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Abstract 

Epigenetics is genetic regulation that is not directly encoded in the DNA sequence.  

DNA methylation is an important epigenetic mark and its levels at particular loci have 

been associated with health and disease states. Better understanding of DNA 

methylation may lead to development of improved therapeutics for these diseases.  

Recent technical advances such as high-throughput arrays and next generation 

sequencing have enabled discovery of epigenetic correlates of clinical phenotypes 

encompassing hundreds of clinical samples at genome wide level with single base 

resolution. 

Epigenome wide data on large number of samples has necessitated bio-computing with 

efficient analysis of well-designed experiments, new data analytic pipelines, 

mathematical models and biological interpretation. This thesis addresses three major 

challenges. First, it is important to optimize the detection of epigenetic variation and 

minimize the impact of technical artefacts for a reliable analysis. Second, algorithms 

must be very efficient because multivariate statistical models are essential in 

association studies and they require high computational power when applied to 

genome-wide studies. Third, computational methods should facilitate biological 

discovery through large scaled data analyses.  

Corresponding to the challenges in epigenetics, three major contributions are presented 

in this thesis. First, a new pipeline has been developed to process and remove technical 

artefacts in genome-wide DNA methylation data generated by the most commonly 

used Illumnia Infinium HumanMethylation 450K array. Compared to pre-existing 

algorithms, data processed through this pipeline was in a better agreement with the data 

obtained from reduced representation bisulfite sequencing on the same clinical 

samples. This study was further extended to evaluate the emerging next generation 

sequencing technology, Methyl Capture Sequencing, in buccal clinical samples. This 

thesis provides a comprehensive comparison of array and sequencing data, across key 

functional genomic regions in terms of their coverage and concordance of methylation 

calls and the use in epigenomic wide analysis study.  

The second part presents a suite of statistical models developed to study the 

complicated relationships between Gene, Environment and Methylation. Three major 

functions GEM_Emodel, GEM_Gmodel and GEM_GxEmodel have been developed 
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into an R package named GEM.  Using matrix based iterative correlation and memory-

efficient data analysis, GEM facilitates reliable millions of associations between DNA 

methylation, genetic variants and environmental factors within minutes, in a standard 

computational setting. GEM has been validated by comprehensive benchmarking and 

has now become a part of Bioconductor, an extensively used open source 

bioinformatics suite. 

Lastly, GEM was employed to study the DNA methylation and its integration with 

genetic variants and environmental influences of multi-ethnicity Asian neonates from a 

Singapore based birth cohort (Growing Up in Singapore Towards healthy Outcomes, 

GUSTO) and discover methylation changes associated with sub-optimal health 

outcomes in early life. In an analysis of 237 GUSTO neonatal methylomes, we found 

methylation quantitative trait loci were readily detected and the best explanation for 

75% of the most variably methylated regions was due to the interaction of genotype 

with in utero environments. This study shed new light on the complex relationship 

between biological inheritance and individual prenatal experience suggesting the 

importance of considering both genetic variation and environmental factors in 

interpreting epigenetic variation. The GEM models were also applicable in finding that 

HIF3A DNA methylation measured in the umbilical cord of 991 newborns can aid 

understanding the genesis of adiposity at birth. 
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Abbreviation 

5mC 5-methylcytosine  

5mhC 5-hydroxymethylcytosine  

AIC Akaike information criterion 

ANOVA analysis of variance 

Autosomes The chromosomes which are not sex chromosomes. 

There are 22 pairs of autosomes in humans. 

beta value percentage methylation value (following a beta 

distribution) 

bp base pair 

BIC Bayesian Information Criterion 

cis- SNP and CpG locate in the same chromosome 

CpG Cytosine phosphate Guanine  

ENCODE Encyclopaedia of DNA Elements Consortium  

EWAS epigenome-wide association study 

FDR False discovery rate 

Genome All the DNA in the nucleus of a cell 

GEM  R package, a tool suite for association study for Gene, 

Environment and Methylation, hosted in BioConductor 

via http://bioconductor.org/packages/GEM/ 

GUSTO Growing Up in Singapore Towards healthy Outcomes, a 

Singapore based multi-ethnicity birth cohort  

HPC High-Performance Computing 

ICGC International Cancer Genome Consortium  

IHEC International Human Epigenome Consortium   

Infinium 27K Infinium Human Methylation 27 BeadChip Array, or 

https://bioconductor.org/packages/GEM/


vii 

 

27K 

Infinium 450K Infinium Human Methylation 450 BeadChip Array, or 

450K in a short format 

Infinium 850K MethylationEPIC BeadChip Infinium, or 850K or EPIC  

kb Kilobase. 1000 base pairs 

Locus (plural loci) In genetics, a locus is the specific location or position of 

a gene's DNA sequence on a chromosome. 

