured.

We conclude that twin birth can change the similarity in whole blood DNA methylation of siblings both born 
after a twin birth, without discernibly changing the methylation level of such siblings.

Methods
Subjects. Subjects were from the Australian Mammographic Density Twins and Sisters Study (AMDTSS)23 
and the Korean Healthy Twin Study (KHTS)24. The AMDTSS was used for discovery and the KHTS was used for 
replication.

The AMDTSS is a twin and family study conducted in Australia originally designed to study mammographic 
density as a risk factor for breast cancer, in which 479 women comprising 132 twin pairs and their 215 sisters from 
130 families were selected for methylation research. The 215 sisters including 112 BT siblings and 103 AT siblings 
were included in this study. Of the 130 families, 28 included at least two BT siblings, 27 included at least two AT 
siblings, and 23 included at least one BT sibling and one AT sibling.

The KHTS is a study of twin families conducted in South Korea designed to examine genetic and environmen-
tal factors underlying complex human diseases and traits24, in which 390 participants comprising monozygotic 
twins and their first-degree relatives from 97 families were selected for methylation research. 42 siblings including 
27 BT siblings and 15 AT siblings were included in this study.

The AMDTSS was approved by the Human Research Ethics Committee of the University of Melbourne. The 
KHTS was approved by the Institutional Review Board of Samsung Medical Centre and Busan Paik Hospital. 
Both studies were conducted in accordance with the Helsinki Declaration. All participants from both studies 
provided written informed consent.

DNA methylation measurement. Each study measured DNA methylation using the Infinium 
HumanMethylation450 BeadChip (HM450) array and performed data pre-processing independently.

In the AMDTSS, DNA was extracted from dried blood spots stored on Guthrie cards25. DNA was sodium 
bisulfite converted using the EZ DNA Methylation-Gold protocol as per manufacturers’ instructions (Zymo 
Research, Irvine, CA) and eluted in 20 µl elution buffer. DNA samples extracted from the same family were 
assayed on the same chip. Raw intensity data was processed by Bioconductor package minfi26 which included 
normalization of data using Illumina’s reference factor-based normalization methods (preprocessIllumina) and 
subset-quantile within array normalization (SWAN)27 for type I and II probe bias correction. An empirical Bayes 
batch-effects removal method ComBat28 was applied to minimise the technical variation across batches. All sam-
ples passed quality control. Probes with missing value (detection P-value > 0.01) in one or more samples, 65 
control probes and probes mapping to X-chromosome were excluded, leaving 468,406 autosomal probes. See Li 
et al.29 for more details.

In the KHTS, DNA was extracted from peripheral blood lymphocytes. The measurement was conducted in 
two separated experiments (experiment I and II), with individuals from the same family included in the same 
experiment. For each experiment, quality control and data pre-processing were performed separately, while the 
same analytic tools and methods were applied. The R package RnBeads30 was applied to extract methylation 
values. In the quality control, a series of probe and sample filtering steps were followed: probes mapping to sex 
chromosomes, associated with SNPs and/or out of CpG context were removed, and CpG probes and samples 
were filtered at detection P-value of 0.01. The beta mixture quantile dilation (BMIQ) method31 was used for 
normalization.

Statistical methods. Discovery analysis. We studied a global methylation measure, genome-wide average 
DNA methylation (GWAM) defined as the average beta-value across autosomal probes. We compared the means 
in GWAM between BT and AT siblings using a linear mixed-effects model, in which GWAM was the outcome 
and sister type was the predictor. The model was adjusted for age and blood cell type composition (fixed effects), 
and for family identification number (random effect). The blood cell type composition was estimated from the 
methylation data using the Houseman method32 from the Bioconductor package minfi.

We estimated correlations in GWAM for BT pairs (rBT), B/AT pairs (rBAT) and AT pairs (rAT). The correlation 
was estimated based on computationally maximizing the likelihood of a multivariate normal model for pedigree 
analysis33–35. The correlation in GWAM was the covariance in GWAM between relatives divided by the variance 
of GWAM. GWAM was firstly adjusted for age and the blood cell type composition using a linear regression. 
Residuals from the regression were used to estimate correlations. Correlations between BT and AT pairs were 
compared using the likelihood ratio test (LRT), that is, a nested model in which the two correlations set to equal 
was fitted, and a P-value was calculated according to that twice the difference in the log likelihoods between the 
full and nested model approximately follows the chi-squared distribution with one degree of freedom.

To investigate if the correlations depend on the twins’ zygosity, we stratified each type of sibling pairs by the 
twins’ zygosity and estimated the correlation in each stratum. The model fit was compared with that of the model 
above using the LRT. To investigate if the correlations depend on other factors, we modelled the correlations as 
α + β *factor where the factor was a characteristic of the sibling pair: (1) the average age; (2) the absolute value 
of age difference; (3) the average birth order; (4) the absolute value of birth order difference; (5) the average year 
between the sibling’s birth and the twins’ birth; (6) the absolute value of the difference in year between the sibling’s 
birth and the twins’ birth; and (7) the twins’ age. The model fit was compared with that of the model above using 
the LRT.

We studied the average methylation of genomic regions. According to Illumina’s annotation file, probes were 
grouped according to their genomic positions (gene body, intergenic region, promoter, TSS1500, TSS200, 5′UTR, 
1stExon or 3′UTR) or to their positions relative to a CpG island (CGI) (CpG island, CpG shelf, CpG shore or 
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non-CGI region). For each region, the average beta-value across autosomal probes was calculated. The means and 
correlations of these genomic regions were compared using the same methods as those for GWAM. The binomial 
test was used to test whether the observed number of statistically significant (at P < 0.05) comparisons was more 
than would be expected by chance.

We studied the methylation measured by each autosomal probe, comparing the means and correlations in the 
methylation (beta-value) measured by each probe using the same methods as those for GWAM. P-values were 
corrected for the genomic control inflation factor. Genome-wide level of significance was 10−7. The McNemar’s 
test was used to compare the proportions of positive correlation estimates, and the paired t-test was used to com-
pare the means in correlation estimates. The binomial test was used to test whether the observed direction of the 
genome-wide significant associations was more extreme than would have been expected by chance.

Replication analysis. For GWAM and the average methylation of genomic regions, we estimated their cor-
relations in the KHTS. The methylation measure was firstly adjusted for age, sex, experiment, the estimated blood 
cell type composition (fixed effects), array and position on the array (random effects) using a linear mixed-effects 
model in the whole dataset. Residuals from the model were used for correlation estimation. Sex heterogeneity in 
correlations was examined using the LRT. The binomial test was used to test the consistency of results between 
discovery and replication analyses.

Meta-analysis. Results from discovery and replication analyses were pooled using a fixed-effect 
meta-analysis under inverse-variance weighting. The correlations were compared between BT and AT pairs based 
on asymptotic theory.

Pathway analysis. We performed pathway analysis for the probes differentially correlated at P < 10−4 
between BT and AT pairs. These probes were annotated to genes according to the closest transcription start site 
(TSS)36. The gene list was uploaded to QIAGEN Ingenuity® Pathway Analysis (IPA®, QIAGEN Redwood City,
www.qiagen.com/ingenuity) for assessing overrepresentation relative to all human gene functions37.

Correlation estimation and modelling were performed using the Sequential Oligogenic Linkage Analysis 
Routines (SOLAR) program version 8.1.1 (http://solar-eclipse-genetics.org/). Regression analyses were per-
formed using R version 3.2.4 (http://www.r-project.org). The mixed-effects model was fitted using the lmer func-
tion from the R package lme4. The linear regression was fitted using the lm function in R. The meta-analysis was 
performed using the metagen function from the R package meta. The McNemar’s test, t-test, binomial test were 
performed using the mcnemar. test, t. test and binom. test function in R, respectively.

Data availability. The discovery data are available at the Gene Expression Omnibus under accession number 
GSE100227. The replication data are available on the request to the authors. The SOLAR code could be found in 
the Supplementary Text.
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SOLAR code 

This code is for estimating correlations for pairs of BT, B/AT, and AT siblings in GWAM. 

GWAM is firstly adjusted for age and cell proportions using a linear regression. The residuals 

are then standardized to be Z-scores and used in analysis. Two input files, pedigree and 

phenotype files, are needed. Details of the format of the two files can be found in http://solar-

eclipse-genetics.org/.  In the phenotype file, variable 'order' indicates the type of sibling, from 

which '1' means AT sibling, and '2' means BT sibling. 

 

## Start of the code 

load pedigree ped.ped  #Read pedigree file. 

load phenotypes phen.phen #Read phenotype file.  

trait gwam #To analyse GWAM (Z-scores for the residuals) from the phenotype file. 

parameter rat = 0.0 lower -1.0 upper 1.0 #Define a parameter for the correlation for pairs of 

AT siblings, and its initial value and bounds. 

parameter rbt = 0.0 lower -1.0 upper 1.0 #Define a parameter for the correlation for pairs of 

BT siblings, and its initial value and bounds. 

parameter rabt = 0.0 lower -1.0 upper 1.0 #Define a parameter for the correlation for pairs of 

B/AT siblings, and its initial value and bounds. 

mu = 0.0 #The function of the mean in GWAM. 

omega = I + \ #Covariance for pairs of identical individuals. 

(phi2 == 0.5)*rat*(order_i == 1)*(order_j == 1) + \ #Covariance for pairs of AT siblings.  

(phi2 == 0.5)*rbt*(order_i == 2)*(order_j == 2) + \ #Covariance for pairs of BT siblings. 

(phi2 == 0.5)*rabt*(order_i != order_j) #Covariance for pairs of B/AT siblings. 

maximize 

## End of the code 
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 Causes of variation in epigenetic 

age acceleration  

7.1 Introduction  

In this chapter, I aimed to investigate the unmeasured causes of variation in epigenetic 

age acceleration. Epigenetic age acceleration was defined as the difference (Δage) 

between biological age based on DNA methylation and chronological age. I used the 

AMDTSS dataset and calculated two measures of Δage using the Hannum [118] and 

Horvath [119] algorithms, respectively. For MZ pairs, DZ pairs and sibling pairs, I 

estimated their correlations in the two measures of Δage, and in the combined measure of 

Δage. I also pooled the results from the AMDTSS with the results from a previous study 

[122]. I found evidence consistent with that the familial correlation in Δage could not be 

explained by the additive genetic factors alone, implying the existence of shared non-

genetic factors explaining the variation in Δage. 

The work of this chapter has been published in the Twin Research and Human Genetics 

[207]. This chapter contains the publication, which can also be found at 

 https://doi.org/10.1017/thg.2015.75.  

 

7.2 Publication 
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Genetic and Environmental Causes of Variation in
the Difference Between Biological Age Based on
DNA Methylation and Chronological Age for
Middle-Aged Women

Shuai Li,1 Ee Ming Wong,2 JiHoon E. Joo,2 Chol-Hee Jung,3 Jessica Chung,3 Carmel Apicella,1

Jennifer Stone,4 Gillian S. Dite,1 Graham G. Giles,1,5 Melissa C. Southey,2 and John L. Hopper1

1Centre for Epidemiology and Biostatistics, Melbourne School of Population and Global Health, The University of
Melbourne, Melbourne, Victoria, Australia
2Genetic Epidemiology Laboratory, Department of Pathology, The University of Melbourne, Melbourne, Victoria, Australia
3VLSCI Life Sciences Computation Centre, The University of Melbourne, Melbourne, Victoria, Australia
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The disease- and mortality-related difference between biological age based on DNA methylation and
chronological age (�age) has been found to have approximately 40% heritability by assuming that the
familial correlation is only explained by additive genetic factors. We calculated two different �age measures
for 132 middle-aged female twin pairs (66 monozygotic and 66 dizygotic twin pairs) and their 215 sisters
using DNA methylation data measured by the Infinium HumanMethylation450 BeadChip arrays. For each
�age measure, and their combined measure, we estimated the familial correlation for MZ, DZ and sibling
pairs using the multivariate normal model for pedigree analysis. We also pooled our estimates with those
from a former study to estimate weighted average correlations. For both �age measures, there was familial
correlation that varied across different types of relatives. No evidence of a difference was found between
the MZ and DZ pair correlations, or between the DZ and sibling pair correlations. The only difference was
between the MZ and sibling pair correlations (p < .01), and there was marginal evidence that the MZ pair
correlation was greater than twice the sibling pair correlation (p < .08). For weighted average correlation,
there was evidence that the MZ pair correlation was greater than the DZ pair correlation (p < .03), and
marginally greater than twice the sibling pair correlation (p < .08). The varied familial correlation of �age
is not explained by additive genetic factors alone, implying the existence of shared non-genetic factors
explaining variation in �age for middle-aged women.

� Keywords: twin family study, DNA methylation, age, familial correlation, heritability

DNA methylation, one type of epigenetic modification
mainly occurring at the CpG dinucleotide, is associated
with the regulation of gene expression. DNA methylation
does not remain constant over time (Fraga et al., 2005;
Wong et al., 2010), even in early infancy (Martino et al.,
2013). Previous studies suggest there are age-sensitive sites
of DNA methylation (Alisch et al., 2012; Bell et al., 2012;
Bocklandt et al., 2011; Florath et al., 2014; Hannum et al.,
2013; Johansson et al., 2013; Rakyan et al., 2010).

Six studies have developed algorithms that use DNA
methylation to predict chronological age (Bocklandt et al.,
2011; Florath et al., 2014; Hannum et al., 2013; Horvath,
2013; Koch & Wagner, 2011; Weidner et al., 2014). The pre-
dicted value is regarded as the methylation-based biological

age (mage) for the corresponding tissue. In particular, Han-
num and colleagues developed an age predictor based on
methylation levels at 71 probes from the Illumina 450K
Methylation arrays using data from whole blood (Hannum
et al., 2013). Another age predictor based on methylation
levels at 353 probes common to the Illumina 450K and 27K
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Causes of Cariation in DNA Methylation Age

Methylation arrays using data from multiple tissues and cell
types was developed by Horvath (2013).

Methylation age acceleration index, defined as �age
= mage — chronological age (Horvath, 2013), represents
the inconsistency between methylation-based biological age
and chronological age. There is now evidence that both the
�age measures from the Hannum and Horvath predictors
are associated with risks of some diseases, and of all-cause
mortality (Horvath et al., 2014, 2015; Marioni et al., 2015).

Both the Hannum �age and the Horvarth �age were
found to be correlated in adolescent twin pairs and their
family members (Marioni et al., 2015), and Horvarth �age
was also found to be correlated in a small number of middle-
aged twin pairs (Horvath, 2013). The heritability of �age
was estimated to be 40%, based on assuming that the vari-
ance is composed of an additive genetic variance (A) and
an individual-specific variance (E) (i.e., non-shared envi-
ronmental factors) only. However, this assumption was not
tested.

Of the six published studies using DNA methylation to
predict chronological age, two (Bocklandt et al., 2011; Flo-
rath et al., 2014) did not provide the identifiers and coef-
ficients of probes used in their regression models, and we
did not get this information from contacting the authors
so could not apply their predictors to our dataset. The mage

measured by the predictors from the Koch study (Koch &
Wagner, 2011) and the Weidner study (Weidner et al., 2014)
had a low correlation with chronological age in our dataset
(r = 0.31 for the Koch predictor; r = 0.38 for the Weidner
predictor), so we excluded these two predictors to measure
mage. We therefore used the two predictors from the Han-
num study (Hannum et al., 2013) and the Horvath study
(Horvath, 2013) for analysis.

In this study, we estimated the familial correlation of
�age measured by the Hannum and Horvath predictors us-
ing blood samples donated by 132 middle-aged female twin
pairs and 215 of their sisters participating in a twin fam-
ily study of mammographic density, a risk factor for breast
cancer, to explore possible causes of variation in �age.

Materials and Methods
Subjects

Subjects were from the Australian Mammographic Density
Twins and Sisters Study (AMDTSS; Odefrey et al., 2010;
Stone et al., 2007), in which female twins and their sisters
were recruited between 2004 and 2009. When recruited,
the participants were breast cancer free. The study was ap-
proved by the Human Research Ethics Committee of The
University of Melbourne, and all participants gave writ-
ten informed consent. Participants completed question-
naire surveys through telephone-administered interviews
and donated blood samples. Questionnaires collected de-
mographic information and self-reported weight, height,
and other known and putative breast cancer risk factors.

TABLE 1

Summary of Twin Family Structures

Family size Family type Number

3 MZ pair + 1 sister 28
3 DZ pair + 1 sister 35
4 MZ pair + 2 sisters 26
4 DZ pair + 2 sisters 23
4 2 DZ pairs 1
5 MZ pair + 3 sisters 6
5 DZ pair + 3 sisters 5
5 2 MZ pairs + 1 sister 1
6 MZ pair + 4 sisters 4
6 DZ pair + 4 sisters 1

Note: MZ = monozygotic twins, DZ = dizygotic twins.

Blood samples were couriered to the laboratory within 48
hours of collection, and were processed to generate dried
blood spot Guthrie cards.

In this study, in which we oversampled twin families with
one or more sisters, 479 women comprising 66 MZ pairs, 66
DZ pairs, and 215 sisters from 130 families were selected for
DNA methylation measurement. The mean chronological
age was 56 years (range 40–78 years; standard deviation 8
years). There were a total of 552 sibling pairings (including
twin-sister pairs). Table 1 shows that the majority of families
(87%) had three or four members, with 48% containing one
twin pair and one sister, and 38% containing one twin pair
and two sisters.

DNA Methylation Measurement

DNA was extracted in batches of 192 samples from dried
blood spots using a method developed in-house (Joo et al.,
2013). Briefly, for each sample, 20 blood spot punches 3.2
mm in diameter were added to 180 �l phosphate buffered
saline and 20 �l protease. After an overnight incubation at
56°C, the blood spots were homogenized twice using the
TissueLyser II (Qiagen, Hilden, Germany) at 25 hertz for
30 seconds. The resulting supernatant was transferred to
clean collection microtubes and DNA was extracted using
the QIAamp

R©
96 DNA blood protocol as per manufacturers’

instructions (Qiagen, Hilden, Germany). DNA quantity was
assessed using the Quant-iTTM Picogreen R© dsDNA assay
(Life Technologies, Grand Island, NY) measured on the
EnSpire

R©
Multimode Plate Reader (PerkinElmer, Waltham,

Massachusetts).
One microgram of DNA was sodium bisulfite converted

using the EZ DNA Methylation-Gold protocol as per man-
ufacturers’ instructions (Zymo Research, Irvine, CA) and
eluted in 20 �l elution buffer. The success of bisulfite con-
version and the presence of DNA after bisulfite conversion
were evaluated using an in-house bisulfite-specific quanti-
tative PCR (Wong et al., 2015). Bisulfite-specific primers
(forward sequence: 5′ tAA GGT AtA ATt AGA GGA TGG
GAG GGA t; reverse sequence: 5′ aaC AAA CTC Aaa TAa
AAT TCT TCC TC) were designed to amplify a 134 bp
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region within breast cancer susceptibility gene BRCA1 (Gen-
bank: L78833.1). Lower-case letters correspond to bisulfite
converted cytosines.

Each reaction consisted of 1X SYBR Green I Master
(Roche, Basel, Switzerland), 300 pM each of forward and
reverse primers (Integrated DNA Technologies, Coralville,
IA), and 3 �l diluted bisulfite converted DNA (diluted 1:3
in nuclease free water). The reaction was equilibrated to
10 �l with nuclease free water (Life Technologies, Carls-
bad, CA). The bisulfite-specific qPCR assay was performed
on the LightCycler

R©
480 System (Roche, Basel, Switzer-

land) with the following cycling conditions: initial poly-
merase activation for 5 minutes at 95°C followed by
40 cycles of DNA denaturation for 10 seconds at 95°C,
primer annealing for 30 seconds at 60°C and extension
for 90 seconds at 72°C. Subsequent melting of the am-
plified product was performed from 97°C to 65°C for
60 seconds with fluorescent data acquired on the green
channel.

All DNA samples were assayed in duplicate. Good qual-
ity (non-degraded), non-bisulfite converted DNA extracted
from the U266 multiple myeloma cell line was used as a
negative control. Only DNA samples that amplified at least
five quantitation cycles earlier than the negative control
(Cq >5) were assayed on the Infinium HumanMethyla-
tion450 BeadChip array.

Epigenome-wide methylation was assessed using the In-
finium HumanMethylation450 BeadChip arrays (Sandoval
et al., 2011) in accordance with the manufacturer’s instruc-
tions. Briefly, a total of 200 ng of bisulfite converted DNA
was whole genome amplified and hybridized onto the Bead-
Chips. The TECAN automated liquid handler (Tecan Group
Ltd, Mannedorf, Switzerland) was used for the single-base
extension and staining steps. DNA samples extracted from
members of the same family were assayed on the same
beadchip to minimize potential beadchip batch effects. Ad-
ditionally, two randomly selected technical replicates (one
plate included three replicates) and two U266 cell line DNA
samples were included on each plate.

Methylation Data Processing

Raw methylation data was processed by Bioconductor minfi
package (Aryee et al., 2014), which includes normaliza-
tion of data using Illumina’s reference factor-based normal-
ization methods (preprocessIllumina) and subset-quantile
within array normalization (SWAN) for type I and II probe
bias correction (preprocessSWAN; Maksimovic et al., 2012).
An empirical Bayes batch-effects removal method, ComBat
(Johnson et al., 2007), was applied to minimize the technical
variation across batches. A total of 65 probes corresponding
to known single nucleotide polymorphisms, the identifiers
of which start with ‘rs’, were excluded. Probes with detection
p value higher than .01 were assigned as missing. Samples
with more than 5% missing probes were excluded, as were

probes having a missing value in one or more samples. After
cleaning, 479,957 probes for all 479 samples remained.

Statistical Methods

Analyses were based on beta values, defined as the ratio of
the methylated probe intensity to the sum of methylated
and non-methylated probe intensities. Ranging from 0 to
1, beta values approximate the percentage of methylation.

We calculated Spearman correlation coefficients for 11
replicate sample pairs and 119,794 non-replicate sample
pairs, and compared the coefficients using Wilcoxon rank
test to test if the observed variation in methylation was
due to biological causes. In the main analyses, for the 11
replicate samples, the methylation measurement we used
was the average of the two measurements.

Chronological age was defined as the age when the
blood was collected. The Horvath mage was calculated
using the online calculator (http://labs.genetics.ucla.edu/
horvath/dnamage/). The Hannum mage was calculated as
the sum of beta values in our study multiplied by the cor-
responding regression coefficients as reported by Hannum
and colleagues. �age was estimated by the mage measures
above minus the chronological age.

The two �age measures both reflect the difference be-
tween mage and chronological age, and they were highly
correlated with each other. Therefore, we combined the
two measures together to get one measure for the difference
between mage and chronological age. The combined mea-
sure was calculated as the average of the two �age measures
after standardizing each to have mean = 0 and standard
deviation = 1.

For each �age measure and the combined�age measure,
we estimated the familial correlation for different types of
relatives (MZ, DZ, and sibling pairs) under asymptotic like-
lihood theory using a multivariate normal model and the
software FISHER (Hopper & Mathews, 1982, 1994; Lange
et al., 1987). The mean values were adjusted for age and es-
timated cellular composition (Houseman et al., 2012; Jaffe
& Irizarry, 2014) by linear regression to remove the fixed
effect of these covariates. Familial correlation for MZ pairs
(rMZ), DZ pairs (rDZ), and sibling pairs (including twin-
sister pairs; rSib) were estimated simultaneously. The cor-
relations between estimates of rMZ, rDZ, and rSib were also
estimated. In order to compare rMZ, rDZ, and rSib, we fitted
five models: (1) rMZ � rDZ � rSib; (2) rMZ = rDZ � rSib; (3)
rMZ � rDZ = rSib; (4) rMZ = rSib � rDZ; and (5) rMZ = rSib =
rDZ. The relative goodness of fit between nested models was
assessed using the likelihood ratio test. In this analysis, four
tests were performed for each measure. To control for Type
I error, we took p = .013 (0.05/4) as our nominal threshold
for statistical inference.

The study of Marioni et al. (2015) used a similar twin
family design to ours to estimate familial correlations of
the Hannum �age and the Horvath �age. We contacted
the authors to obtain their estimates and combined with
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TABLE 2

Summary of the Hannum and Horvarth Measures for mage and
Δage

Summary Hannum measures Horvath measures

Mean mage (SD) for all
participants

57.28 (6.37) 55.54 (6.46)

Mean �age (SD) for all
participants

0.86 (5.52) -0.88 (6.10)

Correlation of mage with age
for all participants

0.72 0.66

Mean �age (SD) for MZ
twins

0.68 (5.38) -0.83 (5.71)

Mean �age (SD) for DZ
twins

1.39 (5.66) -0.55 (6.41)

Mean �age (SD) for sisters 0.64 (5.52) -1.10 (6.17)

Note: SD = standard deviation, MZ = monozygotic twins, DZ = dizygotic
twins.

ours using the fixed-effect model in the metafor package
in R (Viechtbauer, 2010) to estimate the weighted average
correlations.

We examined the aspect of familial variance shared by
the Hannum �age and the Horvath �age. The correla-
tions between two �age measures were estimated (Hopper
& Mathews, 1994; Lange et al., 1983) and compared across
different types of relatives as for the individual �age mea-
sures.

Results
The median Spearman correlation in beta values for 11
duplicate sample pairs was 0.986 (range 0.980–0.990), larger
than 0.982 (range 0.964–0.990) for non-replicate samples.
The difference was significant (p= .003), consistent with the
observed variation in methylation being due to biological
causes.

Table 2 shows that, for both the Hannum and Horvarth
measures, there was no evidence of a difference between
the means of mage and chronological age (both p = .06).
The correlation was 0.80 between the two mage measures,

and 0.76 between the two �age measures. For both �age
measures, there was no evidence of a difference in means
between the three types of relatives (p = .4 for the Hannum
�age; p = .7 for the Horvath �age).

Familial Correlation of the Individual �Age Measure

Table 3 shows that for both �age measures there was fa-
milial correlation (model V), and comparing with model
I shows that the familial correlation varied across different
types of relatives. For both �age measures, the correlation
between the estimates of rMZ and rDZ in model I was approx-
imately 0.04, while the correlation between the estimates of
rSib and either rMZ or rDZ was approximately 0.10. This
means that the estimates of rMZ, rDZ, and rSib were virtually
independent of one another.

For both �age measures, although the MZ pair corre-
lation was greater than twice the DZ pair correlation, and
the DZ pair correlation was approximately twice the sibling
pair correlation (model I), there was no statistically signif-
icant difference between the MZ and DZ pair correlations
(model II vs. model I), nor between the DZ and sibling pair
correlations (model III vs. model I). The only statistically
significant difference was between the MZ and the sibling
pair correlations (model IV vs. model I; both p < .005). Fur-
thermore, there was marginal evidence that the MZ pair cor-
relation was greater than twice the sibling pair correlation
(p = .08 for Hannum �age; p = .05 for Horvath �age).

Familial Correlation of the Combined �Age Measure

Table 4 shows that for the combined �age measure there
was familial correlation (model V), and the correlation var-
ied across different types of relatives (model V vs. model
I). The DZ pair correlation was approximately halfway be-
tween the MZ and the sibling pair correlations (model I).
However, again there was no statistically significant dif-
ference between the MZ and DZ pair correlations (model
II vs. model I), nor between the DZ pair and sibling pair
correlations (model III vs. model I). The only statistically

TABLE 3

Familial Correlation of the Hannum and Horvarth Δage Measures

Model I Model II Model III Model IV Model V
Correlations rMZ � rDZ � rSib rMZ = rDZ � rSib rMZ � rDZ = rSib rMZ = rSib � rDZ rMZ = rDZ = rSib

Hannum �age
MZ pair correlation (SE) 0.54 (0.08) 0.38 (0.08) 0.56 (0.08) 0.18 (0.05) 0.19 (0.05)
DZ pair correlation (SE) 0.25 (0.11) 0.38 (0.08) 0.16 (0.05) 0.26 (0.11) 0.19 (0.05)
Sibling pair correlation (SE) 0.15 (0.06) 0.14 (0.06) 0.16 (0.05) 0.18 (0.05) 0.19 (0.05)
-2 log likelihood 0 4.37 0.66 11.18 11.57
p value Ref .04 .4 < .001 .003
Horvath �age
MZ pair correlation (SE) 0.45 (0.10) 0.30 (0.08) 0.45 (0.10) 0.11 (0.05) 0.12 (0.05)
DZ pair correlation (SE) 0.20 (0.11) 0.30 (0.08) 0.10 (0.05) 0.21 (0.11) 0.12 (0.05)
Sibling pair correlation (SE) 0.09 (0.05) 0.09 (0.05) 0.10 (0.05) 0.11 (0.05) 0.12 (0.05)
-2 log likelihood 0 2.68 0.89 7.75 8.44
p value Ref .10 .3 .005 .02

Note: MZ = monozygotic twins, DZ = dizygotic twins, SE = standard error; Ref = Reference.
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TABLE 4

Familial Correlation for Combining the Hannum and Horvarth Δage Measures

Model I Model II Model III Model IV Model V
Correlations rMZ � rDZ � rSib rMZ = rDZ � rSib rMZ � rDZ = rSib rMZ = rSib � rDZ rMZ = rDZ = rSib

MZ pair correlation (SE) 0.53 (0.09) 0.43 (0.07) 0.53 (0.09) 0.18 (0.05) 0.22 (0.05)
DZ pair correlation (SE) 0.34 (0.11) 0.43 (0.07) 0.19 (0.05) 0.33 (0.10) 0.22 (0.05)
Sibling pair correlation (SE) 0.17 (0.06) 0.17 (0.06) 0.19 (0.05) 0.18 (0.05) 0.22 (0.05)
-2 log likelihood 0 2.26 2.18 9.76 11.67
p value Ref .1 .1 .002 .003

Note: MZ = monozygotic twins, DZ = dizygotic twins, SE = standard error; Ref = Reference.

TABLE 5

Cross-Trait Correlation Between the Hannum and Horvarth Δage Measures Across Different Types of Relatives

Model I Model II Model III Model IV Model V
Correlations rMZ � rDZ � rSib rMZ = rDZ � rSib rMZ � rDZ = rSib rMZ = rSib � rDZ rMZ = rDZ = rSib

MZ pair correlation (SE) 0.36 (0.08) 0.33 (0.06) 0.37 (0.08) 0.15 (0.04) 0.17 (0.04)
DZ pair correlation (SE) 0.29 (0.09) 0.33 (0.06) 0.15 (0.04) 0.29 (0.09) 0.17 (0.04)
Sibling pair correlation (SE) 0.13 (0.05) 0.13 (0.05) 0.15 (0.04) 0.15 (0.04) 0.17 (0.04)
-2 log likelihood 0 0.60 2.74 7.90 8.25
p value Ref .4 .1 .005 .02

Note: MZ = monozygotic twins, DZ = dizygotic twins, SE = standard error; Ref = Reference.

significant difference was between the MZ and the sibling
pair correlations (model IV vs. model I; p = .002).

Weighted Average Correlations Across the Two Stud-
ies

For the Hannum �age, the weighted average correlations
were 0.48 (standard error [SE] = 0.07) for MZ pairs, 0.27
(SE = 0.07) for DZ pairs and 0.15 (SE = 0.03) for sibling
pairs. For the Horvath �age, the weighted average correla-
tions were 0.51 (SE = 0.07) for MZ pairs, 0.20 (SE = 0.07)
for DZ pairs and 0.13 (SE = 0.03) for sibling pairs.

Given the low correlations between the estimates of rMZ,
rDZ, and rSib observed in our study (see above), and as-
suming this almost independence of estimates also applies
to the study of Marioni et al., the difference between the
MZ and DZ pair weighted average correlations was signif-
icant for both measures (p = .03 for the Hannum �age; p
= .002 for the Horvath �age), and the difference between
the DZ and sibling pair weighted average correlations was
not significant for both measures (p = .14 for the Hannum
�age; p = .40 for the Horvath �age). Note that the sib-
ling pair correlation was one-third and one-fourth the MZ
pair correlation, respectively. The MZ pair correlation was
marginally greater than twice the sibling pair correlation (p
= .08 for the Hannum �age; p = .01 for the Horvath �age).

Correlation Between Two �Age Measures Across Dif-
ferent Types of Relatives

Table 5 shows that the cross-trait correlation between the
Hannum �age and the Horvath �age was familial (model
V), and varied across different types of relatives (model V
vs. model I). For DZ pairs, the cross-trait correlation was
greater than the sibling pair correlation, and similar to the
MZ correlation. After statistical testing, only the difference

between the MZ and the sibling pair cross-trait correlations
was significant.

Discussion
By studying middle-aged twins and their sisters, we found
that both the Hannum and Horvarth mortality-associated
methylation acceleration indices were correlated in differ-
ent types of relatives, consistent with the findings of previ-
ous studies (Horvath, 2013; Marioni et al., 2015). Familial
correlation implies there are genetic and/or shared environ-
mental causes of variation in the methylation acceleration
index.

The classical twin model assumes that for all the envi-
ronmental factors that influence the trait and are shared
or correlated within twins, their twin pair correlation and
strength of association with the trait are both exactly the
same for MZ pairs as they are for DZ pairs. Under this
assumption, any and all excess in the correlation between
MZ pairs compared with DZ pairs is attributable to genetic
causes of variation. This means that the classic twin model
gives an upper estimate of the role of genetic factors in trait
variation. It also means that if the MZ pair correlation is
not significantly greater than the DZ pair correlation, there
is no evidence for genetic factors influencing the trait vari-
ation, a point often overlooked in many twin studies that
estimate heritability directly without first testing twin pair
correlations. Furthermore, if there are only additive genetic
variance and individual-specific variance (i.e., non-shared
environment variance) for a trait — as assumed by Marioni
et al. (2015) — the MZ pair correlation is expected to be
twice the DZ pair correlation, and twice the sibling pair
correlation. However, with respect to the latter, we found
marginal evidence that the MZ pair correlation was greater
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than twice the sibling correlation for individual �age mea-
sure. Therefore, although the correlation across types of
relatives differed, they did not necessarily do so in strict
accordance with the expectation under the AE model.

The weighted average correlations were also not consis-
tent with the AE model. The weighted estimates for MZ and
DZ pairs were nominally statistically different, consistent
with a genetic cause of variation under the equal environ-
ment assumption. However, there was marginally evidence
that the MZ pair correlation was greater than twice the
sibling pair correlation, which brings questions to the pre-
sumption of the former twin family study (Marioni et al.,
2015). The result raises the possibility that there are other
shared non-genetic determinants. Therefore, the 40% pro-
portion of variance due to additive genetic factors is likely
overestimated by the former study, even without taking into
account the impact of any shared environment factor.

The same issue applies to the shared determinants of the
two highly correlated �age measures. Although there was a
difference in the cross-trait correlation across different types
of relatives, it is not possible to definitively pinpoint the rel-
evant differences, except that the cross-trait correlation for
MZ pairs was greater than that for sibling pairs. Therefore,
the shared determinants are most likely not genetic factors
alone.

The strength of this study is the use of twin families.
By also including sibling pairs, we can estimate the famil-
ial correlation for more types of relatives other than only
for twins, which provides more information than a study
including twins alone. The other strength is the use of the
multivariate normal model for pedigree analysis so as to en-
able efficient estimate of familial correlation across different
types of relatives. Although the sets of pairs of relatives are
not independent, with groups having come from the same
family, the statistical approach we have used takes this into
account. The major weakness of our study is that the sample
size is such that there is still considerable imprecision in the
estimate of familial correlation. Clearly, larger sample sizes
are needed.

In conclusion, our study does not find evidence that vari-
ation in methylation acceleration index is explained by addi-
tive genetic factors and individual-specific factors (i.e., non-
shared environmental factors) alone. Instead, there might
be substantial variance due to shared non-genetic factors.
Therefore, the proportion of variance due to unmeasured
genetic factors is likely less than 40% as estimated in the
previous study. More twin and family studies are needed to
clarify this issue.
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 Association and causation between 

DNA methylation and body mass index 

8.1 Introduction  

In this chapter, I aimed to investigate the association, and the possible causation, between 

DNA methylation and BMI at two life points. The AMDTSS dataset was used. EWASs 

were performed for current BMI, BMI at age 18-21 years, and the change between the 

two life points (BMI change), respectively. I found that DNA methylation at several loci 

was associated with current BMI, BMI at age 18-21 years and BMI change, respectively. 

From the ICE FALCON analysis, evidence was found that BMI has a causal effect on 

DNA methylation at these loci. I also found that BMI causes DNA methylation changes 

at the CpGs reported by Wahl et al. [38], same as what was concluded from Mendelian 

randomisation analysis by Wahl et al.. 

The work of this chapter has been resubmitted to the International Journal of Obesity 

after revision. This chapter contains the revised version of the manuscript. Due to length 

limitation, the manuscript does not include the between- and within-sibship regression 

analyses. I have provided the results from these analyses in this chapter. 

 

8.2 Publication and supplementary material 
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Abstract  26 

Background 27 

Several studies have reported DNA methylation in blood to be associated with body mass index 28 

(BMI), but few have investigated causal aspects of the association. We used a twin family design 29 

to assess this association at two life points and applied a novel analytical approach to appraise the 30 

evidence for causality. 31 

Methods 32 

The methylation profile of DNA from peripheral blood was measured for 479 Australian women 33 

from 130 twin families. Linear regression was used to estimate the associations of DNA 34 

methylation at ~410 000 cytosine-guanine dinucleotides (CpG), and of the average DNA 35 

methylation at ~20 000 genes, with current BMI, BMI at age 18-21 years, and the change between 36 

the two (BMI change). A novel regression-based methodology for twins, Inference about 37 

Causation through Examination of Familial Confounding (ICE FALCON), was used to assess 38 

causation. 39 

Results 40 

At a 5% false discovery rate, nine, six and 12 CpGs at 24 loci were associated with current BMI, 41 

BMI at age 18-21 years and BMI change, respectively. The average DNA methylation of 42 

BHLHE40 and SOCS3 loci was associated with current BMI, and of PHGDH locus with BMI 43 

change. From the ICE FALCON analyses with BMI as the predictor and DNA methylation as the 44 

outcome, a woman’s DNA methylation level was associated with her co-twin’s BMI, and the 45 

association disappeared conditioning on her own BMI, consistent with BMI causing DNA 46 

methylation. To the contrary, using DNA methylation as the predictor and BMI as the outcome, 47 

a woman’s BMI was not associated with her co-twin’s DNA methylation level, consistent with 48 

DNA methylation not causing BMI. 49 

Conclusion 50 

For middle-aged women, peripheral blood DNA methylation at several genomic locations is 51 

associated with current BMI, BMI at age 18-21 years and BMI change. Our study suggests that 52 

BMI has a causal effect on peripheral blood DNA methylation.   53 
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Introduction 54 

DNA methylation, is a natural process whereby a methyl group is typically added to a cytosine-55 

guanine dinucleotide (CpG), and modifies gene expression without changing DNA sequence. 56 

Sensitive to exposures and lifestyle factors associated with health, DNA methylation has been 57 

proposed to play a critical role in the etiology of complex traits and diseases1, 2. 58 

Several studies have investigated the association between DNA methylation in blood and obesity. 59 

Differences in DNA methylation have been observed between obese and lean people3-7. 60 

Epigenome-wide association studies (EWAS) have reported approximately 500 CpGs to be 61 

differentially methylated in relation to body mass index (BMI)8-16. DNA methylation at some 62 

BMI-related CpGs has also been suggested to be associated with other obesity traits such as adult 63 

waist circumference9, 10 and BMI change10, 16, and obesity-related traits such as type 2 diabetes14, 64 
17 and metabolic syndrome12. 65 

Most of the reported associations are from cross-sectional designs, thus the causal nature of the 66 

association, i.e. whether DNA methylation has a causal effect on BMI or vice versa, is unknown. 67 

There is also a possibility that the observed association is due to familial confounding18. 68 

Mendelian randomization (MR) has been proposed as a method to assess causation19, and several 69 

studies have applied MR to make causal inference between BMI and DNA methylation8, 13, 14.  70 

As well as requiring knowledge and measurement of genetic variants, the validity of MR depends 71 

on certain assumptions, some of which are difficult to verify and need to be given attention20. 72 

Especially in the context of BMI and DNA methylation, BMI-related genetic variants are 73 

potentially associated with DNA methylation through other obesity or metabolism pathways, 74 

which violates the assumption of no directional pleiotropy. Additionally, MR requires large-scale 75 

studies with genetic variants and DNA methylation data available for the same subjects, which 76 

might not be achievable. Obviously, other approaches for assessing causation are needed if using 77 

MR is not possible.  78 

In this study, we aimed to investigate the association between BMI and blood DNA methylation, 79 

to replicate associations reported by previous EWAS, and to investigate the causal nature of the 80 

association using a regression-based approach to data for related individuals. 81 

 82 

Subjects and Methods  83 

Study sample 84 

The sample comprised women from the Australian Mammographic Density Twins and Sisters 85 

Study (AMDTSS)21. A telephone-administered questionnaire was used to collect self-reported 86 

demographic information, height, current weight at interview and recalled weight at age 18-21 87 

years. A total of 479 women, including 66 monozygotic twin (MZ) pairs, 66 dizygotic twin (DZ) 88 

pairs and 215 of their sisters from 130 families was selected 22. Of these, one was excluded due 89 

to her current reported BMI being an outlier. The study was approved by the Human Research 90 

Ethics Committee of the University of Melbourne. All subjects provided written informed consent. 91 

BMI traits 92 
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We studied three BMI traits: current BMI, BMI at age 18-21 years and BMI change between the 93 

two time-points. Current BMI and BMI at age 18-21 years were calculated using current height 94 

and the reported weight at the corresponding age.  95 

DNA methylation data  96 

DNA was extracted from dried blood spots stored on Guthrie cards using a method previously 97 

described23. DNA was sodium bisulfite converted using the EZ DNA Methylation-Gold protocol 98 

as per manufacturers’ instructions (Zymo Research, Irvine, CA) and eluted in 20 µl elution buffer. 99 

DNA methylation was measured using the Illumina Infinium HumanMethylation450K BeadChip 100 

(HM450) array. All laboratory work was performed at the Genetic Epidemiology Laboratory, 101 

University of Melbourne. 102 

Raw intensity data were processed by the Bioconductor minfi package24, which included 103 

normalization of data using Illumina’s reference factor-based normalization methods 104 

(preprocessIllumina) and subset-quantile within array normalization (SWAN)25 for type I and II 105 

probe bias correction. An empirical Bayes batch-effects removal method ComBat26 was applied 106 

to minimise the technical variation across batches. All samples passed quality control. Probes 107 

with missing value (detection P-value >0.01) for one or more samples, with documented SNPs at 108 

the target CpG, binding to multiple locations27 or binding to the X chromosome, and 65 control 109 

probes were excluded, leaving 411 394 probes remaining for analysis. See Li et al.22 for more 110 

details. The dataset was deposited on Gene Expression Omnibus under the accession number 111 

GSE100227. 112 

Association analyses for CpG-specific DNA methylation  113 

We used a linear regression model to investigate the association between CpG-specific DNA 114 

methylation and BMI trait, in which the DNA methylation M-value, the logit transformation of 115 

the percentage of DNA methylation was the outcome, and BMI trait was the predictor. The three 116 

BMI traits were analysed separately. Age and the proportions of six types of cells, including 117 

monocytes, B cells, natural killers, CD4+ T cells, CD+8 T cells and granulocytes, were adjusted 118 

in the model as covariates. The cell proportions were estimated from the DNA methylation data 119 

using the Houseman method28.  120 

To account for the relatedness between members within the same family, the model was fitted 121 

using the Generalised Estimating Equations (GEE) method with family as cluster. The GEE 122 

model was fitted using the geeglm() function from the R package geepack. The Wald test using 123 

the robust standard error was used for the statistical inference about the regression coefficient. To 124 

account for multiple testing, associations with a false discovery rate (FDR)29<0.05 were 125 

considered statistically significant. 126 

Association analyses for gene-average DNA methylation  127 

We investigated associations between gene-average DNA methylation and BMI trait. We 128 

annotated CpGs to genes using the column ‘UCSC_RefGene_Name’ from the Illumina’s 129 

annotation file, resulting in a total of 19 823 genes. For each gene, the average DNA methylation 130 

was calculated as the average Beta-value, the percentage of DNA methylation, across CpGs 131 

annotated to that gene. The gene-average DNA methylation was then logit transformed and used 132 

in the analysis. The association was investigated using the same linear model as that for CpG 133 
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analysis: with gene-average DNA methylation as the outcome and BMI trait as predictor, and 134 

with age and cell proportions adjusted as covariates. The model was fitted using GEE, and the 135 

Wald test using the robust standard error was also used for the statistical inference. Similarly, 136 

associations with a FDR<0.05 were considered statistically significant. 137 

Replication of previously reported CpGs and genes 138 

After quality control, 462 CpGs and 332 genes at which there are CpGs previously reported to be 139 

associated with BMI8-16 were included for analysis. For these CpGs and genes, we examined their 140 

associations with current BMI. Results for the 462 CpGs and 332 genes were extracted from the 141 

genome-wide analysis results for CpG-specific DNA methylation and gene-average DNA 142 

methylation above, respectively. The associations for these CpGs and genes were then examined 143 

and those with a nominal P<0.05 were considered replicated. 144 

Causal inference analyses 145 

We performed causal inference using Inference about Causation through Examination of 146 

FAmiliaL CONfounding (ICE FALCON), a regression-based methodology for analysing twin 147 

data30-34. By causal, it is meant that were it possible to vary a predictor measure experimentally 148 

then the expected value of the outcome measure would change.  149 

As shown in Figure 1, suppose there are two variables, X and Y, measured for pairs of twins. 150 

Assume that X and Y are positively associated within an individual. Let S denote the unmeasured 151 

genetic and non-genetic factors that affect both twins; SX represents those factors that influence 152 

X values only, SY those that influence Y values only, and SXY those that influence both X and Y 153 

values. For the purpose of explanation, let ‘self’ refer to an individual and ‘co-twin’ refer to the 154 

individual’s twin, but recognise that these labels can be swapped and both twins within a pair are 155 

used in the analysis.  156 

If there is a correlation between Yself and Xco-twin, it might be due to a familial confounder, SXY 157 

(Figure 1a). It could also be due to X having a causal effect on Y within an individual, provided 158 

Xself and Xco-twin are correlated (Figure 1b), or to Y having a casual effect on X, provided Yself and 159 

Yco-twin are correlated (Figure 1c). Note that the confounders specific to an individual, Cself and 160 

Cco-twin, do not in themselves result in a correlation between Yself and Xco-twin. 161 

Using GEE to take into account any correlation in Y between twins within the same pair, we fit 162 

three models: 163 

Model 1: E(Yself) =  + selfXself 164 

Model 2: E(Yself) =  + co-twinXco-twin 165 

Model 3: E(Yself) =  + ’selfXself+ ’co-twinXco-twin 166 

If the correlation between Yself and Xco-twin is solely due to familial confounding (Figure 1a), the 167 

marginal association between Yself and Xself (self in Model 1) and the marginal association 168 

between Yself and Xco-twin (co-twin in Model 2) must both be non-zero. Adjusting for Xself, the 169 

conditional association between Yself and Xco-twin (’co-twin in Model 3) is expected to attenuate 170 

from co-twin in Model 2 towards the null. Similarly, adjusting for Xco-twin (Model 3), the conditional 171 
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association between Yself and Xco-twin (’self in Model 3) is expected to attenuate from self towards 172 

the null. 173 

If the correlation between Yself and Xco-twin is solely due to a causal effect from X to Y (Figure 1b), 174 

by adjusting for Xself the pathway between these two variables is blocked and the conditional 175 

association (’co-twin in Model 3) is expected to be null. Adjusting for Xco-twin will have no influence 176 

on the pathway between Yself and Xself, so the conditional association ’self in Model 3 is expected 177 

to be self in Model 2. 178 

If the correlation between Yself and Xco-twin is solely due to a causal effect from Y to X (Figure 1c), 179 

the pathway through Xself is blocked due to Xself as a collider, and the pathway through SY is 180 

blocked due to the fact that GEE analysis, in effect, conditions on SY, so there is no marginal 181 

association between Yself and Xco-twin, and co-twin of Model 2 is expected to be zero. 182 

We first applied ICE FALCON to CpGs reported by Wahl et al., DNA methylation at the majority 183 

of which has been suggested to be consequential to BMI by a bidirectional MR analysis14. We 184 

analysed a DNA methylation score based on the 77 CpGs with a nominal P<0.05 in our study. 185 

The DNA methylation score was calculated as the sum of the products of the DNA methylation 186 

Beta-value and the reported effect size of each CpG. The data for MZ pairs were used. The models 187 

were adjusted for age and cell proportions as was done in association analyses. We first let Y = 188 

the DNA methylation score and X = current BMI, i.e., the DNA methylation score is the outcome 189 

and current BMI is the predictor in regression models, and fitted the three models. We then let Y 190 

= current BMI and X = the DNA methylation score, i.e., the DNA methylation score is the 191 

predictor and current BMI is the outcome in regression models, and undertook the same analyses. 192 

We made statistical inference about the changes in regression coefficients by using a 193 

nonparametric bootstrap method to estimate the standard errors. That is, twin pairs were randomly 194 

sampled with replacement to generate 1,000 new datasets with the same sample size as the 195 

original dataset. ICE FALCON was then applied to each dataset to calculate the change in 196 

regression coefficient for that dataset. The standard error for the change in that coefficient was 197 

estimated by computing the standard deviation of the change across the 1,000 datasets. 198 

We then applied ICE FALCON to CpGs and genes identified in our study. For each BMI trait, 199 

we similarly investigated DNA methylation at CpGs as a DNA methylation score. For a locus 200 

containing multiple CpGs, only the CpG with the smallest P-value was included in the DNA 201 

methylation score. BMI at age 18-21 years and its related DNA methylation was not investigated, 202 

given that the DNA methylation score was not correlated within MZ twin pairs (r = -0.07, 95% 203 

CI: -0.31, 0.17). 204 

 205 

Results 206 

Characteristics of the sample 207 

For the women included in the analytic sample, the mean (standard deviation [SD]) age was 56.4 208 

(7.9) years. The mean (SD) current BMI, BMI at age 18-21 years and BMI change was 26.8 (5.7), 209 

21.1 (3.3) and 5.6 (5.0) kg/m2, respectively. Current BMI was positively correlated with BMI at 210 

age 18-21 years (r = 0.49, 95% CI: 0.42, 0.55), and more strongly with BMI change (r = 0.81, 95% 211 
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CI: 0.78, 0.84), and BMI at age 18-21 years was weakly negatively associated with BMI change 212 

(r = -0.11, 95% CI: -0.20, -0.02). 213 

Associations with CpG-specific DNA methylation 214 

DNA methylation at nine, six and 12 CpGs was found to be associated with current BMI, BMI at 215 

age 18-21 years and BMI change, respectively (Table 1). The genomic inflation factor  was 1.10, 216 

1.03 and 1.04 for current BMI, BMI at age 18-21 years and BMI change, respectively (Q-Q plots 217 

in Supplementary Figure 1; Manhattan plots in Supplementary Figures 2-4). DNA methylation at 218 

two CpGs (cg12992827 and cg00636368) was negatively associated with both current BMI and 219 

BMI change. CpGs cg1299282710, 14, cg1818170312-14, 16, cg0934912810, 13, 14, and the nucleotide-220 

binding oligomerization domain-containing 2 (NOD2) locus13, 14, 16 have been reported previously. 221 

The other CpGs or loci have not been reported before. 222 

Associations with gene-average DNA methylation 223 

The average DNA methylation at basic helix-loop-helix family member e40 (BHLHE40) gene 224 

and suppressor of cytokine signalling 3 (SOCS3) gene were both negatively associated with 225 

current BMI (BHLHE40: coefficient[coef]=-1.1×10-3, 95% CI: -1.5, -0.7, P=3.8×10-7, FDR=0.01; 226 

SOCS3: coef=-1.6×10-3, 95% CI: -2.3, -1.0, P=1.4×10-6, FDR=0.01), and the average DNA 227 

methylation at phosphoglycerate dehydrogenase (PHGDH) gene was negatively associated with 228 

BMI change (coef=-2.2×10-3, 95% CI: -3.1, -1.3, P=2×10-6, FDR=0.04). No gene was found to 229 

be associated with BMI at age 18-21 years. The genomic inflation factor  was 1.13, 0.95 and 230 

1.04 for current BMI, BMI at age 18-21 years and BMI change, respectively. (Q-Q plots in 231 

Supplementary Figure 5). SOCS312-15 and PHGDH9, 12-15 have been previously reported, and 232 

BHLHE40 has not been reported before. DNA methylation at seven, five and five CpGs annotated 233 

to BHLHE40, SOCS3 and PHGDH were associated with their respective BMI trait with a nominal 234 

P<0.05, respectively (Supplementary Figures 6-8). 235 

Replication of previously reported associations 236 

Altogether, 151 CpG associations were replicated with a nominal P<0.05 and were in the same 237 

direction as that from previous studies, and the 59 most significant CpGs also had a FDR<0.05 238 

(Supplementary Table 1). 41 gene associations were replicated with a nominal P<0.05, and the 239 

six most significant genes also had a FDR<0.05 (Supplementary Table 2). 240 

Causal inference analyses results 241 

The ICE FALCON results for CpGs reported by Wahl et al.14 are shown in Table 2. From the 242 

analyses with BMI as the predictor and the DNA methylation score as the outcome, a woman’s 243 

DNA methylation score was associated with her own BMI (Model 1; self = 0.96, 95% CI: 0.45, 244 

1.47) and with her co-twin’s BMI (Model 2; co-twin = 0.57, 95% CI: 0.06, 1.08). Conditioning on 245 

her co-twin’s BMI (Model 3), ’selfremained unchanged (P=0.93), while conditioning on her 246 

own BMI (Model 3), ’co-twin attenuated by 95.5% (95CI: 7.0%, 181.2%; P=0.03) to be 0.03 (95% 247 

CI: -0.50, 0.55). From the analyses with the DNA methylation score as the predictor and BMI as 248 

the outcome, a woman’s BMI was associated with her own DNA methylation score (Model 1; 249 

self = 0.78, 95% CI: 0.14, 1.41) but not with her co-twin’s DNA methylation score (Model 2; co-250 

twin = -0.02, 95% CI: -0.33, 0.30). In Model 3, ’self remained unchanged (P=0.16) compared with 251 
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self in Model 1, and ’co-twin increased by 2500.0% (95%CI: 622.2%, 5044.3%; P=0.03) compared 252 

with co-twin in Model 2 to be 0.38 (95% CI: -0.01, 0.77). These results are consistent with the 253 

findings by Wahl et al. that DNA methylation at these CpGs is consequential to BMI. 254 

Similarly, the results for CpGs identified in our study are consistent with the hypothesis that 255 

current BMI and BMI change have a causal effect on DNA methylation at their related CpGs, 256 

respectively (Table 2). The same causation was inferred for gene-average DNA methylation 257 

(Supplementary Table 3). 258 

 259 

Discussion  260 

We performed EWAS between BMI traits and blood DNA methylation, and found that DNA 261 

methylation at several loci was associated with BMI at middle age, BMI at age 18-21 years and 262 

BMI change. DNA methylation at some of these loci, zona pellucida like domain-containing 1 263 

(ZPLD1)10, 14, SOCS312-16, cysteine rich with EGF like domains 2 (CRELD2)10, 13, 14, NOD213, 14, 16 264 

and PHGDH9, 13, 14, 16, has been previously reported to be associated with BMI. Associations at 265 

the other loci, such as lymphocyte antigen 9 (LY9), collagen type VI alpha 2 (COL6A2), zinc 266 

finger B-box domain-containing (ZBBX), mitogen-activated protein kinase kinase kinase 13 267 

(MAP3K13), corticotropin releasing hormone (CRH), etc., do not appear to have been previously 268 

reported. We replicated the associations for 151 CpGs and 41 genes reported by previous studies. 269 

The investigation of causation suggests that BMI and BMI change have a causal effect on DNA 270 

methylation, but not vice versa.  271 

Several of the identified loci are involved in inflammatory pathways, which are biologically 272 

relevant to obesity: obesity-induced stimuli such as excess nutrients and adipocyte hypertrophy 273 

are thought to induce chronic inflammation35-37. LY9 is involved in regulation of the development 274 

of thymic innate memory-like CD8+ T cell38 and interleukin-17 production39. MAP3K13 is 275 

involved in activation of mitogen-activated protein kinases40. It has also been found to regulate 276 