M value logit transformation of beta value 

MC-Seq Methyl-Capture Sequencing. A next generation 

sequencing based technology with designed targets for 

DNA methylation detection.  

methQTL methylation Quantitative Trait Loci. The methylation 

variant at CpG is influenced by SNP either in cis- or 

trans- chromosome.   

MIC Maximal Information Coefficient 

Phenotype The observable characteristics or traits of an organism 

RRBS Reduced Representation Bisulfite Sequencing. A next 

generation sequencing based technology for DNA 

methylation detection 

Sex chromosomes The X and Y chromosomes that govern sex 

determination in mammals. Normally, females have two 

X chromosomes and males have one X and one Y 

chromosome.  

SD Standard Deviation 

SNP Single Nucleotide Polymorphism 

Somatic cells Cells of the body 
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TF Transcription factor 

trans- SNP and CpG locate in different chromosomes 

WGBS Whole Genome Bisulfite Sequencing 

DNA Deoxyribonucleic Acid 

RNA Ribonucleic Acid 

PCA Principal Component Analysis  

PCR Polymerase Chain Reaction 
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1 Introduction 

1.1 Objectives 

The first genome in a living species was sequenced in 1995 [10]. Several years later in 

2001, the first draft of the human genome sequence published in Science represented a 

monumental achievement [11]. It was hoped the three billion sequential base pairs 

composed of just the four nucleotides A,G,C and T would unlock the secrets of human 

development and disease [12]. Today, however, the task of linking genetic information 

with underlying biological function remains daunting, in particular, how a single set of 

genes regulates complex biological networks in over 200 different types of cells. 

The Encyclopedia of DNA Elements (ENCODE) project [13] and the National 

Institutes of Health Roadmap Epigenomics Consortium [14], enabled by the advances 

in microarray and next generation sequencing technologies [15-20],  have evidenced 

the epigenome and its associated regulatory elements render differentiated and 

specialized gene expressions in various cell types. Whilst there is one unique DNA 

sequence per individual, there are hundreds or thousands of different epigenomes in the 

same individual, changing across cell types and with the impact of time and 

environmental exposures. Interrogating the interaction of genetic and environmental 

influences and the relationship of epigenome with development and diseases cannot be 

elucidated without the extension to multidimensional “omics” data.  

The importance and complexity of the epigenome are getting better understood, with 

the contribution of computational algorithms towards data analytics and statistical 

integration with genetic and clinical information. However, comprehensive analyses 

are still relatively scarce. Currently, the computational burden of analyzing the 

epigenome at a genome-wide scale is beyond the reach of many researchers. Thus, 

domain-specific computational methodology is in high demand to process, integrate 

and analyze the epigenome and keep pace with exponential increases in data size and 

complexity [3]. The epigenetic marks discovered by intensive statistical study can lead 

with experimental exploration and validation, to personal disease mechanisms. 
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1.2 State of the Art: Epigenetics and DNA methylation 

Epigenetics was first termed by Waddington in his book “An Introduction to Modern 

Genetics” in 1939 ([21], page 154). Widespread use of the term epigenetics, which 

refers to “heritable changes that do not involved changes in DNA sequence”, did not 

occur until the 1990s [22].“Epigenetics” as a word, its Greek prefix “epi-” means 

“upon, at, close upon, in addition”, implies epigenetics is “on top of” or “in addition 

to” genetics. The current well accepted definition of epigenetics is “the study of 

mitotically and/or meiotically heritable changes in gene function that cannot be 

explained by changes in DNA sequence”[23].   

Epigenetic marks, referring to chemical modifications to DNA or molecules that 

interact with DNA, include, but are not limited to  DNA methylation,  histone 

modification and noncoding RNAs [24], as depicted in the schematic figure (Figure 1) 

[25]. Epigenetic marks are heritable and can be transgenerational (reviewed by Heard 

and Martienssen [26]).  In principle, the term epigenome refers to the global view of 

sequence-independent processes in genome [24, 27] 

 

 
 

Figure 1 A schematic depicting of epigenetic marks in chromatin, including but not 

being limited to DNA methylation, histone modification and non-coding RNAs. The 

chart is adopted from Fig 1. in [25].  

One of the many known epigenetic marks, DNA methylation is thought to contribute to 

stable longer-term gene expression regulation and tissue differentiation [28]. Studies in 

large human cohorts [29-31] have shown DNA methylation more suited for genome-

wide assessment in epidemiological studies than others types of epigenetic mark [32] . 