NF-B transcription factor activity41. NOD2  is involved in immune response by playing roles in 277 

several biological pathways, such as MAPK activation42, cytokine production43-45 and NF-B 278 

activation46, 47. SOCS3 plays a role in regulation of inflammatory response by negatively 279 

regulating cytokine signalling. It is also involved in the Gene Ontology (GO) pathway for negative 280 

regulation of insulin receptor signalling (GO:0046627). CRH is a member of the corticotropin-281 

releasing factor family. It is included in the GO pathway for inflammatory response 282 

(GO:0006954). Previous studies have also reported DNA methylation at loci involved in 283 

inflammatory pathways to be associated with BMI9, 10, 12-16. 284 

Some of the identified loci are related to other pathways, for which the relationships with obesity 285 

are less clear. Three loci are involved in oxidation reduction process. NAD kinase (NADK) is a 286 

NAD+ kinase, which catalyses the reduction process from NAD to NADP. Crystallin zeta like 1 287 

(CRYZL1) gene encodes quinone oxidoreductase and is involved in oxidation reduction process. 288 

Protein encoded by PHGDH is a member of oxidoreductase family. Two loci are involved in 289 

serine metabolism. Unc-51 like kinase 4 (ULK4) is a serine/threonine kinase. PHGDH is involved 290 

in the early steps of L-serine synthesis. Associations between DNA methylation at loci related to 291 

serine metabolism and BMI have also been reported by previous studies9, 13, 16. 292 
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Our study provides evidence for causation underlying the BMI-DNA methylation association. We 293 

replicated the causal effect that BMI has on DNA methylation at CpGs reported by Wahl et al.14. 294 

We found evidence consistent with differential DNA methylation at our identified CpGs being 295 

secondary to BMI, but not vice versa. Findings from previous studies8, 13, 48 also support such a 296 

causal relationship. Inflammation is proposed to play a role in the development of some obesity-297 

related diseases35-37, and several of the previously reported and our discovered loci are involved 298 

in inflammatory pathways; our findings imply that DNA methylation might mediate the effects 299 

of obesity on obesity-related diseases. To the best of our knowledge, research articles reporting 300 

this mediating role are lacking. An abstract reported that DNA methylation at 32 CpGs mediated 301 

up to 17% of the effect of obesity on fasting insulin49. There are several challenges, on which 302 

attention need to be given, in mediation investigation using high-dimensional omics data50; formal 303 

research with a careful design on this mediating role is warranted.  304 

Our study demonstrates the utility of ICE FALCON for investigation of causation underlying 305 

epigenetic associations. ICE FALCON shares similarities with a bidirectional MR approach. In 306 

the scenario represented by the Figure 1b, we essentially use SX as an instrumental variable for 307 

Xself. However, SX is not measured, so we use Xco-twin as a surrogate instrumental variable 308 

(Similarly, Yco-twin is used as a surrogate for SY, the instrumental variable for Yself, when the roles 309 

of Y and X are swapped). SX includes all causes of familial correlation in X that are specific to X, 310 

which is stronger than a finite number of genetic variants that are assumed to be specific to X, 311 

thus the results from ICE FALCON are less biased by the strength of the instrumental variable. 312 

SX, by definition, is not associated with confounders of the relationship between X and Y within 313 

an individual and has no directional pleiotropy (any association or directional pleiotropy is 314 

captured in SXY). Even though the surrogate instrumental variable Xco-twin is associated with the 315 

confounders or has directional pleiotropy, ICE FALCON still operates. For example, in a scenario 316 

where the association between Xco-twin and Yself is mediated not only through SX and Xself but also 317 

through other unmeasured factors such as familial confounders, i.e., a mixture of Figures 1a and 318 

1b, even though Xco-twin will still be associated with Yself after adjusting for Xself, co-twin is still 319 

expected to attenuate towards the null, given that adjusting for Xself blocks the pathway Xco-twin ← 320 

SX → Xself → Yself. ICE FALCON can be an alternative method for investigating causation when 321 

genetic variant data are unavailable, or the assumption underlying MR analyses are suspect. ICE 322 

FALCON can also be used as an independent method to replicate the findings from MR analyses, 323 

and vice versa. However, requirements such as the need for substantial within-pair correlations 324 

may limit the application of ICE FALCON, which was the case for BMI at age 18-21 years in our 325 

study. 326 

Note that results from ICE FALCON should be interpreted with caution, because modelling alone 327 

cannot prove causation. ICE FALCON considers the extent to which data are consistent with 328 

different scenarios based on specified causal models. ICE FALCON, therefore, cannot prove that 329 

any one model is a true representation of nature but it can be used to test hypotheses and thereby 330 

has the potential to falsify model(s). For example, the bivariate classic twin model assumes there 331 

are no causal effects between the measured variables. Our analyses show that this assumption is 332 

not substantiated because the observed regression coefficients differ to those expected under the 333 

classical twin model. Therefore, there is evidence against the null hypothesis of no causation, and 334 

our analyses suggest one plausible explanation for the data is that at least part of the association 335 

between BMI and DNA methylation is due to a causal effect of BMI, and not vice versa. 336 
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Our gene-average DNA methylation approach is of potential utility for analysing EWAS. Such 337 

utility is supported to some extent by our replication of previously reported genes including 338 

SOCS3 and PHGDH. A CpG-by-CpG approach is typically used in EWAS. However, this 339 

approach requires a stringent genome-wide significance level, e.g., 10-7 when half a million CpGs 340 

are analysed and the Bonferroni adjustment is applied, which may not be achievable. The gene-341 

based approach aimed to address this challenge by reducing the number of tests to 20 000. This 342 

approach can potentially find novel associations missed by the CpG-by-CpG approach, such as 343 

the association for BHLHE40. 344 

Our study has several strengths. We studied three BMI traits at different life points. We used a 345 

novel family-based analytical approach to investigate the causation underlying the cross-sectional 346 

association and reached the same conclusion as the MR approach. We investigated gene-average 347 

DNA methylation, which can potentially provide evidence for novel associations. 348 

One limitation of our study is that BMI traits were self-reported, thus are subject to bias. Another 349 

limitation is that we studied DNA methylation in peripheral blood, not in tissues more relevant to 350 

adiposity such as adipose tissue. However, cross-tissue investigations suggest moderate to good 351 

overall consistency between blood and adiposity-relevant tissues in the context of BMI-DNA 352 

methylation association. In the study by Demerath et al., associations for 64% of CpGs identified 353 

in blood were replicated in adipose tissue10. In the study by Wahl et al., blood DNA methylation 354 

levels at BMI-related CpGs had moderate to high correlations with DNA methylation levels in 355 

adiposity-relevant tissues14. More importantly, given that peripheral blood samples are easily 356 

accessible, any association with BMI detectable in this sample is potentially valuable for large-357 

scale public health translation at a population level. 358 

In conclusion, we found evidence that in peripheral blood from middle aged women, DNA 359 

methylation at several loci is associated with current BMI, BMI at age 18-21 years and BMI 360 

change between the two ages. Additionally, our study found evidence consistent with BMI having 361 

a causal effect on peripheral blood DNA methylation. 362 

 363 

Acknowledgements 364 

We would like to thank all women participating in this study. The data analysis was facilitated by 365 

Spartan, the High Performance Computer and Cloud hybrid system of the University of 366 

Melbourne. 367 

The AMDTSS was facilitated through the Australian Twin Registry, a national research resource 368 

in part supported by a Centre for Research Excellence Grant from the National Health and 369 

Medical Research Council (NHMRC) APP 1079102. The AMDTSS was supported by NHMRC 370 

(grant numbers 1050561 and 1079102), Cancer Australia and National Breast Cancer Foundation 371 

(grant number 509307).  372 

SL is supported by the Australian Government Research Training Program Scholarship from the 373 

University of Melbourne. TLN is supported by a NHMRC Post-Graduate Scholarship and the 374 

Richard Lovell Travelling Scholarship from the University of Melbourne. MCS is a NHMRC 375 

Senior Research Fellow. JLH is a NHMRC Senior Principal Research Fellow.  376 



 

177 

 

Conflict of Interest 377 

The authors declare no conflicts of interest. 378 

  379 

Figure legend 380 

Figure 1. Some possible directed acyclic graphs for the different causation models that explain 381 

the cross-twin cross-trait correlation: a) The cross-twin cross-trait correlation is due to familial 382 

confounding; b) The cross-twin cross-trait correlation is due to the causal effect of X on Y; c) The 383 

cross-twin cross-trait correlation is due to the causal effect of Y on X. 384 

Legend. X and Y denote two variables measured for pairs of twins, SX denotes the unmeasured 385 

genetic and non-genetic factors shared by twins that influence X only, SY denotes the unmeasured 386 

genetic and non-genetic factors shared by twins that influence Y only, SXY denotes the 387 

unmeasured genetic and non-genetic factors shared by twins that influence both X and Y, C 388 

denotes the confounders between X and Y within an individual, ‘self’ refer to an individual and 389 

‘co-twin’ refer to the individual’s twin. 390 
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Table 1 CpGs at which DNA methylation was found to be associated with the three BMI traits 538 

BMI trait CpG CHR Coordinate Gene Coef SE P FDR 

Current BMI             

  cg12992827 3 101901234 ZPLD1 -12.6 2.4 1.4E-07 0.03 

  cg18865207 1 160765919 LY9 5.8 1.1 2.8E-07 0.03 

  cg11529924 21 47545200 COL6A2 -7.4 1.5 3.1E-07 0.03 

  cg10542883 3 185000726 MAP3K13 -20.7 4.1 4.3E-07 0.03 

  cg24197445 3 167045873 ZBBX -10.4 2.1 4.4E-07 0.03 

  cg00636368 3 185000586 MAP3K13 -26.2 5.2 5.2E-07 0.03 

  cg18181703 17 76354621 SOCS3 -9.3 1.9 6.1E-07 0.03 

  cg06181567 16 50731115 NOD2 9.0 1.8 6.2E-07 0.03 

  cg18640030 8 67090752 CRH -21.9 4.4 7.5E-07 0.03 

BMI at age 18-21 

years 
            

  cg14990430 22 50277562 ZBED4 33.1 5.9 2.0E-08 0.01 

  cg06045576 22 19948957 COMT 13.2 2.4 5.5E-08 0.01 

  cg00819078 5 16615081 FAM134B 14.1 2.7 2.2E-07 0.03 

  cg03357727 3 41360280 ULK4 -19.1 3.8 3.7E-07 0.04 

  cg19309463 8 145806752 KIAA1688 23.6 4.7 5.2E-07 0.04 

  cg09446247 7 151102752 WDR86 11.6 2.3 7.0E-07 0.05 

BMI change            

  cg12992827 3 101901234 ZPLD1 -15.1 2.4 5.1E-10 0.00 

  cg25498514 11 3190676 OSBPL5 -22.6 4.0 2.5E-08 0.01 

  cg01776926 12 116560359 MED13L -24.1 4.5 8.4E-08 0.01 

  cg26342907 1 1687532 NADK -15.7 3.1 5.3E-07 0.03 

  cg12644285 15 93570953 CHD2 -10.2 2.0 6.1E-07 0.03 

  cg07698196 7 150485638 LOC100128542 -10.4 2.1 7.1E-07 0.03 

  cg11336535 1 230472614 PGBD5 9.6 1.9 7.4E-07 0.03 

  cg20432448 21 35014337 CRYZL1 -14.9 3.0 7.5E-07 0.03 

  cg06983052 1 90288099 LRRC8D -8.1 1.6 7.6E-07 0.03 

  cg09349128 22 50327986 CRELD2 -8.5 1.7 7.8E-07 0.03 

  cg01593552 13 22185680 EFHA1 4.5 0.9 9.9E-07 0.03 

  cg00636368 3 185000586 MAP3K13 -28.3 5.8 9.9E-07 0.03 

Coefficient was reported as coefficients×103, so as well for standard error. BMI, body mass index; CpG, 539 
cytosine-guanine dinucleotide; CHR, chromosome; Coef, coefficient; SE, standard error; FDR, false 540 
discovery rate. 541 
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Table 2 Results from the ICE FALCON analyses for CpG-specific DNA methylation* 542 

CpG Predictor Coefficient 
Model 1  Model 2  Model 3  Change 

Est (SE) P  Est (SE) P  Est (SE) P  Est (SE) P 

CpGs reported 

by Wahl et al. 
          

  
 

 BMI self 0.96 (0.26) 2.3E-04     0.95 (0.31) 2.3E-03  -0.01 (0.16) 9.3E-01 

  co-twin    0.57 (0.26) 2.8E-02  0.03 (0.27) 9.2E-01  -0.54 (0.26) 3.3E-02 

 DNA methylation score self 0.78 (0.32) 1.6E-02     1.00 (0.32) 1.6E-03  0.22 (0.16) 1.6E-01 

  co-twin 
   -0.02 (0.16) 9.2E-01  0.38 (0.20) 5.4E-02  0.40 (0.18) 3.0E-02 

Current BMI 

CpGs 
          

  
 

 BMI  self 0.40 (0.06) 7.5E-13     0.45 (0.07) 2.3E-09  0.05 (0.05) 3.6E-01 

  co-twin    0.28 (0.07) 9.4E-05  -0.07 (0.07) 3.3E-01  -0.35 (0.08) 3.6E-05 

 DNA methylation score self 4.57 (1.10) 3.3E-05     5.91 (1.12) 1.2E-07  1.33 (0.67) 4.6E-02 

  co-twin    -0.79 (0.78) 3.1E-01  2.20 (0.78) 5.0E-03  3.00 (0.98) 2.2E-03 

BMI change 

CpGs 
          

  
 

 BMI change self 0.57 (0.07) 2.0E-16     0.49 (0.09) 1.2E-07  -0.08 (0.08) 3.2E-01 

  co-twin    0.47 (0.09) 6.3E-08  0.12 (0.10) 2.0E-01  -0.35 (0.09) 3.9E-05 

 DNA methylation score self 3.83 (0.78) 8.5E-07     4.25 (0.70) 1.5E-09  0.43 (0.44) 3.3E-01 

  co-twin    0.26 (0.61) 6.7E-01  1.41 (0.62) 2.3E-02  1.15 (0.56) 3.9E-02 

ICE FALCON, inference about causation through examination of familial confounding; CpG, cytosine-guanine dinucleotide; BMI, body mass index; Est, estimate; SE, 543 
standard error. 544 

*Regression coefficient from the analyses in which DNA methylation score as the predictor was reported as coefficient×10, so as well for standard error. 545 
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Supplementary Table 1 The 151 previously reported CpGs replicated with a nominal P<0.05 in our study 25 

CpG Gene Coefficient Standard Error P FDR 

cg12992827 ZPLD1 -12.60 2.40 1.4E-07 6.7E-05 

cg18181703 SOCS3 -9.33 1.87 6.1E-07 1.4E-04 

cg04232128 TMEM173 -5.76 1.31 1.1E-05 1.7E-03 

cg07573872 SBNO2 -7.38 1.76 2.6E-05 2.4E-03 

cg12593793 LMNA -5.97 1.45 3.8E-05 2.4E-03 

cg10508317 SOCS3 -12.38 3.02 4.0E-05 2.4E-03 

cg08972190 MAD1L1 7.85 1.92 4.3E-05 2.4E-03 

cg26950531 DPF1 -17.13 4.20 4.5E-05 2.4E-03 

cg09349128 CRELD2 -6.83 1.68 4.7E-05 2.4E-03 

cg12170787 SBNO2 -4.24 1.07 7.8E-05 3.5E-03 

cg19217955 ACADVL -6.38 1.62 8.3E-05 3.5E-03 

cg17260706 BCL9L -5.39 1.41 1.3E-04 4.7E-03 

cg00094412 GABBR1 -6.22 1.63 1.4E-04 4.7E-03 

cg08309687 LOC100506334 -7.50 1.97 1.4E-04 4.7E-03 

cg17501210 RPS6KA2 -11.15 2.95 1.6E-04 4.8E-03 

cg23032421 IL5RA -6.36 1.70 1.8E-04 5.3E-03 

cg07728579 FSD2 6.25 1.69 2.3E-04 6.2E-03 

cg18120259 LOC100132354 -6.02 1.66 2.9E-04 7.4E-03 

cg02716826 AQP3 -5.14 1.48 5.0E-04 1.2E-02 

cg01117339 UCP3 -5.71 1.65 5.3E-04 1.2E-02 

cg26403843 RNF145 10.49 3.05 5.8E-04 1.3E-02 

cg03318904 TAB1 5.32 1.56 6.3E-04 1.3E-02 

cg07814318 KLF13 5.32 1.56 6.4E-04 1.3E-02 

cg24174557 MIR21 -8.68 2.61 8.8E-04 1.7E-02 

cg14476101 PHGDH -11.6 3.52 9.9E-04 1.7E-02 

cg11376147 SLC43A1 -3.99 1.21 9.9E-04 1.7E-02 

cg11024682 SREBF1 3.70 1.12 1.0E-03 1.7E-02 

cg05648510 Metazoa_SRP 5.75 1.76 1.1E-03 1.8E-02 

cg04757345 C4orf29 -6.44 2.00 1.3E-03 2.1E-02 

cg26315985 AK128734 -6.08 1.92 1.5E-03 2.2E-02 

cg22304262 SLC1A5 -9.59 3.03 1.6E-03 2.2E-02 

cg21113318 RIN3 3.34 1.06 1.6E-03 2.2E-02 

cg23694492 TTYH3 8.78 2.78 1.6E-03 2.2E-02 

cg13134297 INMT -6.58 2.16 2.3E-03 3.1E-02 

cg06500161 5S_rRNA 5.29 1.76 2.7E-03 3.5E-02 

cg05845030 DCN -4.65 1.55 2.8E-03 3.5E-02 

cg21766592 SLC1A5 -10.63 3.58 3.0E-03 3.7E-02 

cg07805604 CCDC106 4.57 1.54 3.1E-03 3.8E-02 

cg26253134 TGFA -5.11 1.74 3.4E-03 3.9E-02 

cg09469355 SKI -4.87 1.66 3.4E-03 3.9E-02 

cg11650298 MGC5590 -4.71 1.62 3.6E-03 3.9E-02 

cg27050612 NFE2L1 -3.45 1.19 3.6E-03 3.9E-02 

cg13222915 EDEM3 -3.97 1.37 3.7E-03 3.9E-02 

cg09182678 CRELD2 -5.74 1.99 3.8E-03 3.9E-02 

cg01243823 NOD2 -7.51 2.61 4.0E-03 3.9E-02 

cg12570716 KLF6 -3.72 1.29 4.0E-03 3.9E-02 

cg23095383 PTPRC -7.83 2.73 4.1E-03 3.9E-02 

cg17178175 MIR3128 -5.39 1.88 4.1E-03 3.9E-02 

cg21429551 LOC401320 -11.14 3.88 4.1E-03 3.9E-02 

cg07235935 NDST4 -4.90 1.71 4.3E-03 3.9E-02 

cg06690548 SLC7A11 -12.22 4.29 4.4E-03 4.0E-02 

cg24531955 BC128546 -6.05 2.13 4.5E-03 4.0E-02 

cg27115863 CARD10 -5.02 1.79 4.9E-03 4.2E-02 
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cg00574958 CPT1A -8.47 3.01 4.9E-03 4.2E-02 

cg22953759 ANKRD33B -7.37 2.62 5.0E-03 4.2E-02 

cg21486834 RHBDF2 3.90 1.41 5.7E-03 4.7E-02 

cg00695799 ZC3H12D -7.1 2.57 5.7E-03 4.7E-02 

cg01101459 LOC100506810 4.45 1.62 5.9E-03 4.7E-02 

cg06164260 BCL6 -3.12 1.14 6.2E-03 4.8E-02 

cg19589396 AZIN1 -6.11 2.25 6.7E-03 5.1E-02 

cg13139542 LOC339788 6.02 2.23 7.0E-03 5.3E-02 

cg03433986 BSCL2 -4.39 1.63 7.2E-03 5.3E-02 

cg14531564 SDF4 -4.66 1.73 7.2E-03 5.3E-02 

cg06207201 AF143871 -3.31 1.25 8.1E-03 5.7E-02 

cg21187669 BC150162 -5.49 2.08 8.2E-03 5.7E-02 

cg19118951 LINC00310 4.16 1.57 8.2E-03 5.7E-02 

cg04286697 B3GNT7 4.47 1.69 8.2E-03 5.7E-02 

cg09777883 PTS 5.06 1.92 8.4E-03 5.7E-02 

cg01881899 5S_rRNA 7.39 2.82 8.8E-03 5.8E-02 

cg24679890 MYO9B 6.25 2.39 8.9E-03 5.8E-02 

cg07960624 EXT1 -6.61 2.53 8.9E-03 5.8E-02 

cg12338137 TNS1 -5.64 2.18 9.8E-03 6.2E-02 

cg00239353 IL32 -6.99 2.71 9.9E-03 6.2E-02 

cg06946797 RMI2 -7.83 3.05 1.0E-02 6.3E-02 

cg00673344 LOC100498859 -5.14 2.02 1.1E-02 6.7E-02 

cg13123009 LY6G6E 2.99 1.19 1.2E-02 7.3E-02 

cg18062721 VGLL4 5.73 2.29 1.2E-02 7.3E-02 

cg11080651 ROPN1L -3.58 1.44 1.3E-02 7.6E-02 

cg02650017 PHOSPHO1 -5.33 2.15 1.3E-02 7.6E-02 

cg20954977 B3GNT7 5.62 2.28 1.3E-02 7.7E-02 

cg26542660 CEP135 -4.16 1.70 1.4E-02 8.0E-02 

cg18513344 MUC4 -3.06 1.25 1.5E-02 8.1E-02 

cg01975495 PAI1 4.35 1.79 1.5E-02 8.2E-02 

cg06012428 ARID1B -3.08 1.27 1.6E-02 8.3E-02 

cg25570328 SULT1C2 -3.74 1.55 1.6E-02 8.3E-02 

cg27117792 DRAM1 -5.41 2.25 1.6E-02 8.3E-02 

cg26804423 ICA1 4.22 1.75 1.6E-02 8.3E-02 

cg22488164 PLBD1 5.75 2.39 1.6E-02 8.3E-02 

cg00945209 USP36 -3.02 1.26 1.6E-02 8.3E-02 

cg01813139 AGPAT2 3.56 1.48 1.6E-02 8.3E-02 

cg24931632 MGC12982 4.32 1.80 1.6E-02 8.3E-02 

cg07094298 TNIP2 -7.55 3.15 1.7E-02 8.3E-02 

cg14761417 LOC646329 -5.97 2.50 1.7E-02 8.3E-02 

cg03717755 MIR4639 4.39 1.84 1.7E-02 8.3E-02 

cg10717869 SLC41A1 3.89 1.63 1.7E-02 8.3E-02 

cg15240476 HFE -4.83 2.03 1.7E-02 8.3E-02 

cg22805381 LOC283553 -5.73 2.41 1.8E-02 8.3E-02 

cg25001190 NFIA -5.45 2.30 1.8E-02 8.3E-02 

cg19413066 LGALS3BP -3.19 1.35 1.8E-02 8.3E-02 

cg17901584 DHCR24 -5.46 2.31 1.8E-02 8.4E-02 

cg25817701 MAD1L1 4.16 1.77 1.9E-02 8.5E-02 

cg26399994 PTPRC -4.86 2.09 2.0E-02 8.9E-02 

cg26955383 CALHM1 3.51 1.51 2.0E-02 8.9E-02 

cg18119407 CFLAR -3.00 1.33 2.3E-02 1.0E-01 

cg06192883 MIR1266 4.10 1.82 2.4E-02 1.1E-01 

cg10822172 CREB5 2.95 1.31 2.5E-02 1.1E-01 

cg02150354 FLJ42709 5.12 2.28 2.5E-02 1.1E-01 

cg25630910 CDK2AP1 4.32 1.93 2.5E-02 1.1E-01 

cg19750657 UFM1 7.10 3.20 2.6E-02 1.1E-01 
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cg13708645 KDM2B 4.88 2.20 2.7E-02 1.1E-01 

cg20445774 SYNGAP1 3.86 1.74 2.7E-02 1.1E-01 

cg03068497 LOC401320 -7.49 3.41 2.8E-02 1.1E-01 

cg13442606 CARS -3.51 1.61 2.9E-02 1.2E-01 

cg21108085 CD82 -6.52 2.98 2.9E-02 1.2E-01 

cg11468085 ALDH3B2 2.83 1.30 2.9E-02 1.2E-01 

cg00916899 MANBAL 4.56 2.09 2.9E-02 1.2E-01 

cg08548559 PIK3IP1 -6.47 2.98 3.0E-02 1.2E-01 

cg10922280 DPEP2 3.23 1.49 3.1E-02 1.2E-01 

cg26470501 BCL3 -3.29 1.53 3.1E-02 1.2E-01 

cg04011474 5S_rRNA -4.86 2.26 3.2E-02 1.2E-01 

cg22534374 RPS10P7 -4.86 2.26 3.2E-02 1.2E-01 

cg13591783 ANXA1 -4.48 2.09 3.2E-02 1.2E-01 

cg04583842 AK126852 4.11 1.93 3.3E-02 1.2E-01 

cg22103219 MIR4285 -4.11 1.94 3.4E-02 1.3E-01 

cg22522509 NRIP1 6.48 3.07 3.5E-02 1.3E-01 

cg23172671 OPTC 6.26 2.98 3.5E-02 1.3E-01 

cg03725309 SARS -4.97 2.37 3.6E-02 1.3E-01 

cg06876354 RALB 1.91 0.91 3.7E-02 1.3E-01 

cg11071202 U6 3.37 1.62 3.7E-02 1.3E-01 

cg11832534 WRAP73 5.38 2.59 3.8E-02 1.3E-01 

cg26328951 SNORA61 -4.01 1.93 3.8E-02 1.3E-01 

cg21319458 BAZ2B 5.99 2.90 3.8E-02 1.3E-01 

cg26562921 USP10 2.90 1.40 3.9E-02 1.3E-01 

cg07136133 PRR5L -3.91 1.89 3.9E-02 1.3E-01 

cg07730360 RAB43 4.05 1.96 3.9E-02 1.3E-01 

cg12582959 CCDC106 4.08 1.99 4.1E-02 1.4E-01 

cg19390658 LOC401320 -6.21 3.05 4.2E-02 1.4E-01 

cg03940776 SYNJ2 -2.14 1.05 4.2E-02 1.4E-01 

cg07037944 DAPK2 -3.67 1.81 4.3E-02 1.4E-01 

cg06559575 IGFBP6 -3.63 1.79 4.3E-02 1.4E-01 

ch.1.171672612F BC136808 -6.23 3.09 4.3E-02 1.4E-01 

cg13606255 TNXB -3.04 1.51 4.4E-02 1.4E-01 

cg05063895 SLC9A3R2 -3.48 1.73 4.4E-02 1.4E-01 

cg17894755 C10orf26 3.72 1.85 4.4E-02 1.4E-01 

cg06421614 DLG4 2.90 1.44 4.5E-02 1.4E-01 

cg14237301 APOBR 4.31 2.15 4.6E-02 1.4E-01 

cg26103104 PURA 6.09 3.05 4.6E-02 1.4E-01 

cg00826902 WRAP73 4.83 2.43 4.6E-02 1.4E-01 

cg00050692 MIR1301 -2.88 1.45 4.6E-02 1.4E-01 

cg13997435 S100A2 -3.06 1.56 4.9E-02 1.5E-01 

cg13274938 RARA 3.71 1.89 5.0E-02 1.5E-01 

 Coefficient was reported as coefficient ×103, so as well for standard error.  26 
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Supplementary Table 2 The 41 previously reported genes replicated with a nominal P<0.05 in our study 27 

Gene Coefficient Standard Error P FDR 

SOCS3 -1.61 0.33 1.4E-06 4.7E-04 

LEF1 1.13 0.27 2.7E-05 4.7E-03 

TMEM49 -1.53 0.4 1.4E-04 1.7E-02 

SARS -0.76 0.22 5.4E-04 4.0E-02 

ATPAF2 -0.93 0.27 6.0E-04 4.0E-02 

NOD2 -1.11 0.33 6.9E-04 4.0E-02 

C4orf29 -0.48 0.15 1.2E-03 5.0E-02 

SLC1A5 -1.25 0.38 1.2E-03 5.0E-02 

BAZ2B 1.54 0.49 1.7E-03 6.4E-02 

PHGDH -1.64 0.53 1.9E-03 6.4E-02 

BCO2 -0.89 0.29 2.0E-03 6.4E-02 

TMEM173 -0.97 0.33 3.1E-03 8.9E-02 

CCNY -0.56 0.2 4.1E-03 1.1E-01 

GDPD3 -1.22 0.43 4.7E-03 1.2E-01 

PSMB9 -0.44 0.16 5.1E-03 1.2E-01 

KLF6 -1.23 0.44 5.4E-03 1.2E-01 

PRICKLE2 -1.3 0.48 7.4E-03 1.5E-01 

ADORA2A 0.71 0.27 8.4E-03 1.6E-01 

GABBR1 -0.54 0.21 8.8E-03 1.6E-01 

DAB1 -0.57 0.23 1.2E-02 2.0E-01 

IL32 -2.16 0.86 1.2E-02 2.0E-01 

IL5RA -2.19 0.9 1.5E-02 2.4E-01 

SBNO2 -0.4 0.17 1.7E-02 2.4E-01 

PBX1 -0.53 0.22 1.7E-02 2.4E-01 

EAF2 1.09 0.46 1.8E-02 2.4E-01 

SOX2OT 1.13 0.49 2.2E-02 2.7E-01 

FLJ42709 1.06 0.46 2.2E-02 2.7E-01 

NFE2L1 -0.42 0.18 2.2E-02 2.7E-01 

HIF3A -0.96 0.42 2.3E-02 2.7E-01 

DENND4B 0.22 0.10 2.5E-02 2.8E-01 

B3GNT7 0.87 0.39 2.6E-02 2.9E-01 

SNHG12 -0.63 0.29 3.0E-02 3.1E-01 

SORBS1 -0.42 0.19 3.0E-02 3.1E-01 

TNIP2 -0.52 0.24 3.0E-02 3.1E-01 

PIK3IP1 -1.22 0.59 3.8E-02 3.7E-01 

RNF145 0.73 0.36 3.9E-02 3.7E-01 

BCL3 -0.21 0.1 4.2E-02 3.9E-01 

MGC12982 1.5 0.74 4.4E-02 4.0E-01 

GNA12 -0.65 0.33 4.7E-02 4.1E-01 

TRIM10 -1.4 0.71 4.7E-02 4.1E-01 

SKI -0.31 0.16 4.9E-02 4.1E-01 

Coefficient was reported as coefficient ×103, so as well for standard error. 28 
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Supplementary Table 3 ICE FALCON results for gene-average DNA methylation* 29 

Gene Predictor Coefficient 
 Model 1   Model 2   Model 3   Change 

Est (SE) P Est (SE) P Est (SE) P Est (SE) P 

BHLHE40           

 BMI self -1.11 (0.39) 4.4E-03   -1.03 (0.62) 9.8E-02 0.09 (0.48) 8.5E-01 

  co-twin   -0.86 (0.45) 5.6E-02 -0.13 (0.67) 8.5E-01 -0.74 (0.50) 1.4E-01 

 DNA methylation self -21.04 (12.35) 8.8E-02   -34.13 (12.97) 8.5E-03 13.10 (9.05) 1.5E-01 

  co-twin 
  -1.29 (9.72) 9.0E-01 -17.75 (10.45) 8.9E-02 16.47 (8.41) 5.0E-02 

SOCS3           

 BMI self -2.80 (0.65) 1.8E-05   -2.71 (0.81) 8.4E-04 -0.10 (0.56) 8.6E-01 

  co-twin   -1.93 (0.79) 1.4E-02 -0.16 (0.84) 8.5E-01 -1.78 (0.64) 5.7E-03 

 DNA methylation self -24.50 (8.48) 3.9E-03   -37.21 (10.11) 2.3E-04 12.71 (6.97) 6.8E-02 

  co-twin   -0.96 (8.23) 9.1E-01 -22.55 (10.37) 3.0E-02 21.59 (7.85) 6.0E-03 

PHGDH           

 BMI change self -2.84 (0.90) 1.6E-03   -2.33 (1.25) 6.2E-02 -0.50 (1.06) 6.4E-01 

  co-twin   -2.44 (0.96) 1.1E-02 -0.69 (1.35) 6.1E-01 -1.75 (1.08) 1.1E-01 

 DNA methylation self -8.55 (4.36) 5.0E-02   -13.40 (5.31) 1.2E-02 4.84 (3.61) 1.8E-01 

  co-twin   -3.18 (5.45) 5.6E-01 -11.45 (6.67) 8.6E-02 8.27 (4.44) 6.2E-02 

Coefficient from the analyses in which BMI as the predictor was reported as coefficient ×103, so as well for standard error. 30 
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 31 

Supplementary Figure 1 Q-Q plots of analyses for CpG-specific DNA methylation  32 

a) Q-Q plot of the analysis for current BMI b) Q-Q plot of the analysis for BMI at age 18-21 years c) Q-Q 33 
plot of the analysis for BMI change 34 

 35 
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Supplementary Figure 2 Manhattan plot of the analysis for CpG-specific DNA methylation and current 36 
BMI 37 

 38 

Supplementary Figure 3 Manhattan plot of the analysis for CpG-specific DNA methylation and BMI at 39 
age 18-21 years 40 

 41 

 42 

 43 

 44 

45 
Supplementary Figure 4 Manhattan plot of analysis for CpG-specific DNA methylation and BMI change  46 
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 47 

Supplementary Figure 5 Q-Q plots of analyses for gene-average DNA methylation  48 

a) Q-Q plot of the analysis for current BMI b) Q-Q plot of the analysis for BMI at age 18-21 years c) Q-Q 49 
plot of the analysis for BMI change.  50 
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 51 

Supplementary Figure 6 Associations between DNA methylation at CpGs annotated BHLHE40 and 52 
current BMI   53 

CpGs are ordered according to the coordinate. a) Regression coefficients of the associations. The error bar 54 
is coefficient ± standard error. b) –log10 p-values of the associations. Associations for 7 CpGs were at 55 
nominal P<0.05. c) Mean DNA methylation levels at CpGs. The error bar is the mean ± standard 56 
deviation. 57 



 

195 

 

 58 

Supplementary Figure 7 Associations between DNA methylation at CpGs annotated to SOCS3 and 59 
current BMI   60 

CpGs are ordered according to the coordinate. a) Regression coefficients of the associations. The error bar 61 
is coefficient ± standard error. b) –log10 p-values of the associations. Associations for 5 CpGs were at 62 
nominal P<0.05. c) Mean DNA methylation levels at CpGs. The error bar is the mean ± standard 63 
deviation. 64 
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 65 

Supplementary Figure 8 Associations between DNA methylation at CpGs annotated to PHGDH and BMI 66 
change 67 

CpGs are ordered according to the coordinate. a) Regression coefficients of the associations. The error bar 68 
is coefficient ± standard error. b) –log10 p-values of the associations. Associations for 5 CpGs were at 69 
nominal P<0.05. c) Mean DNA methylation levels at CpGs. The error bar is the mean ± standard 70 
deviation. 71 
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8.3 Between- and within-sibship regression analyses 

For the identified CpGs and genes, and for CpGs and genes replicated at a nominal P < 

0.05, I performed the between- and within-sibship regression analyses to investigate 

whether familial factors confound their associations with corresponding BMI traits. For 

genes, the gene-average methylation value was used. 

Table 8.1 Results from the between- and within-sibship regression analyses on the identified 

CpGs and body mass index 

BMI trait CpG 
Between-sibship  Within-sibship  Comparison 

Coef SE P  Coef SE P  P FDR 

Current BMI            

 cg12992827 -15.3 4.3 5.3E-04  -11.4 3.4 9.9E-04  0.48 0.61 
 cg18865207 7.7 2.1 3.9E-04  4.0 1.7 1.7E-02  0.17 0.31 
 cg11529924 -4.6 2.4 5.7E-02  -11.1 2.7 5.3E-05  0.07 0.30 
 cg10542883 -19.4 6.5 3.2E-03  -21.9 6.3 5.5E-04  0.78 0.87 
 cg24197445 -5.9 3.0 5.6E-02  -14.7 3.8 1.6E-04  0.07 0.30 
 cg00636368 -18.2 8.2 2.9E-02  -33.9 7.3 4.3E-06  0.15 0.31 
 cg18181703 -13.0 3.1 7.0E-05  -6.4 2.4 8.4E-03  0.10 0.30 
 cg06181567 7.3 2.9 1.2E-02  10.8 3.3 1.1E-03  0.42 0.61 
 cg18640030 -22.6 7.1 1.7E-03  -21.1 7.4 4.4E-03  0.89 0.89 

BMI at age 18-

21 years 

           

cg14990430 28.6 9.9 4.5E-03  36.5 11.3 1.3E-03  0.60 0.82 

cg06045576 9.1 3.7 1.4E-02  15.3 3.6 3.7E-05  0.23 0.82 
 cg00819078 16.6 5.8 4.9E-03  10.8 4.4 1.6E-02  0.43 0.82 
 cg03357727 -17.3 6.4 7.8E-03  -19.6 6.6 3.3E-03  0.80 0.82 
 cg19309463 16.4 8.8 6.6E-02  29.2 8.8 9.6E-04  0.30 0.82 
 cg09446247 9.1 4.0 2.5E-02  10.4 3.8 7.4E-03  0.82 0.82 

BMI change            

 cg12992827 -17.9 5.5 1.5E-03  -14.0 3.6 1.3E-04  0.56 0.67 
 cg25498514 -10.5 6.5 1.1E-01  -30.8 6.0 5.8E-07  0.02 0.22 
 cg01776926 -33.8 7.9 3.6E-05  -17.1 8.2 3.7E-02  0.14 0.27 
 cg26342907 -24.1 5.8 6.1E-05  -10.4 5.3 5.0E-02  0.08 0.27 
 cg12644285 -15.6 4.2 3.1E-04  -7.2 2.7 7.4E-03  0.09 0.27 
 cg07698196 -13.9 3.9 4.8E-04  -8.9 2.7 1.0E-03  0.29 0.44 
 cg11336535 5.8 3.5 9.9E-02  12.2 2.8 2.1E-05  0.16 0.27 
 cg20432448 -7.8 4.2 6.5E-02  -20.1 4.2 2.1E-06  0.04 0.22 
 cg06983052 -12.1 3.0 1.2E-04  -6.1 2.3 8.0E-03  0.11 0.27 
 cg09349128 -8.8 3.4 1.1E-02  -8.8 2.2 9.1E-05  0.99 0.99 
 cg01593552 3.5 1.7 3.5E-02  5.3 1.4 2.5E-04  0.43 0.57 
 cg00636368 -26.7 10.3 1.1E-02  -27.9 7.9 4.6E-04  0.93 0.99 

Coef: coefficient; SE: standard error; FDR: false discovery rate.  

Coefficient was reported as coefficient × 103, so as for standard error. 
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There was no difference between the between- and within-sibship regression coefficients 

for any of the identified CpGs (Table 8.1; all coefficient comparisons had a nominal P > 

0.05), which is consistent with these associations being unlikely due to familial 

confounding. Similar results were found for the identified associations for gene-average 

methylation (Table 8.2).     

 

Table 8.2 Results from the between- and within-sibship regression analyses on the identified 

genes and body mass index 

BMI trait Gene 
Between-sibship  Within-sibship  

Comparison P 
Coef SE P  Coef SE P  

Current BMI           

 BHLHE40 -1.4 0.4 1.6E-04  -0.63 0.29 3.0E-02  0.09 
 SOCS3 -2.1 0.6 1.1E-03  -1.18 0.45 9.5E-03  0.25 

BMI change           

 PHGDH -3.3 0.9 2.0E-04  -1.44 0.58 1.3E-02  0.07 

Coef: coefficient; SE: standard error; FDR: false discovery rate.  

Coefficient was reported as coefficient × 103, so as for standard error. 

 

For the 151 previously reported CpGs replicated at a nominal P < 0.05, CpG cg14476101 

located at PHGDH, was associated with current BMI from the between-sibship regression 

analysis (coefficient [coef] = -0.023, 95% CI: -0.032, -0.014), but not from the within-

sibship analysis (coef = -0.001, 95% CI: -0.008, 0.006), and there was evidence consistent 

with that the cross-sectional association is likely due to familial confounding (P = 2.0 × 

10-4 and FDR = 0.03 from the coefficient comparison). No evidence of familial 

confounding was found for the other 150 CpGs (Table 8.3).  
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Table 8.3 Results from the between- and within-sibship regression analyses on the replicated 

CpGs and body mass index 

CpG 
Between-sibship  Within-sibship  Comparison 

Coef SE P  Coef SE P  P FDR 

cg14476101 -22.8 4.6 2.3E-06  -1.2 3.6 7.4E-01  2.0E-04 0.03 

cg14237301 -1.8 3.1 5.7E-01  9.9 2.7 3.5E-04  4.7E-03 0.35 

cg21429551 -20.9 5.6 2.9E-04  -2.0 4.8 6.8E-01  1.1E-02 0.41 

cg03318904 1.5 2.4 5.4E-01  9.6 2.2 1.4E-05  1.3E-02 0.41 

cg11468085 6.6 2.2 3.1E-03  -0.5 1.8 8.0E-01  1.3E-02 0.41 

cg22304262 -16.6 4.2 1.5E-04  -3.5 3.6 3.4E-01  1.8E-02 0.44 

cg03068497 -15.9 5.2 2.5E-03  -0.2 4.4 9.7E-01  2.1E-02 0.44 

cg00673344 -9.3 2.9 1.6E-03  -2.0 2.5 4.3E-01  5.6E-02 0.76 

cg06559575 -7.1 2.7 8.7E-03  -0.6 2.1 7.8E-01  5.6E-02 0.76 

cg25001190 -10 3.1 1.4E-03  -2.3 2.7 3.9E-01  5.7E-02 0.76 

cg06876354 3.7 1.4 8.8E-03  0.1 1.3 9.1E-01  5.8E-02 0.76 

cg21486834 0.8 2.2 7.0E-01  6.4 2.1 2.2E-03  6.3E-02 0.76 

cg14531564 -8.1 2.5 1.7E-03  -1.8 2.4 4.5E-01  6.8E-02 0.76 

cg25570328 -6.5 2.4 7.5E-03  -1.2 1.8 4.9E-01  7.7E-02 0.76 

cg11832534 0.7 3.6 8.5E-01  9.1 3.2 4.4E-03  8.1E-02 0.76 

cg07094298 -2.5 4.9 6.1E-01  -13.1 3.9 8.0E-04  8.7E-02 0.76 

cg01101459 1.4 2.4 5.5E-01  6.7 2.0 9.6E-04  9.1E-02 0.76 

cg04286697 1.0 2.6 7.2E-01  7.2 2.6 6.2E-03  9.4E-02 0.76 

cg12593793 -8.8 2.4 3.0E-04  -3.7 2.0 6.6E-02  9.9E-02 0.76 

cg18181703 -13.0 3.1 7.0E-05  -6.4 2.4 8.4E-03  1.0E-01 0.76 

cg18120259 -9.3 2.8 1.0E-03  -3.7 2.2 9.2E-02  1.1E-01 0.81 

cg11071202 0.4 2.7 8.9E-01  5.9 2.4 1.5E-02  1.3E-01 0.85 

cg26315985 -3.5 3.1 2.7E-01  -9.6 2.7 3.5E-04  1.3E-01 0.85 

cg00239353 -11.9 4.8 1.6E-02  -2.8 3.7 4.5E-01  1.3E-01 0.85 

cg06500161 2.9 2.6 2.7E-01  7.6 2.0 2.0E-04  1.5E-01 0.90 

cg22534374 -8.8 3.5 1.4E-02  -2.5 2.7 3.6E-01  1.6E-01 0.90 

cg03433986 -6.9 2.5 6.0E-03  -2.2 2.4 3.6E-01  1.7E-01 0.94 

cg19589396 -9.3 3.4 7.8E-03  -3.4 2.7 2.1E-01  1.8E-01 0.95 

cg19390658 -9.8 3.9 1.2E-02  -2.9 3.5 4.2E-01  1.9E-01 0.95 

cg21108085 -10.5 4.2 1.4E-02  -3.1 3.8 4.1E-01  1.9E-01 0.95 

cg13708645 1.8 3.9 6.4E-01  8.0 2.8 4.5E-03  2.0E-01 0.95 

cg25817701 1.9 3.2 5.6E-01  7.1 2.5 4.4E-03  2.0E-01 0.95 

cg09777883 6.9 2.7 1.3E-02  2.5 2.2 2.5E-01  2.1E-01 0.95 

cg05063895 -1.1 2.5 6.6E-01  -5.4 2.5 2.7E-02  2.2E-01 0.95 

cg10822172 1.2 2.2 6.0E-01  4.6 1.8 9.4E-03  2.2E-01 0.95 

cg02650017 -2.7 3.3 4.1E-01  -8.2 3.2 9.9E-03  2.4E-01 0.96 

cg20445774 6.0 2.9 4.4E-02  1.8 2.3 4.3E-01  2.7E-01 0.96 

cg14761417 -9.0 3.9 2.2E-02  -3.4 3.3 2.9E-01  2.7E-01 0.96 

cg18119407 -1.7 2.0 4.1E-01  -4.6 1.7 9.2E-03  2.8E-01 0.96 

cg13222915 -5.6 2.0 5.6E-03  -2.8 1.7 9.7E-02  2.8E-01 0.96 

cg02150354 7.8 3.8 4.4E-02  2.4 3.2 4.5E-01  2.8E-01 0.96 

cg06012428 -5.2 2.2 2.2E-02  -2.1 1.8 2.6E-01  2.9E-01 0.96 

cg12570716 -5.9 2.2 8.2E-03  -2.9 1.8 1.0E-01  2.9E-01 0.96 

cg06421614 4.5 2.3 4.9E-02  1.3 2.1 5.5E-01  2.9E-01 0.96 

ch.1.171672612F -3.6 3.6 3.2E-01  -9.0 3.6 1.3E-02  2.9E-01 0.96 

cg21113318 2.0 1.8 2.7E-01  4.5 1.6 3.9E-03  3.0E-01 0.96 

cg13997435 -4.6 2.1 3.2E-02  -1.7 1.9 3.6E-01  3.1E-01 0.96 

cg17901584 -8.3 3.3 1.3E-02  -4.1 2.5 9.7E-02  3.1E-01 0.96 

cg18062721 3.6 3.8 3.5E-01  8.5 2.9 4.3E-03  3.1E-01 0.96 

cg10508317 -16.0 5.1 2.1E-03  -9.3 4.3 3.2E-02  3.2E-01 0.96 

cg07573872 -5.7 2.9 5.1E-02  -9.4 2.4 1.2E-04  3.2E-01 0.96 

cg01813139 2.0 2.5 4.1E-01  5.2 2.1 1.6E-02  3.4E-01 0.98 
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Table 8.3 continued  

cg08548559 -8.8 4.7 6.2E-02  -3.7 3.1 2.4E-01  3.6E-01 0.98 

cg11650298 -6.5 2.1 2.6E-03  -3.7 2.2 9.5E-02  3.6E-01 0.98 

cg00050692 -1.9 2.1 3.8E-01  -4.5 1.9 1.7E-02  3.7E-01 0.98 

cg00826902 2.0 3.8 6.0E-01  6.4 3.5 6.8E-02  4.0E-01 0.98 

cg06946797 -10.3 4.5 2.5E-02  -5.4 3.7 1.4E-01  4.0E-01 0.98 

cg27115863 -3.8 2.5 1.3E-01  -6.6 2.2 2.6E-03  4.1E-01 0.98 

cg23032421 -8.2 2.9 5.2E-03  -5.0 2.7 6.9E-02  4.2E-01 0.98 

cg21187669 -7.5 2.9 1.1E-02  -4.5 2.4 6.2E-02  4.3E-01 0.98 

cg07960624 -9.1 4.0 2.7E-02  -5.2 2.9 7.0E-02  4.4E-01 0.98 

cg24679890 8.6 3.9 3.1E-02  4.7 3.3 1.6E-01  4.5E-01 0.98 

cg26950531 -20.5 5.7 4.3E-04  -14.6 5.3 6.6E-03  4.5E-01 0.98 

cg26399994 -3.1 3.6 4.0E-01  -6.8 3.4 4.5E-02  4.5E-01 0.98 

cg17894755 5.2 2.8 6.5E-02  2.5 2.4 3.0E-01  4.7E-01 0.98 

cg07730360 2.6 2.7 3.4E-01  5.2 2.4 3.1E-02  4.8E-01 0.98 

cg12992827 -15.3 4.3 5.3E-04  -11.4 3.4 9.9E-04  4.8E-01 0.98 

cg12170787 -5.0 1.7 3.0E-03  -3.5 1.4 1.3E-02  4.8E-01 0.98 

cg15240476 -6.4 3.2 4.9E-02  -3.2 3.2 3.1E-01  4.8E-01 0.98 

cg09469355 -4.0 2.5 1.2E-01  -6.3 2.1 2.9E-03  4.9E-01 0.98 

cg03725309 -7.0 4.0 8.1E-02  -3.6 2.9 2.1E-01  4.9E-01 0.98 

cg21766592 -14.2 6.2 2.3E-02  -8.9 4.7 5.9E-02  5.0E-01 0.98 

cg18513344 -2.0 2.1 3.3E-01  -3.8 1.7 2.3E-02  5.0E-01 0.98 

cg03940776 -3.1 1.6 4.9E-02  -1.7 1.4 2.2E-01  5.0E-01 0.98 

cg04011474 -6.6 3.3 4.8E-02  -3.8 2.7 1.7E-01  5.1E-01 0.98 

cg10922280 2.4 2.2 2.8E-01  4.3 1.9 2.1E-02  5.1E-01 0.98 

cg00695799 -8.8 3.5 1.3E-02  -5.7 3.5 1.0E-01  5.2E-01 0.98 

cg13606255 -2.0 2.3 4.0E-01  -3.9 1.9 4.1E-02  5.2E-01 0.98 

cg24174557 -7.3 3.8 5.5E-02  -10.6 3.5 2.7E-03  5.2E-01 0.98 

cg22488164 3.8 3.5 2.9E-01  6.7 3.0 2.4E-02  5.2E-01 0.98 

cg19750657 8.6 4.4 5.2E-02  5.4 2.9 6.4E-02  5.5E-01 0.98 

cg06192883 5.2 2.6 4.7E-02  3.2 2.1 1.4E-01  5.5E-01 0.98 

cg26804423 2.9 2.7 2.9E-01  4.9 2.2 2.4E-02  5.6E-01 0.98 

cg11080651 -3.1 2.4 2.0E-01  -5.0 2.1 1.9E-02  5.6E-01 0.98 

cg26955383 2.6 2.5 3.0E-01  4.4 2.1 4.2E-02  5.9E-01 0.98 

cg27050612 -4.3 1.9 2.5E-02  -3.1 1.4 2.8E-02  6.1E-01 0.98 

cg26328951 -5.2 3.3 1.1E-01  -3.1 2.8 2.8E-01  6.1E-01 0.98 

cg09349128 -8.0 2.7 3.5E-03  -6.3 2.1 3.0E-03  6.2E-01 0.98 

cg00916899 3.5 3.7 3.6E-01  5.9 3.1 6.3E-02  6.2E-01 0.98 

cg19118951 3.4 2.7 2.1E-01  5.0 2.0 1.1E-02  6.3E-01 0.98 

cg26470501 -4.2 2.4 8.5E-02  -2.8 1.9 1.4E-01  6.3E-01 0.98 

cg26542660 -5.2 2.7 5.3E-02  -3.5 2.2 1.2E-01  6.3E-01 0.98 

cg13123009 3.8 1.9 4.5E-02  2.7 1.4 6.4E-02  6.3E-01 0.98 

cg21319458 7.3 4.9 1.4E-01  4.3 4.1 3.0E-01  6.3E-01 0.98 

cg22522509 4.3 6.3 5.0E-01  8.1 4.9 1.0E-01  6.3E-01 0.98 

cg25630910 5.4 3.1 8.6E-02  3.5 2.8 2.1E-01  6.4E-01 0.98 

cg17501210 -12.8 4.1 2.0E-03  -10.3 3.4 2.4E-03  6.4E-01 0.98 

cg00574958 -7.3 4.5 1.1E-01  -10.1 4.2 1.7E-02  6.5E-01 0.98 

cg17178175 -6.7 3.0 2.7E-02  -5.0 2.6 5.7E-02  6.6E-01 0.98 

cg26103104 5.0 5.0 3.1E-01  7.8 3.7 3.7E-02  6.6E-01 0.98 

cg26562921 3.2 2.5 1.9E-01  1.9 2.0 3.4E-01  6.9E-01 0.98 

cg24531955 -6.8 3.2 3.8E-02  -5.1 2.8 7.2E-02  6.9E-01 0.98 

cg06690548 -14.3 6.0 2.0E-02  -11.1 5.1 3.0E-02  6.9E-01 0.98 

cg22953759 -6.9 3.9 7.9E-02  -8.7 2.8 1.7E-03  7.0E-01 0.98 

cg07805604 5.2 2.6 4.9E-02  3.9 2.2 7.8E-02  7.0E-01 0.98 

cg07235935 -5.3 2.6 4.5E-02  -3.9 2.5 1.1E-01  7.0E-01 0.98 

cg24931632 5.2 3.0 8.5E-02  3.7 2.5 1.5E-01  7.0E-01 0.98 
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Table 8.3 continued  

cg07728579 5.9 3.2 6.8E-02  7.5 2.8 7.7E-03  7.0E-01 0.98 

cg12338137 -5.3 2.7 5.0E-02  -6.6 2.8 1.9E-02  7.2E-01 0.98 

cg19217955 -5.7 2.2 1.2E-02  -6.8 2.4 4.8E-03  7.3E-01 0.98 

cg17260706 -4.9 2.2 2.9E-02  -6.0 2.2 5.8E-03  7.3E-01 0.98 

cg07814318 4.6 2.8 9.5E-02  5.9 2.5 2.0E-02  7.3E-01 0.98 

cg07037944 -4.7 2.8 9.8E-02  -3.5 2.1 1.0E-01  7.5E-01 0.99 

cg08972190 8.7 2.7 1.7E-03  7.6 2.6 4.6E-03  7.5E-01 0.99 

cg22103219 -4.6 2.8 1.1E-01  -3.5 2.3 1.3E-01  7.6E-01 0.99 

cg06207201 -3.8 1.9 5.0E-02  -3.1 1.7 6.8E-02  7.9E-01 1.00 

cg05648510 5.2 2.6 4.6E-02  6.1 2.3 9.0E-03  8.0E-01 1.00 

cg01243823 -7.5 3.9 5.5E-02  -8.7 3.0 4.7E-03  8.1E-01 1.00 

cg22805381 -6.4 2.9 3.0E-02  -5.4 2.8 5.1E-02  8.1E-01 1.00 

cg13442606 -4.0 2.3 8.8E-02  -3.2 2.2 1.4E-01  8.1E-01 1.00 

cg13134297 -6.2 3.2 5.2E-02  -7.3 3.3 2.9E-02  8.2E-01 1.00 

cg13139542 5.4 3.6 1.4E-01  6.4 2.7 1.9E-02  8.2E-01 1.00 

cg00945209 -2.7 2.2 2.4E-01  -3.3 1.8 6.5E-02  8.2E-01 1.00 

cg23172671 5.5 4.1 1.8E-01  6.6 4.3 1.3E-01  8.6E-01 1.00 

cg11024682 3.8 1.8 3.9E-02  3.5 1.5 2.3E-02  8.8E-01 1.00 

cg01881899 7.3 3.8 5.7E-02  8.2 4.2 5.3E-02  8.8E-01 1.00 

cg23095383 -8.1 4.9 1.0E-01  -7.2 4.1 8.3E-02  8.9E-01 1.00 

cg10717869 4.4 2.4 7.1E-02  3.9 2.1 7.0E-02  8.9E-01 1.00 

cg09182678 -5.1 3.6 1.5E-01  -5.8 3.3 8.5E-02  8.9E-01 1.00 

cg26253134 -6.0 2.6 2.4E-02  -5.6 1.8 1.4E-03  9.1E-01 1.00 

cg07136133 -4.3 2.8 1.3E-01  -4.7 2.4 4.9E-02  9.1E-01 1.00 

cg06164260 -3.2 1.7 5.9E-02  -3.4 1.4 1.6E-02  9.1E-01 1.00 

cg11376147 -4.0 1.9 4.1E-02  -4.2 1.8 1.7E-02  9.1E-01 1.00 

cg13591783 -5.6 3.6 1.2E-01  -5.1 2.6 5.1E-02  9.2E-01 1.00 

cg26403843 11.3 4.3 9.8E-03  10.8 3.5 2.2E-03  9.2E-01 1.00 

cg04757345 -6.5 3.0 3.4E-02  -6.9 2.6 9.1E-03  9.2E-01 1.00 

cg08309687 -7.8 3.5 2.6E-02  -7.4 2.8 9.7E-03  9.3E-01 1.00 

cg19413066 -3.3 2.3 1.5E-01  -3.1 1.7 6.7E-02  9.4E-01 1.00 

cg27117792 -5.6 3.6 1.2E-01  -6.0 3.2 6.4E-02  9.4E-01 1.00 

cg12582959 4.2 3.2 1.9E-01  3.9 2.5 1.2E-01  9.4E-01 1.00 

cg13274938 3.5 2.5 1.6E-01  3.7 2.6 1.5E-01  9.5E-01 1.00 

cg01975495 4.4 2.9 1.3E-01  4.2 2.4 7.9E-02  9.6E-01 1.00 

cg04232128 -6.0 2.1 4.8E-03  -6.1 1.9 1.2E-03  9.7E-01 1.00 

cg02716826 -5.1 2.5 3.9E-02  -5.2 2.1 1.4E-02  9.8E-01 1.00 

cg23694492 9.0 4.2 3.5E-02  8.8 3.4 1.1E-02  9.8E-01 1.00 

cg05845030 -4.4 2.2 4.8E-02  -4.3 2.0 2.9E-02  9.8E-01 1.00 

cg20954977 5.4 3.9 1.7E-01  5.3 3.0 8.4E-02  9.8E-01 1.00 

cg01117339 -6.0 2.7 3.0E-02  -6.1 2.2 5.0E-03  9.9E-01 1.00 

cg04583842 4.2 3.2 1.9E-01  4.2 2.4 9.0E-02  9.9E-01 1.00 

cg00094412 -7.0 3.0 2.0E-02  -6.9 2.5 5.9E-03  9.9E-01 1.00 

cg03717755 4.5 3.1 1.5E-01  4.5 2.7 8.8E-02  1.0E+00 1.00 

Coef: coefficient; SE: standard error; FDR: false discovery rate.  

Coefficient was reported as coefficient × 103, so as for standard error. 
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For the 41 previously reported genes replicated at a nominal P < 0.05, the average 

methylation at GNA12 was associated with current BMI from the between-sibship 

regression analysis (coef = -0.0019, 95% CI: -0.0031, -0.0008), but not from the within-

sibship analysis (coef = 0.0005, 95% CI: -0.0002, 0.0012). Such difference was consistent 

with that the cross-sectional association is likely due to familial confounding (P = 3.8 × 

10-4 and FDR = 0.02 from the coefficient comparison). No evidence of familial 

confounding was found for the other 40 genes (Table 8.4). 

Table 8.4 Results from the between- and within-sibship regression analyses on the replicated 

genes and body mass index 

Gene 
Between-sibship  Within-sibship  Comparison 

Coef SE P  Coef SE P  P FDR 

GNA12 -19.4 5.8 1.1E-03  5.1 3.7 1.7E-01  3.8E-04 0.02 

PHGDH -30.2 6.8 2.3E-05  -3.8 5.4 4.9E-01  2.5E-03 0.05 

NFE2L1 -8.5 2.8 3.1E-03  0.4 2.1 8.4E-01  1.0E-02 0.13 

SBNO2 -9.7 3.3 3.9E-03  0.2 2.2 9.4E-01  1.3E-02 0.13 

GABBR1 -11.3 3.8 3.6E-03  -0.4 2.9 9.0E-01  2.2E-02 0.16 

TRIM10 -29.3 11.0 8.6E-03  0.5 7.5 9.5E-01  2.5E-02 0.16 

HIF3A -19.2 7.4 1.1E-02  0.2 4.7 9.6E-01  2.8E-02 0.16 

PRICKLE2 -23.4 8.1 4.7E-03  -1.9 6.1 7.5E-01  3.5E-02 0.18 

SKI -7.3 3.0 1.7E-02  0.2 2.3 9.2E-01  4.6E-02 0.21 

PBX1 -10.1 3.6 5.8E-03  -1.5 2.8 5.9E-01  6.2E-02 0.25 

PSMB9 -8.2 3.3 1.6E-02  -1.1 2.1 6.1E-01  7.3E-02 0.27 

CCNY -10.7 4.1 1.0E-02  -2.1 2.9 4.8E-01  8.5E-02 0.29 

GDPD3 -20.3 6.2 1.3E-03  -6.0 6.2 3.4E-01  1.0E-01 0.29 

NOD2 -17.8 5.6 1.8E-03  -6.8 3.9 8.0E-02  1.1E-01 0.29 

BCO2 -14.3 5.0 4.8E-03  -3.9 4.2 3.5E-01  1.1E-01 0.29 

PIK3IP1 -18.7 8.4 2.7E-02  -3.9 5.7 4.9E-01  1.4E-01 0.34 

BCL3 -3.9 1.7 1.9E-02  -0.6 1.7 7.3E-01  1.5E-01 0.34 

SLC1A5 -19.2 6.7 5.0E-03  -7.5 4.8 1.2E-01  1.6E-01 0.34 

KLF6 -19.3 7.3 9.4E-03  -6.8 5.0 1.8E-01  1.6E-01 0.34 

IL32 -33.1 16.7 5.1E-02  -10.2 10.0 3.1E-01  2.4E-01 0.48 

SOCS3 -20.8 6.2 1.1E-03  -11.8 4.5 9.5E-03  2.5E-01 0.48 

MGC12982 25.2 14.3 8.2E-02  6.6 9.6 4.9E-01  2.8E-01 0.53 

ATPAF2 -12.5 5.1 1.5E-02  -6.5 3.3 5.5E-02  3.2E-01 0.56 

SOX2OT 7.1 6.9 3.0E-01  15.6 5.4 4.1E-03  3.3E-01 0.56 

C4orf29 -6.4 3.2 4.8E-02  -2.9 2.2 1.8E-01  3.6E-01 0.60 

DENND4B 1.1 1.8 5.4E-01  3.0 1.6 5.8E-02  4.2E-01 0.66 

LEF1 9.8 4.2 2.2E-02  13.9 4.0 5.4E-04  4.7E-01 0.71 

DAB1 -7.4 4.1 7.2E-02  -3.9 3.0 1.9E-01  4.9E-01 0.72 

RNF145 9.8 5.3 6.6E-02  5.8 4.6 2.1E-01  5.7E-01 0.80 

SNHG12 -4.7 5.5 3.9E-01  -8.4 3.7 2.4E-02  5.8E-01 0.80 

TMEM173 -11.9 5.6 3.5E-02  -8.3 4.5 6.7E-02  6.2E-01 0.80 

ADORA2A 6.4 4.1 1.3E-01  8.9 3.3 6.5E-03  6.3E-01 0.80 

SORBS1 -5.1 3.4 1.3E-01  -3.3 2.5 1.9E-01  6.6E-01 0.81 

EAF2 12.1 7.9 1.3E-01  7.9 6.0 1.9E-01  6.8E-01 0.81 
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Table 8.4 continued  

BAZ2B 17.1 8.6 5.0E-02  13.0 6.1 3.6E-02  7.0E-01 0.81 

IL5RA -19.8 17.6 2.6E-01  -27.4 10.8 1.2E-02  7.1E-01 0.81 

TNIP2 -4.8 3.7 1.9E-01  -6.0 3.1 5.4E-02  8.1E-01 0.87 

FLJ42709 9.9 6.3 1.2E-01  11.9 5.5 3.2E-02  8.1E-01 0.87 

B3GNT7 8.9 7.1 2.1E-01  7.0 5.4 2.0E-01  8.3E-01 0.87 

TMEM49 -15 6.6 2.5E-02  -16.2 4.5 3.2E-04  8.8E-01 0.91 

SARS -7.8 3.2 1.7E-02  -7.6 3.3 2.3E-02  9.8E-01 0.98 

GNA12 -19.4 5.8 1.1E-03  5.1 3.7 1.7E-01  3.8E-04 0.02 

PHGDH -30.2 6.8 2.3E-05  -3.8 5.4 4.9E-01  2.5E-03 0.05 

NFE2L1 -8.5 2.8 3.1E-03  0.4 2.1 8.4E-01  1.0E-02 0.13 

SBNO2 -9.7 3.3 3.9E-03  0.2 2.2 9.4E-01  1.3E-02 0.13 

GABBR1 -11.3 3.8 3.6E-03  -0.4 2.9 9.0E-01  2.2E-02 0.16 

TRIM10 -29.3 11.0 8.6E-03  0.5 7.5 9.5E-01  2.5E-02 0.16 

HIF3A -19.2 7.4 1.1E-02  0.2 4.7 9.6E-01  2.8E-02 0.16 

PRICKLE2 -23.4 8.1 4.7E-03  -1.9 6.1 7.5E-01  3.5E-02 0.18 

SKI -7.3 3.0 1.7E-02  0.2 2.3 9.2E-01  4.6E-02 0.21 

PBX1 -10.1 3.6 5.8E-03  -1.5 2.8 5.9E-01  6.2E-02 0.25 

PSMB9 -8.2 3.3 1.6E-02  -1.1 2.1 6.1E-01  7.3E-02 0.27 

CCNY -10.7 4.1 1.0E-02  -2.1 2.9 4.8E-01  8.5E-02 0.29 

GDPD3 -20.3 6.2 1.3E-03  -6.0 6.2 3.4E-01  1.0E-01 0.29 

NOD2 -17.8 5.6 1.8E-03  -6.8 3.9 8.0E-02  1.1E-01 0.29 

BCO2 -14.3 5.0 4.8E-03  -3.9 4.2 3.5E-01  1.1E-01 0.29 

PIK3IP1 -18.7 8.4 2.7E-02  -3.9 5.7 4.9E-01  1.4E-01 0.34 

BCL3 -3.9 1.7 1.9E-02  -0.6 1.7 7.3E-01  1.5E-01 0.34 

SLC1A5 -19.2 6.7 5.0E-03  -7.5 4.8 1.2E-01  1.6E-01 0.34 

KLF6 -19.3 7.3 9.4E-03  -6.8 5.0 1.8E-01  1.6E-01 0.34 

IL32 -33.1 16.7 5.1E-02  -10.2 10.0 3.1E-01  2.4E-01 0.48 

SOCS3 -20.8 6.2 1.1E-03  -11.8 4.5 9.5E-03  2.5E-01 0.48 

MGC12982 25.2 14.3 8.2E-02  6.6 9.6 4.9E-01  2.8E-01 0.53 

ATPAF2 -12.5 5.1 1.5E-02  -6.5 3.3 5.5E-02  3.2E-01 0.56 

SOX2OT 7.1 6.9 3.0E-01  15.6 5.4 4.1E-03  3.3E-01 0.56 

C4orf29 -6.4 3.2 4.8E-02  -2.9 2.2 1.8E-01  3.6E-01 0.60 

DENND4B 1.1 1.8 5.4E-01  3.0 1.6 5.8E-02  4.2E-01 0.66 

LEF1 9.8 4.2 2.2E-02  13.9 4.0 5.4E-04  4.7E-01 0.71 

DAB1 -7.4 4.1 7.2E-02  -3.9 3.0 1.9E-01  4.9E-01 0.72 

RNF145 9.8 5.3 6.6E-02  5.8 4.6 2.1E-01  5.7E-01 0.80 

SNHG12 -4.7 5.5 3.9E-01  -8.4 3.7 2.4E-02  5.8E-01 0.80 

TMEM173 -11.9 5.6 3.5E-02  -8.3 4.5 6.7E-02  6.2E-01 0.80 

ADORA2A 6.4 4.1 1.3E-01  8.9 3.3 6.5E-03  6.3E-01 0.80 

SORBS1 -5.1 3.4 1.3E-01  -3.3 2.5 1.9E-01  6.6E-01 0.81 

EAF2 12.1 7.9 1.3E-01  7.9 6.0 1.9E-01  6.8E-01 0.81 

BAZ2B 17.1 8.6 5.0E-02  13.0 6.1 3.6E-02  7.0E-01 0.81 

IL5RA -19.8 17.6 2.6E-01  -27.4 10.8 1.2E-02  7.1E-01 0.81 

TNIP2 -4.8 3.7 1.9E-01  -6.0 3.1 5.4E-02  8.1E-01 0.87 

FLJ42709 9.9 6.3 1.2E-01  11.9 5.5 3.2E-02  8.1E-01 0.87 

B3GNT7 8.9 7.1 2.1E-01  7.0 5.4 2.0E-01  8.3E-01 0.87 

TMEM49 -15 6.6 2.5E-02  -16.2 4.5 3.2E-04  8.8E-01 0.91 

SARS -7.8 3.2 1.7E-02  -7.6 3.3 2.3E-02  9.8E-01 0.98 

Coef: coefficient; SE: standard error; FDR: false discovery rate.  

Coefficient was reported as coefficient × 103, so as for standard error.
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8.4 Sensitivity analyses for the ICE FALCON analyses 

Sensitivity analyses were performed for the ICE FALCON analyses. Contrasting to the 

previous analyses that cell counts were adjusted in one step, in the sensitivity analyses, 

the DNA methylation score was first regressed on cell counts, and the residuals from the 

regression were then included in the ICE FALCON analyse. Only age was adjusted in the 

ICE FALCON analyses. As shown by Table 8.5, similar results were observed and the 

same causation was inferred, compared with those from previous analyses.  
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Table 8.5 Results from the sensitivity analyses for the ICE FALCON analyses for CpG-specific DNA methylation 

CpG Predictor Coefficient 
Model 1  Model 2  Model 3  Change 

Est (SE) P  Est (SE) P  Est (SE) P  Est (SE) P 

CpGs reported by 

Wahl et al. 
          

  
 

 BMI self 0.95 (0.27) 4.2E-04     0.92 (0.33) 5.2E-03  -0.04 (0.17) 8.3E-01 

  co-twin    0.60 (0.26) 2.0E-02  0.06 (0.27) 8.1E-01  -0.53 (0.25) 3.1E-02 

 DNA methylation score self 0.07 (0.03) 3.5E-02     0.10 (0.33) 2.3E-03  0.03 (0.02) 1.8E-01 

  co-twin 
   0.01 (0.02) 8.1E-01  0.06 (0.03) 5.8E-02  0.05 (0.02) 3.6E-02 

Current BMI 

CpGs 
          

  
 

 BMI  self 0.40 (0.06) 1.7E-12     0.44 (0.07) 3.5E-09  0.04 (0.05) 4.4E-01 

  co-twin    0.27 (0.08) 2.6E-04  -0.06 (0.08) 4.3E-01  -0.33 (0.08) 2.0E-05 

 DNA methylation score self 0.46 (0.11) 6.1E-05     0.64 (0.12) 8.4E-08  0.18 (0.08) 2.6E-02 

  co-twin    -0.09 (0.11) 4.1E-01  0.32 (0.11) 3.2E-03  0.42 (0.12) 8.0E-04 

BMI change 

CpGs 
          

  
 

 BMI change self 0.55 (0.07) 1.1E-14     0.47 (0.10) 1.3E-06  -0.08 (0.08) 3.5E-01 

  co-twin    0.46 (0.09) 6.6E-07  0.11 (0.11) 2.8E-01  -0.34 (0.08) 1.3E-05 

 DNA methylation score self 0.35 (0.08) 3.9E-06     0.45 (0.07) 1.7E-11  0.09 (0.07) 2.0E-01 

  co-twin    0.12 (0.09) 2.0E-01  0.29 (0.09) 6.0E-04  0.18 (0.09) 6.2E-02 

ICE FALCON, inference about causation through examination of familial confounding; CpG, cytosine-guanine dinucleotide; BMI, body mass index; Est, estimate; SE, standard 

error. 
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 Association and causation between 

DNA methylation and mammographic density 

9.1 Introduction 

As introduced in Chapter 1, Mammographic density adjusted for age and BMI is a strong 

risk factor for breast cancer, though how it translates into breast cancer risk at the 

biological level is not well known [163]. Environmental factors explain about 30% of the 

variation in age- and BMI-adjusted mammographic density [152-158], while twin and 

family studies suggest that about 70% of the residual variation is accounted for by 

additive genetic factors [153-156]. Genetic variants associated with mammographic 

density identified by GWAS [159, 160] explain only a fraction of variation. DNA 

methylation might both explain variation in mammographic density and represent a 

biological mechanism by which mammographic density is associated with risk of breast 

cancer.  

To the best of my knowledge, no study has yet investigated the association, let alone the 

causation, between DNA methylation and mammographic density. I aimed to investigate 

this association and the potential causation underlying the association in this chapter. 
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9.2 Material and methods 

9.2.1 Study samples 

Participants were from the AMDTSS; from which 436 women with both DNA 

methylation and mammographic density data available were included in the analysis. 

These women included 122 MZ twins (58 complete MZ pairs and six MZ twins), 123 

dizygotic DZ twins (56 complete DZ pairs and 11 DZ twins) and 193 sisters of twins. 

9.2.2 DNA methylation data 

The AMDTSS DNA methylation dataset was used. Probes with missing values (detection 

P-value > 0.01) for one or more samples, with documented SNPs at the target CpG, 

binding to multiple locations [32] or binding to X chromosome, and the 65 control probes 

were excluded, leaving data for 411,394 probes included in the analysis.  

9.2.3 Mammographic density measurement 

Mammogram films were retrieved from BreastScreen services, private clinics, and from 

women who self-stored films. Films were digitized at the Australian Mammographic 

Density Research Facility, The University of Melbourne, using a Lumysis 85 scanner. 

The digitized images were randomized into reading sets of approximately 100 images 

with members from the same family in the same set, and masked so that extraneous 

features on the mammogram other than the breast were excluded. The area of the breast 

and the area of dense tissue were measured by independent readers using a computer-

assisted thresholding technique Cumulus 3.0 (Imaging Research Program, Sunnybrook 

Health Sciences Centre, University of Toronto, Toronto, Canada). The independently 

measured areas were averaged across readers to give the final measures. The dense area 
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(DA) measure was defined to be the area of dense tissue, the non-dense area (NDA) 

measure was defined to be the area of the breast minus the area of dense tissue, and the 

percentage dense area (PDA) measure was calculated as 100 x the area of dense tissue 

divided by the area of the breast. More details about the measurement could be found in 

Odefrey et al. [161].  

9.2.5 Statistical methods 

9.2.5.1 Epigenome-wide association study (EWAS)  

Due to having skewed distributions, the mammographic density measures were firstly 

transformed to be approximately normally distributed using the Box-Cox power 

transformation [208]. The powers for DA, NDA and PDA were 0.25, 0.40 and 0.30, 

respectively (Figure 9.1). The transformed mammographic density measures were 

analysed separately. A linear mixed-effects model, fitted using the lmer() function from 

the R package lme4, was used to assess the association between methylation M-value at 

CpG as the outcome and mammographic measure as the exposure. The model was 

adjusted for age at blood draw, the difference between age at blood draw and age when 

the mammogram was taken, BMI, smoking (never and ever), menopausal status (pre-

menopause and post-menopause), use of hormone replacement therapy (HRT) (no and 

yes), number of live births and cell type proportions estimated from the DNA methylation 

data [209] as fixed effects, and for family and zygosity as random effects to account for 

familial relatedness. Genome-wide significance level was 5% false discovery rate (FDR). 
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Figure 9.1 Distributions of the original and power-transformed mammographic density measures 

a) Distribution of the original dense area measure; b) Distribution of the original non-dense area measure; c) Distribution of the original percentage dense area measure; 

d) Distribution of the transformed dense area measure with a power of 0.25; d) Distribution of the transformed non-dense area measure with a power of 0.40; d) 

Distribution of transformed percentage area measure with a power of 0.30. 
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9.2.5.2 Associations for CpGs at genetic loci associated with mammographic 

density 

A total of 282 of the analysed CpGs were located at genetic loci associated with 

mammographic density identified by GWAS [159, 160]. The numbers of CpGs at each 

locus were: three CpGs at the AREG region, 75 CpGs at the ESR1 region, 34 CpGs at the 

ZNF365 region, 43 CpGs at the LSP1/TNNT3 region, 13 CpGs at the IGF1 region, 17 

CpGs at the TMEM184B region, 39 CpGs at the SGSM3/MKL1 region and 58 CpGs at 

the PRDM6 region. Associations between DNA methylation at these CpGs and 

mammographic density measures were examined. The observed number of CpGs with a 

nominal P < 0.05 was compared with the expected number using the binomial test, 

performed by the binom.test() function from R.  

9.2.5.3 Causal inference analysis 

For the two CpGs associated with transformed and adjusted DA, the between- and within-

sibship regression analyses were performed to investigate whether familial factors 

confound the associations, and the Inference about Causation through Examination of 

FAmiliaL CONfounding (ICE FALCON) was used to assess evidence for causation. In 

the ICE FALCON analysis, data for the 114 complete twin pairs were used. DA was 

firstly used as the predictor and DNA methylation value as the outcome in regression, 

then the roles of the two were exchanged so that DNA methylation value was the predictor 

and DA was the outcome. The same covariates as those in the EWAS were adjusted for.  
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9.3 Results 

9.3.1 Characteristics of study samples 

The 436 included women had a mean (standard age [SD]) age at blood draw of 55.6 (8.1) 

years, a mean (SD) age at mammogram of 56.7 (7.9) years, and a mean (SD) BMI of 26.8 

(5.8) kg/m2. The mean (SD) number of live births was 2.6 (1.5). A total of 166 (38.1%) 

women were ever smokers, 305 (70.0%) were post-menopausal and 53 (12.2%) were 

HRT users. The medians (inter-quartile range) of DA, NDA and PDA were 25.6 (10.1 – 

45.7), 99.1 (65.8 – 143.3) and 21.5 (7.0 – 39.6), respectively. 

9.3.2 EWAS results 

DNA methylation at two CpGs was found to be associated with DA, and there was no 

CpG at which DNA methylation was associated with NDA or PDA. The inflation factors 

(lambdas) from the analyses of DA, NDA and PDA were 1.21, 1.05 and 1.19, respectively; 

see Figure 9.2 for Q-Q plots and Manhattan plots. The two DA-associated CpGs were 

cg21270860 (POU3F1) (coefficient [coef] = 0.16; 95% CI: 0.10, 0.22; P = 1.6 × 10-7; 

FDR = 0.04) and cg17230535 (7p14.3) (coef = -0.14; 95% CI: -0.19, -0.09; P = 1.8 × 10-

7; FDR = 0.04). The most significant CpGs from the analyses of NDA and PDA were 

cg27324128 (MCF2L2/B3GNT5) (coef = 0.05; 95% CI: 0.03, 0.08; P = 6.6 × 10-7; FDR 

= 0.27) and cg00499700 (F2RL1) (coef = -0.05; 95% CI: -0.07, -0.03; P = 1.6 × 10-6; 

FDR = 0.17), respectively. A total of nine, eight and 19 CpGs were found to have a 

nominal P < 10-5 from the analyses of DA, NDA and PDA, respectively; see Table 9.1 

for these CpGs. 
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Table 9.1 CpGs associated with power-transformed and covariates-adjusted 

mammographic density measures with a nominal P < 10-5 

Measure CpG Coefficient Standard error P FDR 

DA      
 cg21270860 0.16 0.03 1.56E-07 0.04 
 cg17230535 -0.14 0.03 1.80E-07 0.04 
 cg27628784 0.11 0.02 6.25E-07 0.09 
 cg18013356 -0.10 0.02 2.52E-06 0.25 
 cg20893180 0.16 0.03 3.02E-06 0.25 
 cg07625271 0.13 0.03 3.66E-06 0.25 
 cg01089589 -0.09 0.02 4.82E-06 0.28 
 cg04822973 0.06 0.01 6.48E-06 0.33 
 cg24494556 0.13 0.03 8.71E-06 0.33 

NDA           
 cg27324128 0.05 0.01 6.57E-07 0.27 
 cg12603173 0.06 0.01 4.79E-06 0.40 
 cg12662388 0.05 0.01 4.94E-06 0.40 
 cg15600915 0.07 0.02 6.20E-06 0.40 
 cg21244086 0.03 0.01 6.58E-06 0.40 
 cg09754828 0.04 0.01 6.69E-06 0.40 
 cg05812089 0.03 0.01 8.99E-06 0.40 
 cg22898797 -0.07 0.02 9.85E-06 0.40 

PDA           

  cg00499700 -0.05 0.01 1.55E-06 0.18 

  cg22898797 0.13 0.03 1.68E-06 0.18 

  cg18013356 -0.09 0.02 2.18E-06 0.18 

  cg07955828 0.10 0.02 2.20E-06 0.18 

  cg07236076 -0.13 0.03 2.38E-06 0.18 

  cg21270860 0.12 0.03 2.56E-06 0.18 

  cg26162326 -0.08 0.02 3.50E-06 0.19 

  cg08999124 -0.05 0.01 4.58E-06 0.19 

  cg08048963 -0.05 0.01 5.27E-06 0.19 

  cg07561747 -0.05 0.01 5.31E-06 0.19 

  cg15864153 -0.07 0.02 5.43E-06 0.19 

  cg04069381 -0.06 0.01 6.22E-06 0.19 

  cg11403708 -0.07 0.02 7.03E-06 0.19 

  cg22233512 -0.10 0.02 7.04E-06 0.19 

  cg05308819 -0.04 0.01 7.09E-06 0.19 

  cg01799671 -0.13 0.03 8.00E-06 0.21 

  cg17230535 -0.10 0.02 9.02E-06 0.21 

  cg00739120 -0.08 0.02 9.24E-06 0.21 

  cg21774865 -0.07 0.02 9.48E-06 0.21 

Mammographic density measures were power-transformed with the powers of 0.25, 0.40 and 0.30 

for DA, NDA, and PDA, respectively. Covariates adjusted for included age at blood draw, the 

difference between age at blood draw and age when the mammogram was taken, BMI, smoking 

(never and ever), menopausal status (pre-menopause and post-menopause), HRT use (no and yes), 

number of live births and cell type proportions.
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Figure 9.2 Q-Q plots and Manhattan plots for results from the epigenome-wide association analyses of mammographic density 

a) Q-Q plot for the results from the analysis of dense area; b) Q-Q plot for the results from the analysis of non-dense area; c) Q-Q plot for the results from 

the analysis of percentage dense area; d) Manhattan plot for the results from the analysis of dense area; e) Manhattan plot for the results from the analysis 

of non-dense area; f) Manhattan plot for the results from the analysis of percentage dense area. 

 



 

214 

 

 

9.3.3 Associations for CpGs at mammographic density related genetic loci 

Among the 282 CpGs, and at the level of FDR < 0.05, DNA methylation at cg16903735 

(LSP1) was found to be associated with PDA, and there was no CpG at which DNA 

methylation was associated with DA or NDA. At the level of nominal P < 0.05, DNA 

methylation was found to be associated with DA, NDA and PDA for a total of 26, 19 and 

26 CpGs, respectively. The observed number of 26 was greater (P = 3.6 × 10-3), and the 

observed number of 19 was not greater (P = 0.17), than the expected number, which was 

282 × 0.05 = 14.1. CpGs with a nominal P < 0.05 for each mammographic density 

measure are listed in Tables 9.2 – 9.4. 

9.3.4 Familial confounding analyses results 

From the between- and within-sibship regression analyses, the between-sibship 

coefficient for cg21270860 was 0.17 (95% CI: 0.10, 0.25; P = 2.5 × 10-5), no different (P 

= 0.44) from the within-sibship coefficient, which was 0.13 (95% CI: 0.04, 0.21; P = 3.7 

× 10-3). The between-sibship coefficient for cg17230535, -0.14 (95% CI: -0.22, -0.05; P 

= 1.9 × 10-3), was similar (P = 0.87) to the within-sibship coefficient, -0.13 (95% CI: -

0.20, -0.06; P = 3.1 × 10-4). 
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Table 9.2 Associations between CpGs at mammographic density related genetic loci and 

mammographic dense area with a nominal P < 0.05 

CpG Coefficient Standard error P FDR Gene region 

cg16903735 -0.07 0.02 5.18E-04 0.10 LSP1 

cg08148802 -0.09 0.03 7.40E-04 0.10 LSP1 

cg11608884 -0.07 0.02 1.77E-03 0.17 LSP1 

cg04948649 -0.06 0.02 2.41E-03 0.17 LSP1 

cg20184056 -0.22 0.08 4.08E-03 0.23 ZNF365 

cg15303472 0.15 0.05 5.69E-03 0.24 TMEM184B 

cg15193171 0.07 0.03 5.83E-03 0.24 PRDM6 

cg10632209 0.05 0.02 8.74E-03 0.31 PRDM6 

cg24764793 0.13 0.05 9.98E-03 0.31 ESR1 

cg14240353 -0.08 0.03 1.13E-02 0.32 IGF1 

cg11612617 -0.09 0.04 1.48E-02 0.34 IGF1 

cg09299592 -0.05 0.02 1.52E-02 0.34 SGSM3_MKL1 

cg09762533 -0.08 0.03 1.56E-02 0.34 LSP1 

cg09906751 0.06 0.03 2.15E-02 0.43 ZNF365 

cg09060789 -0.03 0.01 2.68E-02 0.45 LSP1 

cg00818229 -0.04 0.02 2.79E-02 0.45 SGSM3_MKL1 

cg00601836 0.11 0.05 2.87E-02 0.45 ESR1 

cg06456983 0.07 0.03 2.88E-02 0.45 TMEM184B 

cg03961010 0.07 0.03 3.62E-02 0.50 ZNF365 

cg15543523 0.10 0.05 3.74E-02 0.50 ESR1 

cg05601722 -0.04 0.02 3.90E-02 0.50 SGSM3_MKL1 

cg25338972 -0.08 0.04 4.12E-02 0.50 ESR1 

cg02427042 0.05 0.02 4.23E-02 0.50 SGSM3_MKL1 

cg26375182 0.04 0.02 4.34E-02 0.50 SGSM3_MKL1 

cg03244277 -0.06 0.03 4.39E-02 0.50 AREG 

cg01305421 -0.05 0.03 4.78E-02 0.52 IGF1 

Mammographic density measures were power-transformed with the powers of 0.25, 0.40 and 0.30 

for DA, NDA, and PDA, respectively. Covariates adjusted for included age at blood draw, the 

difference between age at blood draw and age when the mammogram was taken, BMI, smoking 

(never and ever), menopausal status (pre-menopause and post-menopause), HRT use (no and yes), 

number of live births and cell type proportions.  
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Table 9.3 Associations between CpGs at mammographic density related genetic loci and 

mammographic non-dense area with a nominal P < 0.05 

CpG Coefficient Standard error P FDR Gene region 

cg01777019 -0.05 0.01 6.15E-04 0.17 ESR1 

cg16070444 0.09 0.03 4.24E-03 0.60 TMEM184B 

cg01305421 0.03 0.01 1.08E-02 0.63 IGF1 

cg04948649 0.03 0.01 1.35E-02 0.63 LSP1 

cg08867893 -0.05 0.02 1.74E-02 0.63 ZNF365 

cg01360054 0.03 0.01 2.24E-02 0.63 PRDM6 

cg09299592 0.02 0.01 2.54E-02 0.63 SGSM3_MKL1 

cg00549798 0.02 0.01 2.58E-02 0.63 SGSM3_MKL1 

cg03244277 0.03 0.01 2.61E-02 0.63 AREG 

cg16903735 0.02 0.01 3.01E-02 0.63 LSP1 

cg09956037 0.03 0.01 3.37E-02 0.63 LSP1 

cg24806571 -0.03 0.01 4.03E-02 0.63 PRDM6 

cg12106976 0.02 0.01 4.22E-02 0.63 ESR1 

ch.6.2949012F 0.11 0.05 4.26E-02 0.63 ESR1 

cg07969669 0.03 0.02 4.57E-02 0.63 ZNF365 

cg21950534 -0.03 0.01 4.76E-02 0.63 ESR1 

cg15626350 0.05 0.03 4.83E-02 0.63 ESR1 

cg20331155 0.02 0.01 4.99E-02 0.63 LSP1 

cg10656485 0.03 0.01 4.99E-02 0.63 SGSM3_MKL1 

Mammographic density measures were power-transformed with the powers of 0.25, 0.40 and 0.30 

for DA, NDA, and PDA, respectively. Covariates adjusted for included age at blood draw, the 

difference between age at blood draw and age when the mammogram was taken, BMI, smoking 

(never and ever), menopausal status (pre-menopause and post-menopause), HRT use (no and yes), 

number of live births and cell type proportions.
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Table 9.4 Associations between CpGs at mammographic density related genetic loci and 

mammographic percentage dense area with a nominal P < 0.05 

CpG Coefficient Standard error P FDR Gene 

cg16903735 -0.06 0.02 1.39E-04 0.04 LSP1 

cg04948649 -0.06 0.02 5.58E-04 0.08 LSP1 

cg11608884 -0.06 0.02 1.94E-03 0.17 LSP1 

cg08148802 -0.06 0.02 3.14E-03 0.17 LSP1 

cg01305421 -0.07 0.02 3.25E-03 0.17 IGF1 

cg09299592 -0.05 0.02 3.66E-03 0.17 SGSM3_MKL1 

cg14240353 -0.07 0.03 9.51E-03 0.37 IGF1 

cg01777019 0.07 0.03 1.07E-02 0.37 ESR1 

cg03244277 -0.06 0.02 1.21E-02 0.37 AREG 

cg00818229 -0.04 0.01 1.30E-02 0.37 SGSM3_MKL1 

cg09060789 -0.03 0.01 1.44E-02 0.37 LSP1 

cg05601722 -0.04 0.02 1.68E-02 0.39 SGSM3_MKL1 

cg15543523 0.09 0.04 1.85E-02 0.40 ESR1 

cg24764793 0.10 0.04 2.32E-02 0.44 ESR1 

cg20184056 -0.15 0.07 2.34E-02 0.44 ZNF365 

cg09956037 -0.05 0.02 2.68E-02 0.47 LSP1 

cg03961010 0.06 0.03 3.25E-02 0.51 ZNF365 

cg02404255 -0.06 0.03 3.32E-02 0.51 ESR1 

cg21608605 -0.05 0.03 4.23E-02 0.51 ESR1 

cg15193171 0.05 0.02 4.45E-02 0.51 PRDM6 

cg02009651 -0.05 0.03 4.51E-02 0.51 AREG 

cg05928581 -0.06 0.03 4.63E-02 0.51 LSP1 

cg26158194 0.04 0.02 4.64E-02 0.51 LSP1 

cg10656485 -0.05 0.03 4.67E-02 0.51 SGSM3_MKL1 

cg11612617 -0.06 0.03 4.84E-02 0.51 IGF1 

cg19051504 0.03 0.02 4.87E-02 0.51 SGSM3_MKL1 

Mammographic density measures were power-transformed with the powers of 0.25, 0.40 and 0.30 

for DA, NDA, and PDA, respectively. Covariates adjusted for included age at blood draw, the 

difference between age at blood draw and age when the mammogram was taken, BMI, smoking 

(never and ever), menopausal status (pre-menopause and post-menopause), HRT use (no and yes), 

number of live births and cell type proportions.
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9.3.5 ICE FALCON analyses results 

Within twin pairs, the correlation in DA was 0.58 (95% CI: 0.47, 0.67), greater than the 

correlations in DNA methylation at cg21270860 and at cg17230535, which were 0.18 

(95% CI: 0.00, 0.35) and 0.30 (95% CI: 0.13, 0.45), respectively. The point estimate of 

the correlation in DA was not within the confidence intervals of the correlations in DNA 

methylation at cg21270860 nor at cg17230535.  

The ICE FALCON analysis results for DNA methylation at the two CpGs are shown in 

Table 9.5. From the analysis in which DA was the predictor and DNA methylation at 

cg21270860 was the outcome, a women’s DNA methylation level was associated with 

her own DA (Model 1; self = 2.93; 95% CI: 1.90, 3.96; P = 2.4 × 10-8), and associated 

with her co-twin’s DA (Model 2; co-twin = 2.19, 95% CI: 1.06, 3.32; P = 1.6 × 10-4). 

Conditioning on her co-twin’s DA (Model 3), selfremained unchanged (P = 0.26); while 

conditioning on her own DA (Model 3), co-twin attenuated by 73.5% (95CI: 32.9%, 

130.1%; P = 7.1 × 10-3) to be 0.58 (95% CI: -1.07, 2.23; P = 0.49) in model 3, compared 

with the 2.19 in Model 2.  

From the analysis in which DNA methylation at cg21270860 was the predictor and DA 

the outcome, a woman’s DA was associated with her own DNA methylation level (Model 

1; self = 14.20; 95% CI: 4.48, 23.92; P = 4.2 × 10-3), but not with her co-twin’s DNA 

methylation level (Model 2; co-twin = 3.89, 95% CI: -4.28, 12.06; P = 0.35). Conditioning 

on her co-twin’s DNA methylation level (Model 3), self increased by 48.3% (95CI: 

14.3%, 83.1%; P = 0.01) to be 21.10 (95% CI: 9.65, 32.50; P = 3.1 × 10-4) in Model 3, 

compared with the 14.20 in Model 1. Conditioning on her own DNA methylation level 
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(Model 3), co-twin increased by 246.8% (95CI: 83.3%, 452.4%; P = 0.01), compared with 

the 3.89 in Model 2, to be 13.50 (95% CI: 4.37, 22.63; P = 3.8 × 10-3) in Model 3. These 

results were consistent with that DA has a causal effect on DNA methylation at 

cg21270860, but not in the opposite direction.  

Similar results were found and a similar causation was inferred for DA on DNA 

methylation at cg17230535 (Table 9.5).   
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Table 9.5 Results from the ICE FALCON analyses on CpGs cg21270860 and cg17230535 and mammographic dense area 

CpG Coefficient 

Model 1  Model 2  Model 3  Change 

Estimate  

(Standard error) 
P  Estimate  

(Standard error) 
P  Estimate  

(Standard error) 
P 

 Estimate  

(Standard error) 
P 

cg21270860             

     Dense area as the predictor self 2.93 (0.53) 2.4E-08  – –  2.57 (0.70) 2.5E-04  -0.36 (0.57) 2.6E-01 

 co-twin – –  2.19 (0.58) 1.6E-04  0.58 (0.84) 4.9E-01  -1.61 (0.66) 7.1E-03 

     DNA methylation as the predictor self 14.20 (4.96) 4.2E-03  – –  21.10 (5.84) 3.1E-04  6.86 (3.04) 1.2E-02 

 co-twin – –  3.89 (4.17) 3.5E-01  13.50 (4.66) 3.8E-03  9.61 (4.39) 1.4E-02 

cg17230535             

     Dense area as the predictor self -2.36 (0.55) 1.8E-05  – –  -2.28 (0.63) 3.3E-04  -0.08 (0.25) 3.7E-01 
 co-twin – –  -1.00 (0.60) 1.0E-01  -0.26 (0.72) 7.1E-01  -0.74 (0.45) 5.1E-02 

     DNA methylation as the predictor self -19.6 (5.44) 3.3E-04  – –  -20.50 (5.89) 5.0E-04  0.97 (1.93) 3.1E-01 
 co-twin – –  1.22 (5.83) 8.3E-01  -3.60 (5.90) 5.4E-01  4.83 (3.23) 6.8E-02 

Regression coefficients from the analysis in which dense area as the predictor were reported as being multiplied by 1000, as well as for standard errors. 
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9.4 Discussion 

In this chapter, I performed a EWAS between mammographic density measures and blood 

DNA methylation, and found two CpGs (cg21270860 and cg17230535) at which DNA 

methylation was associated with transformed and covariates-adjusted DA. I also found 

evidence that, for CpGs located at genetic loci associated with mammographic density, 

there were more CpGs nominally associated with DA and PDA than would be expected 

by chance. The investigation of causation suggests that the associations for CpGs 

cg21270860 and cg17230535 are unlikely due to familial confounding, but due to the 

causal effect from DA on DNA methylation. 

The biological relevance of DA to DNA methylation at CpGs cg21270860 and 

cg17230535, if true, is unknown. CpG cg21270860 is located 200-1500 bases upstream 

of the transcriptional start site (TSS1500) of the POU3F1 (POU class 3 homeobox 1) 

gene. Gene Ontology annotations related to POU3F1 include DNA binding (GO:0003677) 

and transcription (GO:0006351). There is suggestive evidence from GWAS that genetic 

variants at POU3F1 are associated with visceral adipose tissue/subcutaneous adipose 

tissue ratio [210] and rheumatoid arthritis [211], and interact with smoking on the 

association with waist-to-hip circumference ratio [212]. CpG cg17230535 is located at an 

intergenic region on 7p14.3. According to the distance to transcriptional start sites, the 

closest gene to cg17230535 is AVL9 [32], which is thought to be a cancer driver candidate 

gene [213]. More research about the biological relationships between DA and DNA 

methylation at the two CpGs is warranted.  

I found that CpGs located at genetic loci associated with mammographic density were 

enriched for associations for DA and PDA, given that more nominally associated CpGs 
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were observed than would be expected by chance. This suggests that DNA methylation 

at these genetic loci might be involved in the associations between the genetic loci and 

mammographic density. However, whether DNA methylation mediates the effects of 

genetic variants on mammographic density, or mammographic density is the mediator 

between genetic variants and DNA methylation at these loci, is unknown. To answer this 

question, more research integrating data on genetics, DNA methylation and 

mammographic density might be helpful. The lack of an enrichment of associations for 

NDA is reasonable, given that none of the studied genetic loci is associated with NDA 

[159, 160].  

That DA has a causal effect on DNA methylation at cg21270860 and cg17230535 has 

aetiological implications suggesting that changes in DNA methylation at the two CpGs 

might act in the downstream pathways of DA. To resolve whether these DNA methylation 

changes mediate the effect of DA on breast cancer needs several questions to be answered. 

First, whether the two CpGs are associated with breast cancer. There will be no mediation 

if there is no association. Second, whether there is causal association, if there is any, 

between the two CpGs and breast cancer. Changes in DNA methylation at the two CpGs 

might be the outcome rather the cause of breast cancer, in which case breast cancer is 

more likely to have a mediating role between DA and methylation at the two CpGs, rather 

than the opposite. Third, whether there is biological causality between DA and DNA 

methylation changes at the two CpGs, given that the biological tissue in the AMDTSS 

was whole blood but not breast tissue. Nevertheless, results found by this chapter provide 

suggestive evidence that DNA methylation is potentially involved in the mechanism of 

the association between mammographic density and breast cancer risk. 
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This chapter has several strengths. First, to the best of my knowledge, this chapter is the 

first to investigate the association between genome-wide DNA methylation and 

mammographic density measures that predict breast cancer risk. Second, I not only 

studied the cross-sectional association, but I also investigated the possible causation 

underlying the association using novel analytic methods.  

 

9.5 Conclusions 

This chapter finds evidence that DNA methylation in peripheral blood from middle-aged 

women is associated with the amount of her mammographic dense area. By investigating 

the potential causation underlying the observed association, this chapter finds evidence 

consistent with mammographic dense area having a causal effect on DNA methylation, 

but not vice versa or the association being due to familial confounding. 
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 Association and causation between 

DNA methylation and smoking  

10.1 Introduction  

In this chapter, I aimed to investigate the association, and the possible causation, between 

DNA methylation and smoking. I used the AMDTSS dataset. Through an EWAS of 

smoking status, I found 39 CpGs located at 27 loci were differentially methylated across 

never, former and current smokers. Through the between- and within-sibship regression 

analysis and ICE FALCON analysis, I found evidence consistent with that the identified 

associations are due to smoking having a causal effect on DNA methylation. I also found 

evidence that smoking causes DNA methylation changes at CpGs found by the largest 

meta-analysis [164].  

The work of this chapter has been published in the Clinical Epigenetics [214].This chapter 

contains the publication, which can also be found at  

https://clinicalepigeneticsjournal.biomedcentral.com/articles/10.1186/s13148-018-0452-9.   

 

10.2 Publication  

Due to the large number of pages, Tables S1 and S2 are not included in this thesis. They 

can be found at  

https://clinicalepigeneticsjournal.biomedcentral.com/articles/10.1186/s13148-018-0452-9.   

https://clinicalepigeneticsjournal.biomedcentral.com/articles/10.1186/s13148-018-0452-9
https://clinicalepigeneticsjournal.biomedcentral.com/articles/10.1186/s13148-018-0452-9
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Background
Epigenetics is a mechanism modifying gene expression
without changing underlying DNA sequence. DNA
methylation, a phenomenon that typically a methyl
group (-CH3) is added to a cytosine-guanine dinucleo-
tide (CpG) at which the cytosine is converted to a 5-
methylcytosine, has been proposed to play a role in the
aetiology of complex traits and diseases [1, 2].
At least 21 epigenome-wide association studies (EWASs)

have reported that methylation in the blood of adults at a
great many CpGs is associated with smoking status [3–23].
A recent, and the largest meta-analysis so far, reported
18,760 CpGs annotated to 7201 genes, which account for
approximately one third of the known human genes, were
differentially methylated between 2433 current smokers
and 6956 never smokers [11]. Associations for several loci,
such as AHRR, F2RL3, GPR15, GFI1, 2q37.1 and 6p21.33,
have been consistently reported, and a systematic review
published in 2015 found that associations for 62 CpGs
had been reported at least three times [24]. Apart from
smoking status, other smoking exposures such as cu-
mulative smoking [3, 4, 8–12, 16–18, 20, 22] and years
since quitting [4, 9–12, 15, 16, 19, 20, 22] have also
been found to be associated with blood DNA methylation.
Most of the reported associations are from cross-

sectional designs; thus, the causal nature of the associ-
ation, i.e. whether DNA methylation has a causal effect
on smoking or vice versa, is unknown. There is also a
possibility that cross-sectional epigenetic associations
are due to familial confounding [25]. Studies have sug-
gested that smoking-related blood DNA methylation
mediates the effects of smoking on lung cancer [26, 27],
death [28], leukocyte telomere length [29], and subclin-
ical atherosclerosis [30]. These studies assume that
smoking has a causal effect on methylation without evi-
dence of causality. To the best of our knowledge, the
only causal evidence comes from a study using a two-
step Mendelian randomisation (MR) approach to investi-
gate the mediating role of methylation between smoking
and inflammation [31]. This study found that smoking
had a causal effect on methylation at CpGs located at
F2RL3 and GPR15 genes.
In this study, we aimed to investigate association

between smoking and blood DNA methylation, to repli-
cate associations previously reported and to investigate
putative causal nature of the association using regression
methods for related individuals.

Methods
Study sample
The sample comprised women from the Australian
Mammographic Density Twins and Sisters Study [32]. A
total of 479 women including 66 monozygotic twin

pairs, 66 dizygotic twin pairs and 215 sisters from 130
families were selected [33].

Smoking data collection
A telephone-administered questionnaire was used to collect
participants’ self-reported information on smoking. Partici-
pants were asked the question ‘Have you ever smoked at
least one cigarette per day for 3 months or longer?’ Partici-
pants who answered ‘No’ were classified as never smokers,
and the rest ever smokers. Ever smokers were further ques-
tioned for age at starting smoking, the average number of
cigarettes smoked per day, and age at stopping smoking, if
any. Ever smokers who had stopped smoking before the
interview were classified as former smokers, and the rest
current smokers.

DNA methylation data
DNA was extracted from dried blood spots stored on
Guthrie cards using a method previously described [34].
Methylation was measured using the Infinium Human-
Methylation450K BeadChip array. Raw intensity data
were processed by Bioconductor minfi package [35],
which included normalisation of data using Illumina’s
reference factor-based normalisation methods (prepro-
cessIllumina) and subset-quantile within array normal-
isation (preprocessSWAN) [36] for type I and II probe
bias correction. An empirical Bayes batch-effects re-
moval method ComBat [37] was applied to minimise
technical variation across batches. Probes with missing
values (detection P value> 0.01) in one or more sam-
ples, with documented SNPs at the target CpG, with
beadcount < 3 in more than 5% samples, binding to
multiple locations [38] or binding to X chromosome,
and the 65 control probes were excluded, leaving
411,219 probes included in the analysis; see Li et al. [33]
for more details.

Epigenome-wide association analysis
We investigated the association using a linear mixed-
effects model in which the methylation M value, a logit
transformation of the percentage of methylation, as the
outcome and smoking status (never, former and current
smokers) as the predictor. The model was adjusted for
age and estimated cell-type proportions [39] as fixed ef-
fects and for family and zygosity as random effects, fitted
using the lmer() function from the R package lme4 [40].
The likelihood ratio test was used to make inference,
that is, a nested model without smoking status was fitted
and a P value was calculated based on that, twice the dif-
ference in the log likelihoods between the full and nested
models approximately follows the chi-squared distribu-
tion with two degrees of freedom. To account for mul-
tiple testing, associations with a false discovery rate
(FDR) [41] < 0.05 were considered statistically significant
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and the corresponding CpGs were referred to as ‘identi-
fied CpGs’.
For identified CpGs, we investigated their associations

with cumulative smoke exposure indicated by pack-years
for ever smokers and with years since quitting for
former smokers. Pack-years were calculated as the aver-
age number of cigarettes smoked per day divided by 20
and multiplied by the number of years smoked, and
were log-transformed to be approximately normal dis-
tributed. Years since quitting were calculated as age at
interview minus age at stopping smoking. The covariates
adjusted and statistical inference were the same as those
for smoking status, except that the model for pack-years
was additionally adjusted for smoking status (former and
current smokers) to investigate associations independent
of smoking status.

Replication of previously reported associations
After quality control, 18,671 CpGs reported from the
largest meta-analysis performed by Joehanes et al. [11]
were included in our study. For these CpGs, we investi-
gated their associations with smoking status in our
study. Given the sample size of our study and not to
miss any potential replication, associations with a
nominal P < 0.05 and the same direction as that re-
ported by Joehanes et al. were considered to be repli-
cated, and the corresponding CpGs were referred to as
‘replicated CpGs’.

Familial confounding analysis
For the identified CpGs and replicated CpGs, we per-
formed between- and within-sibship analyses [25, 42] to
investigate if familial factors confound the associations.
Given that never and former smokers had similar
methylation levels for most of the CpGs, we combined
them into one group. The new smoking status was thus
analysed with current smokers as ‘1’ and the rest as ‘0’.
In the analysis, the methylation M values, smoking ex-

posures and covariates were orthogonally transformed
within sibships to obtain sibship means and within-sibship
differences for these variables; see Stone et al. [42] for
more details about the transformation. The between-
sibship analyses investigated associations between sibship
means for methylation levels and those for smoking expo-
sures, and the within-sibship analyses investigated associa-
tions between within-sibship differences for methylation
levels and those for smoking exposures. Associations esti-
mated from the within-sibship analyses are independent
of familial confounding, as the confounding effects of fa-
milial factors shared by siblings, both known and un-
known, were cancelled out when using within-sibship
differences. Evidence for familial confounding can be ob-
tained by comparing between-sibship coefficient (βB) and
within-sibship coefficient (βW). When βB ≠ βW and βW ≈ 0,

i.e. the association disappears when familial factors are ad-
justed, the observation is consistent with the association
being due to familial confounding. When βB ≈ βW ≠ 0, i.e.
the association is similar regardless of whether familial
factors are adjusted, the observation is consistent with ab-
sence of evidence for familial confounding; see Carlin et
al. [43] for more details about the implications from com-
paring βB and βW.

Causal inference analysis
We performed causal inference between smoking status
and methylation using Inference about Causation through
Examination of FAmiliaL CONfounding (ICE FALCON),
a regression-based methodology for analysing twin data
[44–48]. By causal is meant, that if it were possible to vary
a predictor measure experimentally, the expected value of
the outcome measure would change.
As shown in Fig. 1, suppose there are two variables, X

and Y, measured for pairs of twins, and for example, let
X refer to smoking status and Y refer to methylation.
Assume that X and Y are positively associated within an
individual. Let S denote the unmeasured familial factors
that affect both twins, SX represents those factors that
influence X values only, SY those that influence Y values
only, and SXY those that influence both X and Y values.
For the purpose of explanation, let ‘self ’ refer to an indi-
vidual and ‘co-twin’ refer to the individual’s twin, but
recognise that these labels can be exchanged and both
twins within a pair are used in the analysis.
If there is a correlation between Yself and Xco-twin, it

might be due to a familial confounder, SXY (Fig. 1a). It
could also be due to X having a causal effect on Y within
an individual, provided Xself and Xco-twin are correlated
(Fig. 1b), or to Y having a casual effect on X, provided
Yself and Yco-twin are correlated (Fig. 1c). Note that the
confounders specific to an individual, Cself and Cco-twin,
do not of themselves result in a correlation between Yself
and Xco-twin.
Using the Generalised Estimating Equations (GEE), fit-

ted using the geeglm() function from R package geepack
[49], to take into account any correlation in Y between
twins within the same pair, three models are fitted:
Model 1: E(Yself ) = α + βselfXself

Model 2: E(Yself ) = α + βco-twinXco-twin

Model 3: E(Yself ) = α + β′selfXself + β′co-twinXco-twin

If the correlation between Yself and Xco-twin is solely
due to familial confounders (Fig. 1a), the marginal asso-
ciation between Yself and Xself (βself in model 1) and the
marginal association between Yself and Xco-twin (βco-twin
in model 2) must both be non-zero. Adjusting for Xself,
however, the conditional association between Yself and
Xco-twin (β′co-twin in model 3) is expected to attenuate
from βco-twin in model 2 towards the null. Similarly, adjust-
ing for Xco-twin (model 3), the conditional association
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between Yself and Xself (β′self in model 3) is expected to at-
tenuate from βself in model 1 towards the null.
If the correlation between Yself and Xco-twin is solely

due to a causal effect from X to Y (Fig. 1b), Yself and
Xco-twin in model 2 will be associated through two path-
ways: the confounder SX, and conditioning on the col-
lider Yco-twin (GEE analysis in effect conditions on Yco-twin).
Conditioning on Yco-twin induces a negative correlation

between Xco-twin and Yself (note that we assume X and Y are
positively associated within an individual), so that βco-twin in
model 2 depends on the within-pair correlations in X (ρX)
and in Y (ρY): if ρX > ρY, βco-twin is expected to be positive;
otherwise βco-twin to be negative. Conditioning on Xself

(model 3), both pathways are blocked and the conditional
association (β′co-twin in model 3) is expected to attenuate
towards the null.
If the correlation between Yself and Xco-twin is solely

due to a causal effect from Y to X (Fig. 1c), in model 2
the pathway through SX is blocked due to Xself as a col-
lider, and the pathway through SY is blocked due to that
GEE analysis in effect conditions on Yco-twin, so there is
no marginal association between Yself and Xco-twin, and
βco-twin of model 2 is expected to be zero.
We studied methylation at the identified CpGs and

replicated CpGs, respectively. For each group of CpGs,
methylation was analysed as a weighted methylation
score, calculated as the sum of the products of methyla-
tion level and weight of each CpG. For a locus contain-
ing multiple CpGs, only the CpG with the smallest P
value was included in the methylation score. For the
identified CpGs, the methylation level was the standar-
dised M value and the weight was the log odds ratio for
smoking status. For the replicated CpGs, the methyla-
tion level was the Beta value, the scale used in the meta-
analysis, and the weight was the Z statistic reported by
Joehanes et al. [11]. Smoking status was analysed as a
binary variable with current smokers as ‘1’ and the rest
as ‘0’. We first used smoking status to be X and methyla-
tion score to be Y and regressed methylation score on
smoking status. We then exchanged X and Y to regress
smoking status on methylation score and undertook the
same analyses. The data for 132 twin pairs were used.
We made statistical inference about the change in re-
gression coefficient using one-sided t test with a
standard error computed using nonparametric boot-
strap method. That is, twin pairs were randomly sam-
pled with replacement to generate 1000 new datasets
with the same sample size as the original dataset. ICE
FALCON was then applied to each dataset to calculate
the change in regression coefficient for that dataset
and standard error was then estimated by computing
the standard deviation.

Results
Characteristics of the sample
The mean (standard deviation [SD]) age for the 479
women was 56.4 (7.9) years. The women included
291 (60.8%) never smokers, 147 (30.7%) former
smokers and 41 (8.5%) current smokers. Ever smokers
had a median (interquartile range) of 7.0 (13.8) pack-
years. Former smokers had an average (SD) of 21.5
(11.4) years since quitting.

Fig. 1 Some possible directed acyclic graphs for the cross-twin
cross-trait correlation. a The cross-twin cross-trait correlation is due
to familial confounding. b The cross-twin cross-trait correlation is
due to the causal effect of X on Y. c The cross-twin cross-trait correlation
is due to the causal effect of Y on X
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Epigenome-wide analysis results
Methylation at 39 CpGs located at 27 loci was found to
be associated with smoking status (Table 1; Q-Q plot
and Manhattan plot in Fig. 2). Associations for 37 of the

39 CpGs have been reported by at least two studies and
associations for two CpGs, cg06226150 (SLC2A4RG) and
cg21733098 (12q24.32), have only been reported from
the meta-analysis performed by Joehanes et al. [11]. For

Table 1 39 CpGs at which methylation was found to be associated with smoking status with FDR < 0.05

CpG CHR Loci Methylation level, mean (standard deviation) P FDR

Never smokers Former smokers Current smokers

cg05575921 5 AHRR 0.82 (0.04) 0.79 (0.05) 0.69 (0.08) 2.69E-41 1.11E-35

cg05951221 2 2q37.1 0.48 (0.05) 0.44 (0.06) 0.38 (0.06) 1.01E-28 2.08E-23

cg01940273 2 2q37.1 0.69 (0.04) 0.66 (0.05) 0.60 (0.05) 1.03E-25 1.41E-20

cg03636183 19 F2RL3 0.72 (0.04) 0.70 (0.05) 0.64 (0.06) 2.86E-22 2.94E-17

cg06126421 6 6p21.33 0.79 (0.05) 0.76 (0.06) 0.72 (0.06) 1.22E-17 1.00E-12

cg26703534 5 AHRR 0.68 (0.03) 0.69 (0.03) 0.64 (0.03) 4.44E-16 3.04E-11

cg21161138 5 AHRR 0.77 (0.03) 0.76 (0.04) 0.72 (0.05) 1.21E-14 7.11E-10

cg11660018 11 PRSS23 0.59 (0.04) 0.57 (0.04) 0.54 (0.04) 8.59E-12 4.42E-07

cg09935388 1 GFI1 0.82 (0.05) 0.81 (0.05) 0.75 (0.07) 5.90E-11 2.70E-06

cg25648203 5 AHRR 0.84 (0.02) 0.83 (0.02) 0.81 (0.03) 1.63E-10 6.71E-06

cg19859270 3 GPR15 0.93 (0.01) 0.93 (0.01) 0.92 (0.01) 2.77E-10 1.04E-05

cg03329539 2 2q37.1 0.47 (0.05) 0.46 (0.05) 0.42 (0.04) 5.04E-10 1.73E-05

cg24859433 6 6p21.33 0.88 (0.02) 0.88 (0.02) 0.86 (0.02) 6.02E-10 1.85E-05

cg14753356 6 6p21.33 0.47 (0.06) 0.45 (0.06) 0.43 (0.05) 6.28E-10 1.85E-05

cg07339236 20 ATP9A 0.17 (0.04) 0.16 (0.04) 0.13 (0.03) 3.68E-09 1.01E-04

cg04885881 1 1p36.22 0.48 (0.05) 0.47 (0.05) 0.44 (0.05) 4.46E-09 1.15E-04

cg23916896 5 AHRR 0.29 (0.07) 0.27 (0.06) 0.23 (0.06) 1.01E-08 2.43E-04

cg14817490 5 AHRR 0.30 (0.04) 0.03 (0.04) 0.26 (0.04) 1.37E-08 3.14E-04

cg11902777 5 AHRR 0.08 (0.02) 0.08 (0.02) 0.06 (0.02) 4.01E-08 8.55E-04

cg21611682 11 LRP5 0.61 (0.03) 0.60 (0.03) 0.58 (0.03) 4.16E-08 8.55E-04

cg01692968 9 9q31.1 0.41 (0.05) 0.39 (0.05) 0.38 (0.05) 5.57E-08 1.09E-03

cg08709672 1 AVPR1B 0.60 (0.03) 0.59 (0.03) 0.57 (0.03) 6.54E-08 1.22E-03

cg07826859 7 MYO1G 0.66 (0.04) 0.65 (0.04) 0.63 (0.03) 1.14E-07 2.04E-03

cg25189904 1 GNG12 0.53 (0.06) 0.51 (0.07) 0.47 (0.07) 1.36E-07 2.33E-03

cg17287155 5 AHRR 0.86 (0.03) 0.85 (0.03) 0.84 (0.03) 2.19E-07 3.61E-03

cg06226150 20 SLC2A4RG 0.28 (0.03) 0.28 (0.02) 0.26 (0.02) 2.85E-07 4.51E-03

cg23161492 15 ANPEP 0.30 (0.05) 0.29 (0.05) 0.26 (0.05) 6.19E-07 9.43E-03

cg09022230 7 TNRC18 0.76 (0.04) 0.75 (0.04) 0.73 (0.04) 6.57E-07 9.65E-03

cg19572487 17 RARA 0.63 (0.05) 0.61 (0.05) 0.60 (0.06) 7.54E-07 1.07E-02

cg03991871 5 AHRR 0.89 (0.03) 0.89 (0.03) 0.86 (0.04) 9.13E-07 1.25E-02

cg14580211 5 C5orf62 0.76 (0.04) 0.75 (0.04) 0.73 (0.04) 1.12E-06 1.48E-02

cg15187398 19 MOBKL2A 0.53 (0.05) 0.51 (0.05) 0.49 (0.04) 1.25E-06 1.60E-02

cg10750182 10 C10orf105 0.62 (0.03) 0.62 (0.03) 0.60 (0.03) 2.03E-06 2.53E-02

cg25949550 7 CNTNAP2 0.13 (0.02) 0.13 (0.02) 0.12 (0.02) 2.64E-06 3.19E-02

cg05284742 14 ITPK1 0.78 (0.03) 0.77 (0.03) 0.76 (0.04) 2.76E-06 3.24E-02

cg23931381 19 ARRDC2 0.89 (0.02) 0.88 (0.02) 0.87 (0.02) 2.98E-06 3.40E-02

cg26271591 2 NFE2L2 0.46 (0.06) 0.45 (0.06) 0.41 (0.06) 4.40E-06 4.72E-02

cg03646329 13 LPAR6 0.82 (0.04) 0.81 (0.05) 0.79 (0.05) 4.47E-06 4.72E-02

cg21733098 12 12q24.32 0.76 (0.06) 0.75 (0.07) 0.72 (0.06) 4.47E-06 4.72E-02
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all 39 CpGs, current smokers had the lowest methylation
level (Table 1). The 27 loci included several consistently
reported loci, such as AHRR (9 CpGs), 2q37.1 (3 CpGs),
6p21.33 (3 CpGs), and F2RL3 (1 CpG).
Of the 39 CpGs and at a 5% FDR, methylation at 18

CpGs was negatively associated with pack-years and at
20 CpGs was positively associated with years since quit-
ting. Methylation at 15 CpGs was associated with pack-
years and years since quitting both (Table 2).

Replication for previously reported associations
For the associations for 18,671 CpGs reported by
Joehanes et al. [11], 1882 were replicated with a nom-
inal P < 0.05 and in the same direction, and the 133
most significant associations also had a FDR < 0.05.

Of the 1882 replications, 1154 were for the novel CpGs re-
ported by Joehanes et al. (Additional file 1: Table S1).

Between- and within-sibship analyses results
For the 39 identified CpGs, no evidence for a difference
between βB and βW was found for any CpG (Table 3; all
P values > 0.05 from the βB and βW comparison). The
same results were found from the analyses of pack-years
and years since quitting (Table 3).
For the 1882 replicated CpGs, no evidence for a

difference between βB and βW was found for any CpG
(Additional file 2: Table S2; the smallest P value =
1.3 × 10− 3 and the smallest FDR = 0.99 from the βB
and βW comparison).

ICE FALCON analysis results
Within twin pairs, the correlation in smoking status was
0.11 (95% confidence interval (CI) − 0.06, 0.27), smaller
than the correlations in methylation scores for the repli-
cated CpGs and for the identified CpGs, which were
0.37 (95% CI 0.23, 0.50) and 0.22 (95% CI 0.05, 0.37),
respectively.
The ICE FALCON results for methylation at the repli-

cated CpGs are shown in Table 4. From the analysis in
which smoking status was the predictor and methylation
score the outcome, a women’s methylation score was as-
sociated with her own smoking status (model 1; βself =
74.6, 95% CI 55.3, 93.9), and negatively associated with
her co-twin’s smoking status (model 2; βco-twin = − 30.8,
95% CI − 57.7, − 4.0). Conditioning on her co-twin’s
smoking status (model 3), β′self remained unchanged
(P = 0.41) compared with βself in model 1, while condi-
tioning on her own smoking status (model 3), βco-twin
in model 2 attenuated by 123.3% (95% CI 49.6%,
185.2%; P = 0.002) to be β′co-twin of 2.5 (95% CI − 16.3,
21.3). From the analysis in which methylation score was
the predictor and smoking status the outcome, a
woman’s smoking status was associated with her own
methylation score (model 1; βself = 4.1, 95% CI 2.7, 5.4),
but not with her co-twin’s methylation score (model 2;
βco-twin = 0.4, 95% CI − 1.0, 1.8). In model 3, β′self and
β′co-twin remained unchanged (both P > 0.1) compared
with βself in model 1 and βco-twin in model 2, respect-
ively. These results were consistent with that smoking
has a causal effect on the overall methylation level at
these CpGs, but not in the opposite direction. Similar
results were found and a similar causality was inferred
for smoking status and the overall methylation level at
the identified CpGs (Table 4).

Discussion
We performed an EWAS of smoking for a sample of
middle-aged women and found 39 CpGs at which
methylation was associated with smoking status. Our

Fig. 2 Q-Q plot (a) and Manhattan plot (b) for the results from the
epigenome-wide association analysis between DNA methylation and
smoking status
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study confirmed the associations for several previously
consistently reported loci including AHRR, F2RL3,
2q37.1, and 6p21.33, and for two novel CpGs,

cg06226150 (SLC2A4RG) and cg21733098 (12q24.32),
reported by the largest meta-analysis [11] so far. In
addition, we replicated the associations for 1882 CpGs

Table 2 Associations of methylation at the 39 identified CpGs with pack-years and years since quitting

CpG Pack-years Years since quitting

Estimate (SE) P value FDR Estimate (SE) P value FDR

cg05575921 − 10.68 (2.18) 1.11E-06 1.44E-05 1.63 (0.30) 1.11E-35 7.35E-08

cg05951221 − 10.32 (1.70) 3.04E-09 1.19E-07 1.66 (0.25) 2.08E-23 1.55E-10

cg01940273 − 8.99 (1.58) 1.93E-08 3.76E-07 1.47 (0.23) 1.41E-20 1.15E-09

cg03636183 − 4.65 (1.70) 5.35E-03 1.90E-02 0.98 (0.24) 2.94E-17 5.87E-05

cg06126421 − 5.92 (2.20) 6.15E-03 2.00E-02 1.31 (0.32) 1.00E-12 3.36E-05

cg26703534 0.28 (0.98) 8.02E-01 8.02E-01 − 0.3 (0.15) 3.04E-11 3.44E-02

cg21161138 − 4.30 (1.62) 6.89E-03 2.07E-02 0.65 (0.24) 7.11E-10 5.32E-03

cg11660018 − 3.74 (1.13) 7.82E-04 4.36E-03 0.83 (0.17) 4.42E-07 5.86E-07

cg09935388 − 6.87 (2.40) 3.06E-03 1.19E-02 1.10 (0.35) 2.70E-06 1.63E-03

cg25648203 − 2.25 (1.28) 7.19E-02 1.27E-01 0.37 (0.19) 6.71E-06 4.18E-02

cg19859270 − 2.69 (1.38) 4.65E-02 9.55E-02 0.58 (0.21) 1.04E-05 4.41E-03

cg03329539 − 6.27 (1.35) 3.59E-06 3.50E-05 0.83 (0.21) 1.73E-05 5.13E-05

cg24859433 − 1.45 (1.21) 2.04E-01 2.65E-01 0.41 (0.18) 1.85E-05 1.78E-02

cg14753356 − 2.64 (1.12) 1.63E-02 3.74E-02 0.38 (0.18) 1.85E-05 2.28E-02

cg07339236 − 2.71 (1.93) 1.51E-01 2.26E-01 0.89 (0.30) 1.01E-04 2.21E-03

cg04885881 − 2.16 (1.29) 7.80E-02 1.32E-01 0.28 (0.20) 1.15E-04 1.18E-01

cg23916896 − 4.32 (2.41) 6.61E-02 1.23E-01 0.47 (0.37) 2.43E-04 1.84E-01

cg14817490 − 3.31 (1.35) 1.26E-02 3.28E-02 0.35 (0.21) 3.14E-04 1.02E-01

cg11902777 − 7.19 (2.15) 6.99E-04 4.36E-03 0.65 (0.32) 8.55E-04 4.06E-02

cg21611682 − 2.04 (0.80) 9.75E-03 2.72E-02 0.27 (0.12) 8.55E-04 2.25E-02

cg01692968 − 2.37 (1.42) 8.83E-02 1.43E-01 0.72 (0.21) 1.09E-03 5.77E-04

cg08709672 − 1.05 (0.80) 1.75E-01 2.43E-01 0.29 (0.12) 1.22E-03 1.91E-02

cg07826859 − 1.75 (0.97) 6.23E-02 1.21E-01 0.17 (0.15) 2.04E-03 2.48E-01

cg25189904 − 7.02 (2.23) 1.38E-03 6.72E-03 0.74 (0.34) 2.33E-03 2.45E-02

cg17287155 − 1.67 (1.27) 1.74E-01 2.43E-01 0.31 (0.18) 3.61E-03 7.50E-02

cg06226150 − 1.37 (0.88) 1.12E-01 1.74E-01 0.21 (0.14) 4.51E-03 1.24E-01

cg23161492 − 5.41 (1.57) 5.18E-04 4.04E-03 0.68 (0.24) 9.43E-03 3.95E-03

cg09022230 0.73 (1.23) 5.42E-01 6.21E-01 0.15 (0.19) 9.65E-03 4.52E-01

cg19572487 − 4.19 (1.44) 2.96E-03 1.19E-02 0.60 (0.20) 1.07E-02 2.64E-03

cg03991871 − 5.59 (2.37) 1.63E-02 3.74E-02 0.40 (0.36) 1.25E-02 2.48E-01

cg14580211 − 0.43 (1.40) 7.46E-01 7.86E-01 0.43 (0.21) 1.48E-02 3.25E-02

cg15187398 − 1.28 (1.31) 3.10E-01 3.90E-01 0.15 (0.20) 1.60E-02 4.27E-01

cg10750182 − 0.64 (0.67) 3.20E-01 3.90E-01 0.15 (0.10) 2.53E-02 1.05E-01

cg25949550 − 2.80 (1.25) 2.24E-02 4.86E-02 0.59 (0.20) 3.19E-02 2.17E-03

cg05284742 − 0.49 (1.13) 6.58E-01 7.13E-01 0.21 (0.16) 3.24E-02 1.81E-01

cg23931381 0.71 (1.50) 6.03E-01 6.72E-01 0.20 (0.23) 3.40E-02 4.26E-01

cg26271591 − 0.44 (1.74) 7.87E-01 8.02E-01 0.34 (0.26) 4.72E-02 1.77E-01

cg03646329 − 2.47 (1.98) 1.99E-01 2.65E-01 0.63 (0.30) 4.72E-02 3.08E-02

cg21733098 − 1.78 (2.49) 4.55E-01 5.38E-01 − 0.03 (0.38) 4.72E-02 9.23E-01

Regression coefficients were reported as being multiplied by 100, as well as for standard errors

Li et al. Clinical Epigenetics  (2018) 10:18 Page 7 of 12

231



Table 3 Associations of methylation at the 39 identified CpGs with smoking status, pack-years and years since quitting from the
between- and within-sibship analyses

CpG Smoking status Pack-years Years since quitting

Between-sibship
coefficient (SE)

Within-sibship
coefficient (SE)

P* Between-sibship
coefficient (SE)

Within-sibship
coefficient (SE)

P* Between-sibship
coefficient (SE)

Within-sibship
coefficient (SE)

P*

cg05575921 − 0.87 (0.12) − 0.93 (0.08) 0.65 − 14.53 (4.65) − 6.58 (3.76) 0.18 1.53 (0.57) 1.76 (0.52) 0.77

cg05951221 − 0.59 (0.10) − 0.47 (0.07) 0.32 − 13.28 (4.08) − 6.74 (2.87) 0.19 1.75 (0.43) 1.56 (0.41) 0.75

cg01940273 − 0.60 (0.10) − 0.47 (0.06) 0.26 − 8.04 (3.30) − 6.32 (2.88) 0.69 1.36 (0.35) 1.77 (0.41) 0.44

cg03636183 − 0.56 (0.09) − 0.41 (0.06) 0.18 − 2.63 (4.55) − 2.93 (2.90) 0.96 0.57 (0.50) 1.18 (0.41) 0.34

cg06126421 − 0.34 (0.14) − 0.48 (0.08) 0.37 − 13.31 (6.51) − 5.02 (3.69) 0.27 1.59 (0.68) 1.62 (0.52) 0.98

cg26703534 − 0.21 (0.06) − 0.30 (0.04) 0.17 − 2.34 (2.07) 2.74 (1.62) 0.05 − 0.33 (0.28) − 0.41 (0.24) 0.84

cg21161138 − 0.36 (0.09) − 0.37 (0.06) 0.91 − 4.37 (4.08) − 3.20 (2.41) 0.81 0.46 (0.47) 0.91 (0.36) 0.45

cg11660018 − 0.26 (0.08) − 0.20 (0.04) 0.46 − 5.50 (2.48) 0.51 (2.11) 0.07 1.01 (0.28) 0.88 (0.29) 0.75

cg09935388 − 0.58 (0.14) − 0.53 (0.10) 0.77 − 2.29 (5.39) − 5.44 (4.01) 0.64 0.71 (0.68) 1.32 (0.59) 0.50

cg25648203 − 0.16 (0.08) − 0.31 (0.05) 0.10 − 6.26 (2.96) − 1.05 (2.12) 0.15 0.77 (0.36) 0.27 (0.30) 0.29

cg19859270 − 0.28 (0.08) − 0.22 (0.05) 0.51 − 4.06 (3.48) − 1.60 (2.63) 0.57 0.70 (0.34) 0.39 (0.38) 0.54

cg03329539 − 0.31 (0.08) − 0.28 (0.06) 0.79 − 4.34 (3.26) − 6.70 (2.45) 0.56 0.78 (0.35) 0.95 (0.35) 0.73

cg24859433 − 0.15 (0.07) − 0.24 (0.05) 0.25 − 3.51 (2.81) − 0.74 (2.12) 0.43 0.71 (0.30) 0.47 (0.32) 0.59

cg14753356 − 0.13 (0.07) − 0.16 (0.04) 0.73 − 0.21 (3.36) − 3.43 (1.78) 0.40 0.61 (0.34) 0.33 (0.27) 0.52

cg07339236 − 0.29 (0.11) − 0.32 (0.07) 0.83 − 1.48 (4.44) − 0.56 (3.24) 0.87 0.88 (0.48) 0.62 (0.48) 0.70

cg04885881 − 0.26 (0.08) − 0.24 (0.05) 0.80 − 0.68 (2.88) 0.24 (2.12) 0.80 0.45 (0.32) 0.26 (0.32) 0.67

cg23916896 − 0.40 (0.15) − 0.49 (0.10) 0.60 − 9.52 (5.34) 8.79 (4.31) 0.01 0.72 (0.62) − 0.13 (0.67) 0.35

cg14817490 − 0.18 (0.09) − 0.28 (0.05) 0.32 − 2.65 (3.72) − 2.45 (2.15) 0.96 0.30 (0.42) 0.55 (0.30) 0.63

cg11902777 − 0.40 (0.14) − 0.44 (0.09) 0.80 − 14.37 (4.30) − 2.35 (3.70) 0.03 1.22 (0.54) 0.70 (0.56) 0.50

cg21611682 − 0.15 (0.05) − 0.16 (0.03) 0.88 − 1.63 (1.75) − 1.82 (1.48) 0.93 0.34 (0.22) 0.42 (0.22) 0.80

cg01692968 − 0.11 (0.09) − 0.16 (0.06) 0.61 − 4.60 (3.02) 0.19 (2.32) 0.21 0.76 (0.39) 0.51 (0.34) 0.63

cg08709672 − 0.07 (0.06) − 0.17 (0.03) 0.12 1.06 (2.28) − 1.11 (1.30) 0.41 0.08 (0.26) 0.56 (0.19) 0.13

cg07826859 − 0.16 (0.06) − 0.20 (0.04) 0.52 − 2.02 (2.59) − 1.05 (1.69) 0.75 0.09 (0.26) 0.41 (0.24) 0.37

cg25189904 − 0.46 (0.11) − 0.29 (0.09) 0.21 − 11.29 (4.40) − 0.82 (4.21) 0.09 0.20 (0.57) 1.09 (0.61) 0.29

cg17287155 − 0.23 (0.08) − 0.19 (0.05) 0.65 − 1.78 (2.87) 2.63 (2.03) 0.21 0.49 (0.3) − 0.16 (0.32) 0.14

cg06226150 − 0.19 (0.05) − 0.13 (0.04) 0.36 − 2.55 (2.48) − 2.00 (1.44) 0.85 − 0.14 (0.26) 0.36 (0.22) 0.14

cg23161492 − 0.28 (0.11) − 0.24 (0.06) 0.74 − 8.68 (4.48) − 4.66 (2.44) 0.43 0.55 (0.51) 0.81 (0.37) 0.68

cg09022230 − 0.12 (0.08) − 0.25 (0.05) 0.17 5.91 (2.41) − 3.44 (1.92) 0.00 − 0.13 (0.34) 0.73 (0.29) 0.06

cg19572487 − 0.14 (0.07) − 0.20 (0.06) 0.54 − 8.14 (3.10) − 1.86 (2.16) 0.10 0.75 (0.37) 0.69 (0.33) 0.91

cg03991871 − 0.39 (0.16) − 0.38 (0.08) 0.98 − 5.86 (5.57) − 0.98 (4.13) 0.48 0.10 (0.63) 0.29 (0.63) 0.83

cg14580211 − 0.15 (0.09) − 0.24 (0.05) 0.33 − 3.40 (3.54) 0.79 (2.41) 0.33 1.00 (0.37) 0.46 (0.33) 0.27

cg15187398 − 0.18 (0.08) − 0.18 (0.05) 0.96 − 2.81 (3.07) 1.55 (2.24) 0.25 0.23 (0.39) 0.15 (0.35) 0.87

cg10750182 − 0.08 (0.04) − 0.11 (0.03) 0.53 − 0.79 (1.75) 0.47 (1.18) 0.55 0.07 (0.19) 0.23 (0.17) 0.55

cg25949550 − 0.13 (0.07) − 0.20 (0.05) 0.39 − 1.05 (2.47) 0.12 (2.36) 0.73 0.44 (0.30) 0.81 (0.34) 0.41

cg05284742 − 0.16 (0.06) − 0.14 (0.05) 0.86 3.53 (2.18) − 1.18 (1.94) 0.11 0.20 (0.30) 0.30 (0.28) 0.81

cg23931381 − 0.08 (0.08) − 0.20 (0.06) 0.25 1.09 (3.58) 1.77 (2.65) 0.88 − 0.16 (0.43) 0.46 (0.37) 0.27

cg26271591 − 0.16 (0.10) − 0.32 (0.07) 0.19 − 4.11 (4.56) 0.95 (3.10) 0.36 0.41 (0.46) 0.52 (0.45) 0.87

cg03646329 − 0.29 (0.13) − 0.27 (0.08) 0.90 − 10.07 (5.29) − 1.22 (3.22) 0.15 0.80 (0.64) 0.66 (0.46) 0.86

cg21733098 − 0.37 (0.16) − 0.31 (0.09) 0.76 − 4.20 (6.47) 2.68 (4.37) 0.38 0.19 (0.70) − 0.14 (0.67) 0.74

Regression coefficients from the analyses for pack-years and years since quitting were reported as being multiplied by 100, as well as for standard errors
*P-value from comparing the between-sibship coefficient with the within-sibship coefficient
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reported by the meta-analysis. The investigation of caus-
ation suggests that smoking has a causal effect on DNA
methylation, not vice versa or being due to familial
confounding.
To the best of our knowledge, our study is the first

study to confirm the associations for cg06226150 and
cg21733098. cg06226150 is located at the promoter of,
and potentially regulates the expression of, SLC2A4RG
(solute carrier family 2 member 4 regulator gene).
SLC2A4RG is involved in the Gene Ontology pathway
for regulation of transcription (GO:0006355). Protein
encoded by SLC2A4RG regulates the activation of
SLC2A4 (solute carrier family 2 member 4). SLC2A4 is
involved in the glucose transportation across cell mem-
branes stimulated by insulin. Genetic variants at
SLC2A4RG have been found to be associated with in-
flammatory bowel disease [50] and prostate cancer [51].
cg21733098 is located at an intergenic region on
12q24.32. The region contains several long non-coding
RNA genes. Little is known about the regulatory func-
tion of cg21733098. The biological relevance of smoking
to blood methylation at these two CpGs is largely un-
known, and more research are warranted.
We found evidence that 18 and 20 of the identified

CpGs were also associated with pack-years and years
since quitting, respectively. Given that smokers have
lower methylation levels at the identified CpGs, the
negative associations with pack-years imply that there
appear to be dose-relationships between smoking and
methylation at the 18 CpGs, and the positive associa-
tions with years quitting smoking imply that methylation
changes at the 20 CpGs tend to reverse after cessation.
The dose-relationship and reversion have also been re-
ported by several studies [4, 9–12, 15, 16, 19, 20, 22].
Our study, as one of the first studies, provides insights

into the causality underlying the cross-sectional association

between smoking and blood DNA methylation. Our results
are inconsistent with the proposition that the cross-
sectional association is due to familial confounding, e.g.
shared genes and/or environment. The roles of shared
genes and/or environment are also in part unsupported by
that certain smoking-related loci, such as AHRR and
F2RL3, are observed across Europeans [3, 5, 8–11, 16, 19,
20, 22], South Asians [8], Arabian Asians [21], East Asians
[12, 23], and African Americans [7, 11, 13, 18], who have
different germline genetic backgrounds and environments.
Our results support that smoking has a causal effect on
the overall methylation at the identified CpGs and at the
replicated CpGs, but not vice versa. Results from the two-
step MR analysis performed by Jhun et al. [31] also sug-
gest that differential methylation at cg03636183 (F2RL3)
and cg19859270 (GPR15) between current and never
smokers are consequential to smoking under the assump-
tions of MR.
That smoking causes changes in methylation is also sup-

ported to some extent by other evidence. The ‘reversion’
phenomenon is in line with the ‘experimental evidence’
criterion proposed by Bradford Hill, i.e. ‘reducing or
eliminating a putatively harmful exposure and seeing if
the frequency of disease subsequently declines’ [52]. The
associations between cord blood methylation for new-
borns at some active-smoking-related loci, such as AHRR
and GFI1, and maternal smoking in pregnancy [53] also
imply that smoking is likely to cause methylation changes
at these loci. Additionally, some smoking-related loci are
involved in the metabolism of smoking-released chemi-
cals. AHRR gene encodes a repressor of the aryl hydrocar-
bon receptor (AHR) gene, the protein encoded by which is
involved in the regulation of biological response to planar
aromatic hydrocarbons. Polycyclic aromatic hydrocarbons,
one main smoking-related toxic and carcinogenic sub-
stance, trigger AHR signalling cascade [16, 22]. Protein

Table 4 Results from the ICE FALCON analyses

CpGs Coefficient Model 1 Model 2 Model 3 Change

Estimate (SE) P Estimate (SE) P Estimate (SE) P Estimate (SE) P

CpGs reported by Joehanes et al.

Smoking as the predictor βself 74.61 (9.87) 4.0E-14 – – 75.45 (9.29) 4.4E-16 0.84 (3.60) 4.1E-01

βco-twin – – − 30.84 (13.69) 2.4E-02 2.50 (9.57) 7.9E-01 − 33.34 (11.60) 2.1E-03

Methylation score as the predictor βself 4.07 (0.70) 7.5E-09 – – 4.45 (0.81) 3.6E-08 0.39 (0.47) 2.1E-01

βco-twin – – 0.41 (0.72) 5.7E-01 − 1.00 (0.82) 2.2E-01 − 1.42 (1.15) 1.1E-01

CpGs identified from our study

Smoking as the predictor βself 27.70 (3.65) 3.4E-14 – – 26.89 (3.79) 1.2E-12 − 0.81 (0.89) 1.8E-01

βco-twin – – − 12.36 (3.86) 1.4E-03 − 3.45 (2.58) 1.8E-01 − 8.90 (5.52) 5.3E-02

Methylation score as the predictor βself 10.24 (2.19) 1.3E-08 – – 11.14 (2.47) 6.7E-06 0.90 (1.27) 2.4E-01

βco-twin – – − 4.48 (2.65) 9.2E-02 − 3.86 (2.66) 1.5E-01 0.61 (3.77) 4.4E-01

Regression coefficients from the analyses in which the methylation score as the predictor were reported as being multiplied by 100, as well as for standard errors
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coded by the AHR gene activates the expression of the
AHRR gene, which in turn represses the function of AHR
through a negative feedback mechanism [54]. That hy-
pomethylation at AHRR gene caused by smoking is bio-
logically plausible.
That smoking causes changes in blood methylation

has great clinical and etiological implications: methyla-
tion might mediate the effects of smoking on smoking-
related health outcomes. As introduced above, there
have been a few studies [26–29] investigating the medi-
ating role of methylation. A better understanding of the
mechanisms of smoking affecting health is expected with
more investigations on methylation.
Our study shows the value of ICE FALCON in causality

assessment for observational associations. Associations
from observational studies can be due to confounding
and, although analyses of measured potential confounders
can eliminate some confounding, there is always the possi-
bility of unmeasured confounding, even with prospective
studies. With recent discoveries of genetic markers that
predict variation in risk factors, the MR concept has been
explored by epidemiologists. MR uses measured genetic
variants as the instrumental variable and the results of
MR might be biased due to several factors such as
strengthen of instrumental variable, directional pleiotropy,
and unmeasured confounding [55]. ICE FALCON is a
novel approach to making inference about causation. It in
effect uses the familial causes of exposure and of outcome
as instrumental variables. The familial causes are not mea-
sured but surrogated by co-twin’s measured exposure and
outcome. Thus, ICE FALCON resembles a bidirectional
MR approach [56]. The instrumental variables consider all
familial causes in exposure and in outcome, thus poten-
tially less biased by their strengths than a finite number of
genetic markers. More importantly, even should direc-
tional pleiotropy exist, the attenuation in the coefficient
for co-twin’s exposure after adjusting for an individual’s
own exposure also supports a causal effect.

Conclusions
We found evidence that in the peripheral blood from
middle-aged women, DNA methylation at several loci is
associated with smoking. By investigating causation under-
lying the association, our study found evidence consistent
with smoking having a causal effect on methylation, but
not vice versa.

Additional files

Additional file 1: Table S1. This file includes Table S1: Associations for
the 1882 replicated CpGs. (XLSX 156 kb)

Additional file 2: Table S2. This file includes Table S2: Associations of
methylation at the 1882 replicated CpGs with smoking status from the
between- and within-sibship analyses. (XLSX 100 kb)
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 Discussion, future work and 

conclusions 

11.1 Discussion 

Aimed at the identified research gaps introduced in Chapter 1, my thesis investigated 

broad aspects of DNA methylation:  

• Unlike previous studies that focused on the average heritability across all sites 

without even defining an entity to represent the genome-wide DNA methylation 

level [73, 88, 90, 91, 94], I used a clearly defined entity, GWAM, to investigate 

the unmeasured causes of variation in DNA methylation across the genome. My 

analyses showed that genetic factors had at most little influence on variation in 

GWAM at any time across the lifespan, if there is any. Instead, variation in 

GWAM was influenced by prenatal/perinatal environmental factors shared by 

twins when they are in the womb, and the effects of these factors appear to persist 

across the lifespan. GWAM variation was also influenced by cohabitation-related 

environmental factors shared by family members, including spouse pairs. The 

intrauterine environmental influences were also supported by the findings that (i) 

GWAM, (ii) average DNA methylation levels at several genomic regions, and (iii) 

methylation levels at certain sites, were correlated for those sibling pairs who were 

both born after a twin birth, but not for those sibling pairs both born before a twin 

birth. 
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• Unlike previous studies that applied the same variance component model to all 

sites [73, 90, 91, 94], I investigated the best fitting variance component model for 

every site. In addition, I investigated the effects of environmental factors shared 

by twin pairs alone as well as measurement error separately for each site, 

something that does not appear to have been considered before. I found that 

different sites had different best fitting models, and site-specific variation was 

largely explained by measurement error and environmental factors. 

• Unlike previous studies that simply assumed that all familial correlation in 

epigenetic age acceleration is due to additive genetic factors [119, 122], I tested 

this assumption and found evidence for a role of shared environmental factors.  

• For the rarely or not yet investigated issue of causality underlying the cross-

sectional associations of DNA methylation with (i) BMI, (ii) mammographic 

density (even the cross-sectional association has not been investigated), and (iii) 

smoking, I found that DNA methylation was associated with all the three factors, 

and these associations were unlikely due to familial confounding, but due to the 

causal effects of each of BMI, mammographic density and smoking on DNA 

methylation. 

In this thesis, I utilized twin and family designs and obtained some novel insights about 

DNA methylation. One insight was that substantial variation in DNA methylation across 

the genome, and at certain sites, is determined in utero by prenatal/perinatal 

environmental factors shared by twins, and such intrauterine environmental effects persist 

after birth into old age. The second insight was that genes and environment have 

heterogenous influences, and independent measurement error has a substantial influence, 

on site-specific DNA methylation variation. The third insight was that BMI, 
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mammographic dense area and smoking can cause changes in DNA methylation. 

Although being found by studying related individuals, these insights can be generalised 

to unrelated individuals; the twin and family design is a powerful tool and evidence 

obtained from this tool is relevant to the general population. More importantly, these 

insights are unlikely to have been achieved, at least not easily, by studying unrelated 

individuals alone. Although some studies have found that certain specific 

prenatal/perinatal factors, such as maternal smoking [36, 184] and maternal plasma folate 

[215], are associated with DNA methylation by studying unrelated individuals, these 

studies cannot provide evidence about the extent to which overall prenatal/perinatal 

factors (including unmeasured and unknown factors), influence DNA methylation 

variation. In the context of causal inference, studies including unrelated individuals can 

be conducted using the Mendelian randomisation (MR) concept [145]. However, it is 

important to note that the validity of MR depends on certain assumptions, some of which 

are difficult to test [216], and MR can only be applied to the limited number of risk factors 

for which extensive genetic research has already been conducted. Additionally, MR 

requires large-scale studies with genetic and DNA methylation data available on the same 

sample. Such assumptions and requirements limit studies of unrelated individuals to 

investigate causation. The ICE FALCON approach I used is not bound by such 

restrictions. 

Using twin and family studies, my thesis assessed the causes of DNA methylation 

variation at both global and site-specific levels, and the confounding effects of shared 

genes and environment on, and the causal directions of, observed cross-sectional 

associations between DNA methylation and three measured environmental factors. My 
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thesis shows clearly the critical value of twin and family studies in assessing the causes 

of DNA methylation variation, both measured and unmeasured.  

Findings from my thesis suggest that environmental factors at prenatal/perinatal and 

early-life stages are important for later-life health outcomes via altering DNA methylation; 

potentially highly relevant to gene function [95] and associated with risks of several 

cancers [108, 113-115, 217], variation in GWAM was found to be largely influenced by 

environmental factors at prenatal/perinatal and early-life stages. As discussed in Chapter 

4, such finding is consistent with the developmental origins of health and disease 

(DOHaD) hypothesis [218, 219], and early life being regarded as a critical window of 

vulnerability to breast cancer carcinogens [220, 221]. Identifying which factors are 

associated with, and even cause, changes in GWAM might bring a better understanding 

of the aetiology of later-life health outcomes, and provide evidence for health 

interventions at prenatal/perinatal and early-life stages.  

Though GWAM quantifies the average DNA methylation level over different genomic 

locations, the biological functions and methylation levels of which could be distinct, 

GWAM is of potential biological meaning. GWAM is a global DNA methylation measure, 

quantifying the total 5mC content. Given the HM450 assay covers 99% of RefSeq genes, 

GWAM measured by this assay is potentially highly relevant to gene function. GWAM 

has been found to be associated with the risk of several cancers [108, 113-115, 217], 

implying it plays a potential role in carcinogenesis. Changes in global methylation are a 

feature of human malignancy, and hypomethylation is associated with carcinogenesis 

possibility by inducing genomic instability [222]. DNA methylation of gene promoter 

typically suppresses gene expression, whereas DNA methylation of gene body typically 



correlates with gene activity. I also investigated the average DNA methylation level of 

gene promoters or gene bodies, and found similar results to the results for GWAM.    

To the best of my knowledge, my thesis is the first to provide evidence that site-specific 

DNA methylation variation has specific types of causes. This finding implies that DNA 

methylation at different sites has heterogenous vulnerabilities to genetic and 

environmental effects. I further found that sites with different vulnerabilities were 

enriched for different pathways, suggesting that genes and environment potentially 

influence different biological functions via DNA methylation. The finding that substantial 

variation is explained by independent measurement error is in line with the findings of 

other studies evaluating the HM450 assay [96-98]. Measurement error likely weakens the 

statistical power for observing meaningful DNA methylation changes in EWAS [223], 

and leads to mimicked DNA methylation changes over time when using a longitudinal 

design with measurements at multiple time points. The findings of my thesis suggest that 

such measurement error needs to be considered much more in DNA methylation research. 

In Chapter 7, I compared the correlations in Δage across MZ pairs, DZ pairs and sibling 

pairs, and did found evidence that correlations are different between MZ and DZ pairs, 

or between DZ and sibling pairs. The no evidence of a difference also suggests that 

dominance genetic factors are unlikely to explain the variation in Δage. Note that, the 

statistical power of this study might limit the detection of a difference. The observed 

difference in z-transformed correlation in the combined Δage measure between MZ and 

DZ pairs was 0.24, and approximately 275 MZ pairs and 275 DZ pairs are needed to 

detect such difference. Similarly, 487 DZ pairs and 487 sibling pairs are needed to 

detect the observed difference between DZ and sibling pairs. Note that, should dominant 
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genetic effects exist, the heritability (the ratio of variation explained by additive genetic 

factors to the total variation) of 40% estimated by previous studies is still likely 

overestimated, and the conclusion of this Chapter remains the same.  

In this thesis, I not only investigated the unmeasured causes, but also the measured causes, 

of DNA methylation variation. I found evidence consistent with that three measured 

exposures, BMI, mammographic dense area and smoking, can cause changes in DNA 

methylation. Compared with estimating cross-sectional associations only, such findings 

about causality provides stronger evidence that DNA methylation can be used as the 

biomarker of these exposures. Cross-sectional associations can be due to at least some 

unmeasured confounding; should such confounding exist, the association might be 

spurious, meaning that DNA methylation is unlikely able to serve as a reliable biomarker. 

Some exposures are not easily or accurately measured. For example, many people might 

not be able to recall their smoking exposures accurately; in this case, smoking-induced 

DNA methylation changes might be a better way to assess smoking exposure. 

Nevertheless, my thesis appears to be one of the first few studies to investigate the 

causality between DNA methylation and environmental exposures; more studies are 

needed to replicate and to refine the identified causal relationships. In the era of precision 

medicine, personalized assessment of environmental exposures using DNA methylation 

is anticipated with the identification of robust DNA methylation changes caused by these 

exposures. 

DNA methylation is thought by some to account for the “missing heritability” of complex 

traits [41, 224]; however, given the findings from my thesis, this conception might need 

a reconsideration. At least for the “missing heritability” of the three investigated factors, 
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it is implausible that DNA methylation at the investigated CpGs is an explanation of 

familial aggregation, let alone genetic “heritability”, given that DNA methylation is likely 

the consequence, not the cause, of the three factors. Using consequential DNA 

methylation changes to explain the “missing heritability” is tantamount to putting the cart 

before the horse.  

The finding that DNA methylation changes related to the three investigated exposures are 

not upstream, but downstream, of these exposures implies a paradigm shift in aetiological 

understanding. DNA methylation at the investigated CpGs might mediate the effects of 

these exposures on the risk of  health outcomes, including breast cancer. Some mediation 

studies on smoking, DNA methylation and smoking-related health outcomes simply 

assumed that smoking causes changes in DNA methylation without any formal 

investigation or evidence to support this assumption [130, 131]. Findings from my thesis 

provide support for such an assumption. 

Questions remain to be answered about whether, let alone how, the induced DNA 

methylation changes mediate the effects of the three risk factors on breast cancer risk. 

DNA methylation, the three risk factors and breast cancer might have three 

interrelationships, as shown in Figure 11.1. The first interrelationship (Figure 11.1a) is 

that DNA methylation is intermediate between the risk factors and breast cancer, the 

second is that DNA methylation, though being a consequence of the risk factors, is not 

related to breast cancer (Figure 11.1b), and the third is that the risk factors can also cause 

changes in DNA methylation via the onset of breast cancer (Figure 11.1c). Of these three 

interrelationships, it is only in the first one that DNA methylation has a role in breast 

cancer aetiology by mediating the effects of risk factors. More research with good design 
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and appropriate analytic methods are needed to investigate the plausibility of these 

interrelationships.  

 

Figure 11.1 Possible interrelationships between conventional risk factors, DNA methylation 

and breast cancer 

a) Conventional risk factors cause breast cancer via DNA methylation; b) DNA 

methylation and breast cancer are two unrelated consequences of conventional risk 

factors; c) Conventional risk factors cause DNA methylation partly via breast cancer. 
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The research in my thesis had several strengths, given that it: 

• was the first to investigate the influences of genetic and environmental factors on 

genome-wide DNA methylation variation across the lifespan using an entity 

representing the DNA methylation level across the genome, i.e., GWAM.  

• did not include twins only, but also twins’ siblings and parents, as well as spouse 

pairs to gain more insights into the determinants of GWAM variation. The 

inclusion of spouse pairs was critical for supporting the evidence on the role of 

shared environmental factors in determining GWAM variation. 

• used flexible analytic methods to investigate the causes of covariation in GWAM 

for different types of pairs of family members. 

• was the first to investigate the specific causes of site-specific DNA methylation 

variation rather than applying the same variance component model to all sites. 

• was the first to investigate the influences of shared environmental factors specific 

to twin pairs, as well as measurement error, on DNA methylation variation.  

• was the first to investigate the association, and the potential for causation, between 

DNA methylation and mammographic density using a study with well-measured 

mammographic density data. 

• was one of the first to investigate the potential for causation between DNA 

methylation with both BMI and smoking.  

• utilized the value of twin and family designs to investigate several aspects of 

causation related to DNA methylation: the unmeasured causes of DNA 

methylation, the existence of familial confounding, and the causal nature of 

observational cross-sectional association. 
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Limitations of my thesis were as follows: 

• only 11 duplicated pairs were studied, and therefore the measurement error might 

have been overestimated. 

• BMI and smoking were based on self-reported information, and therefore subject 

to recall bias.  

• DNA methylation from the AMDTSS was measured from peripheral blood, which 

might be of less biological relevance to BMI, mammographic density and 

smoking. However, this case is arguable. If the impact on body of the three factors 

is systemic, then multiple tissues, including peripheral blood, are expected to 

show relevant DNA methylation changes, though perhaps with different effect 

sizes. A systemic impact is thought to be the case for smoking [225], but might 

not be for the other two, especially for mammographic density. However, cross-

tissue investigations suggest moderate to good overall consistency between blood 

and adiposity-relevant tissues in the context of BMI-DNA methylation association 

[38, 138], and DNA methylation levels in peripheral blood and in normal breast 

tissue correlate well at certain CpGs [226]. These findings indicate that peripheral 

blood can be used to a certain degree for studying DNA methylation with respect 

to both BMI and mammographic density. And more importantly, given the 

accessibility of peripheral blood compared with that of adipose and breast tissue, 

any association detected in peripheral blood is potentially more important and 

easier for public health translation. 

• the identified causality was based on statistical methods only, and its biological 

plausibility need to be further investigated.  
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11.2 Future work 

Based on the findings from my thesis, I have several research plans to further investigate 

relevant questions. The planned future works are as follows: 

• To investigate which environmental factors at the prenatal/perinatal and 

adulthood stages of life are associated with GWAM. This work will be done using 

the data from the PETS and AMDTSS. In addition to those twin pairs from the 

PETS with DNA methylation measured for the work in this thesis, another 50 twin 

pairs have been measured for DNA methylation using the Illumina 

MethylationEPIC BeadChip array, and an increased statistical power for detecting 

the associations between prenatal/perinatal factors and GWAM is expected. The 

AMDTSS has collected information on breast cancer risk factors including life-

style factors, and these will be used as candidate adulthood determinants of 

GWAM variation. 

• To replicate the association of DNA methylation with mammographic dense area. 

This work will be done in collaboration with researchers from the MCCS. In the 

MCCS, 1,092 participants have had DNA methylation and mammographic 

density measured. MCCS and AMDTSS are homogeneous in several aspects: 

participants from both studies are Australians, DNA methylation was measured at 

the same laboratory, and mammographic density was measured using the same 

protocol. A meta-analysis pooling results from these two studies is being planned 

that should increase the statistical power. 

• To investigate the associations between DNA methylation and two new measures 

of mammographic density. In this thesis, mammographic density was defined at 
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the conventional brightness threshold and is referred to as Cumulus. New 

measures defined by in effect higher pixel brightness thresholds, Cirrocumulus 

and Altocumulus, have been found to better predict breast cancer risk and might 

be more aetiologically important [227, 228]. DNA methylation associated with 

these two new measures might be potentially more relevant to breast cancer risk. 

This work will be done using the data from the AMDTSS. Participants have 

already been measured for mammographic density using Cirrocumulus and 

Altocumulus. 

 

11.3 Conclusions 

After investigating the causes of variation in global DNA methylation, in site-specific 

DNA methylation and in epigenetic age acceleration, and the association and causation 

between DNA methylation and three breast cancer risk factors (BMI, mammographic 

density and smoking), my thesis concluded that:  

• Global DNA methylation, measured as GWAM, is determined by 

prenatal/perinatal environmental factors acting in utero, the effects of which last 

into old age, and by environmental factors shared by cohabiting family members. 

• Site-specific DNA methylation variation has specific unmeasured genetic and 

environmental causes, and substantial variation is explained by independent 

measurement error. 

• Epigenetic age acceleration variation is also influenced by shared environmental 

factors.  
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• BMI, mammographic dense area and smoking are associated with blood DNA 

methylation, and the associations are likely due to causal effects of the three 

factors on DNA methylation. 

DNA methylation appears to be fundamentally about the way the environment influences 

the way genes work. Although there might be methylation sites at which the variation has 

a genetic basis, these are rare. The effects of the environment can start from the time of 

conception, or at least while in the womb, and continue into adulthood. Some of those 

environmental effects are shared by family members, even spouse pairs, and these effects 

can potentially influence breast cancer risk in adulthood. Conventional breast cancer risk 

factors can cause changes to DNA methylation, indicating that DNA methylation might 

explain in part why these factors modifying risk. Most of the novel results of this thesis 

could not have come about without the use of data from twin pairs, or of data from other 

pairs of relatives including spouse pairs. The thesis has also shown the value of ICE 

FALCON in making inference about observational epigenetic association based on 

considering familial confounding - ICE FALCON gives the same conclusion as those 

being found by Mendelian randomisation. More importantly, ICE FALCON does not 

require extensive genome knowledge and data that are required by Mendelian 

randomisation. 
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APPENDIX - Association between DNA 

methylation at SOCS3 gene and body mass index 

might be due to familial confounding  

 

I performed the between- and within-sibship regression analyses for BMI-related CpGs 

found by Wilson et al. [143], and found evidence consistent with that the cross-sectional 

association between DNA methylation at CpG cg27637521, located at the SOCS3 gene, 

and BMI is likely due to familial confounding.  

This work has been published as a Letter to the Editor in the International Journal of 

Obesity [201]. This appendix contains the author-accepted version of the publication. The 

publisher’s version can be found at https://www.nature.com/articles/ijo201756.  

https://www.nature.com/articles/ijo201756
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Wilson et al.1 found, from cross-sectional analyses of data for middle-aged women from the Sister 19 

Study cohort, that DNA methylation in blood at nine CpG sites was associated with body mass 20 

index (BMI). We attempted to replicate their findings by using the Infinium 21 

HumanMethylation450 BeadChip array to measure DNA methylation in blood for 478 middle-22 

aged women of similar age (mean = 56.4 years, standard deviation (SD) = 7.9 years) and BMI 23 

(mean = 26.8 kg/m2, SD = 5.7 kg/m2) from 130 sibships from the Australian Mammographic 24 

Density Twins and Sisters Study. Details of measurement and data pre-processing including 25 

minimising batch effects using the ComBat method2 can be found in Li et al..3  26 

We first used a linear mixed-effects model to estimate the cross-sectional association between the 27 

methylation level at each CpG site (measured as beta-value) and BMI, adjusting for age and 28 

estimated proportions of white blood cells4 as fixed effects, and for sibship as a random effect. 29 

For CpG sites marked by probes cg14870271, cg27637521, cg17501210, cg06500161, 30 

cg07728579 and cg13134297, the results were of similar magnitude to those reported by Wilson 31 

et al.;1 for the other three sites, the 95% confidence intervals (CIs) did not include the estimates 32 

reported by Wilson et al..1 (Table 1) 33 

We then performed between-sibship and within-sibship analyses using a regression model for 34 

twin studies in which the between-sibship coefficient (B) quantifies the association at the sibship 35 

mean level, while the within-sibship coefficient (W) quantifies the association controlling for 36 

factors shared by siblings.5, 6 From the between-sibship analysis, results were of similar magnitude 37 

to those from the cross-sectional analysis (Table 1). From the within-sibship analysis, results for 38 
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all sites except cg18149207 and cg27637521 were of similar magnitude to those from the 39 

between-sibship analysis, and 95% CIs for cg17501210, cg06500161, cg07728579 and 40 

cg13134297 did not include zero (Table 1). From comparing estimates of B and W, we found 41 

evidence that the two coefficients were not equal for cg2763521 (P=0.03).  42 

Therefore, from a within-sibship design that controls for factors shared by siblings, there were 43 

associations with BMI for cg17501210, cg06500161, cg07728579 and cg13134297 for which W 44 

≈ B. This suggests that familial factors are unlikely to confound the associations between these 45 

sites and BMI. For cg27637521, the finding that B ≠ 0 and W ≈ 0 is inconsistent with a causal 46 

mechanism between the two but consistent with the cross-sectional association being due to 47 

confounding by familial factors.  48 

In summary, using a comparable study we replicated the findings reported by Wilson et al.1 that 49 

CpGs of genes SOCS3, RPS6KA2, ABCG1, PSD2 and CRHR2 are associated with BMI. We 50 

further found evidence that the association for cg2763752 of SOSC3 might not be due to a causal 51 

mechanism but instead due to familial confounding. Given that participants of Wilson et al.1 are 52 

from a study of sisters, we would be interested to know if that study also finds no evidence of 53 

association for cg27637521 when using a within-sibship design. 54 

 55 
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Table 1 Association results for the nine CpG sites and body mass index in the Australian Mammographic Density Twins and Sisters Study* 74 

CpG Gene 
Coefficient reported 

by Wilson et al 

Cross-sectional analysis  Between-sibship analysis  Within-sibship analysis 

Coefficient (95% CI) P-value  Coefficient (95% CI) P-value  Coefficient (95% CI) P-value 

cg14870271 LGALS3BP 12.5 4.4 (-2.1, 11.0) 0.19   6.6 (-4.2, 17.4) 0.24  3.6 (-4.7, 11.9) 0.39 

cg18149207 RORC 8.9 -0.1 ( -4.0, 3.8) 0.95   -3.8 (-9.2, 1.5) 0.16  3.8 (-1.7, 9.4) 0.17 

cg27637521 SOCS3 -2.4 -3.7 (-6.9, -0.6) 0.02   -7.4 (-12.0, -2.8) 2.1 × 10-3   -0.8 (-5.1, 3.5) 0.72 

cg03218374 ANGPT4 11.4 -0.6 (-7.0, 5.8) 0.85   1.3 (-8.3, 11.0) 0.79  -1.6 (-10.3, 7.1) 0.72 

cg17501210 RPS6KA2 -20.0 -14.4 (-20.7, -8.1) 1.1 × 10-5   -16.6 (-26.9, -6.3) 1.9 × 10-3   -13.7 (-22.0, -5.4) 1.3 × 10-3 

cg06500161 ABCG1 10.0 9.5 (4.4, 14.6) 2.9 × 10-4   4.6 (-3.8, 13.0) 0.28   12.5 (6.0, 19.0) 1.9 × 10-4 

cg07728579 FSD2 7.0 6.5 (2.3, 10.7) 2.4 × 10-3   5.9 (-0.6, 12.5) 0.08   7.8 (2.3, 13.3) 6.0 × 10-3 

cg11775828 STK39 10.0 0.6 (-3.6, 4.7) 0.79   3.1 (-3.3, 9.6) 0.34  -1.4 (-6.9, 4.1) 0.62 

cg13134297 CRHR2 -5.0 -9.8 (-16.7, -3.0) 5.1 × 10-3   -9.5 (-19.0, 0.1) 0.05   -10.8 (-20.5, -1.1) 0.03 

* Regression coefficients were reported as coefficient × 10-4, as well as 95% confidence intervals. The regression coefficient represents the change in percentage 75 
methylation per unit change in BMI.  76 


	version in thesis.pdf
	dyy028-TF1
	dyy028-TF2
	dyy028-TF3
	dyy028-TF4
	dyy028-TF5

	Version in thesis1.pdf
	Twin birth changes DNA methylation of subsequent siblings
	Results
	Characteristics of included subjects. 
	Discovery analysis. 
	Replication analysis. 
	Meta-analysis. 
	Pathway analysis. 

	Discussion
	Methods
	Subjects. 
	DNA methylation measurement. 
	Statistical methods. 
	Discovery analysis. 

	Replication analysis. 
	Meta-analysis. 
	Pathway analysis. 
	Data availability. 

	Acknowledgements
	Figure 1 Correlations in GWAM for different types of sibling pairs in the AMDTSS and KHTS (a) Pairs of BT siblings in the AMDTSS.
	Table 1 Characteristics of BT and AT siblings from the AMDTSS and KHTS*.
	Table 2 GWAM and the average methylation of genomic regions between BT and AT siblings from the AMDTSS*.
	Table 3 Correlations in GWAM and in the average methylation of genomic regions*.
	Table 4 Probes identified to be differentially correlated between BT and AT pairs from the AMDTSS*.


	version in thesis.pdf
	Materials and Methods
	Subjects
	DNA Methylation Measurement
	Methylation Data Processing
	Statistical Methods

	Results
	Familial Correlation of the Individual Age Measure
	Familial Correlation of the Combined Age Measure
	Weighted Average Correlations Across the Two Studies
	Correlation Between Two Age Measures Across Different Types of Relatives

	Discussion
	Acknowledgments
	References

	Smoking_Version in thesis.pdf
	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Study sample
	Smoking data collection
	DNA methylation data
	Epigenome-wide association analysis
	Replication of previously reported associations
	Familial confounding analysis
	Causal inference analysis

	Results
	Characteristics of the sample
	Epigenome-wide analysis results
	Replication for previously reported associations
	Between- and within-sibship analyses results
	ICE FALCON analysis results

	Discussion
	Conclusions
	Additional files
	Abbreviations
	Funding
	Availability of data and materials
	Authors’ contributions
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Publisher’s Note
	Author details
	References