Nevertheless, it is important to know that gene expression is controlled by the 
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interaction of many different epigenetic factors, not only  DNA methylation[33], 

including histone modification [34-36], and non-coding RNAs [37].  The ENCODE 

project [13, 38] taught us that regulator factors work in interaction with each other and 

DNA tertiary structure [39] and that promoter function as a product of protein binding 

governed by the combined forces of DNA methylation, histone modification and 

chromatin accessibility explains the majority of control of transcriptional activity [13, 

38] .  

Histone modification   

Histones are highly alkaline proteins in eukaryotic cell nuclei that package and order 

DNA into structural units. The post-translational modification of histone proteins has 

direct and indirect effects on transcription of DNA in a temporal and spatial manner 

[40]. Histone can obstruct and bend the DNA causing reduced DNA accessibility to 

transcription factors. Histone proteins can be modified in many different ways, such as 

acetylation, methylation, phosphorylation, ubiquitination, simulation, ADP ribosylation 

and deamination [34], and others [41]. In addition to these direct effects on DNA 

structure, histone modifications often act indirectly by recruiting effector proteins to 

activate downstream signaling [42] [43], and blocking access to the DNA for 

remodeling complexes [44].  Thus, gene expression can be controlled, in part, by post-

translational modifications of the histones [45].  

Genome wide histone modification study in large cohorts is hindered by many 

difficulties. Firstly, it is hard to measure acetylation of the numerous potential sites of 

histone modification simultaneously. Histones are composed of two copies of each of 

four core subunits: H2A, H2B, H3, and H4. Together, these comprise a histone 

octamer, with each subunit containing between 10 to 20 lysines (such as K9, K27, 

K119 etc.) that can be targeted for acetylation (such as H3K18ac [46]) or methylation 

(such as H3K27me [47])  and more than 100 potential sites of acetylation on the 

complete octamer. Secondly, characterization of the genomic locations of post-

translational histone modifications requires fresh tissue samples in order to preserve 

the native crosslinking DNA and proteins architecture. It is not feasible in patient-

derived clinical samples that are generally preserved by freezing and chemical fixation 

[48].  Thirdly, Chromatin immunoprecipitation (ChIP) followed by a genome-wide 

sequencing (ChIP-Seq) [49] which is often used for profiling histone modification , is 
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heavily dependent on the availability of specific antibodies and generally requires a 

relatively large number of cells (typically 0.5~5 × 10
6
 cells) [50].  

So, histone modification study in large scale cohort is still at the very early stage, due 

to the difficulties of feasibility.  Nevertheless, recently we have seen a successful 

cohort study of H3K27ac in 257 postmortem samples, across subjects with autism 

spectrum disorder (ASD) and controls, by ChIP-seq platform [51]. 

Non-coding RNA  

Non-coding RNAs (ncRNAs) are RNAs that are transcribed from DNA but are not 

translated into proteins. In general, ncRNAs regulate gene expression at the 

transcriptional and post-transcriptional level.  Those ncRNAs that appear to be 

involved in epigenetic processes can be divided into two main groups, the short 

ncRNAs (<30 nucleotides (nts), like microRNA) and the long ncRNAs (>200 

nts).   All classes of ncRNA have been shown to play a role in heterochromatin 

formation, histone modification, DNA methylation targeting, and gene silencing. 

Recently, circular RNA has been reported as a new member of the non-coding RNA 

family and it exhibits in tissue/development-stage specific expression and links to 

phenotypic changes [52].  Figure 2 uses miRNAs as an example of ncRNA affecting 

transcription.  

 

Figure 2 MicroRNA inhibits gene expression by binding to messenger RNA. Usually 

one strand of the messenger RNA enters into the micro-ribonucleoprotein complex and 

direct protein assembly [53].  

 

DNA methylation 

http://www.whatisepigenetics.com/glossary/heterochromatin/
http://www.whatisepigenetics.com/glossary/methylation/
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In humans, DNA methylation refers to the covalent addition of a methyl functional 

group (CH3) onto cytosine residue specifically occurring at a cytosine/guanine 

dinucleotide, separated by a single phosphate molecule (CpG). Since transcription 

factors typically bind to the major groove of DNA, addition of this methyl group on 

cytosine residues is postulated to decrease binding affinities of such proteins while 

increasing the affinity of other proteins such as methyl-binding proteins which are 

typically associated with heterochromatin formation and gene repression [54]. Cytosine 

methylation patterns across the genome are relatively stable and most CpGs found in 

humans are methylated (70-80%). Nevertheless, global DNA methylation is variable 

between different cell types – some highly specialized cells, such as spermatozoa, have 

almost completely methylated DNA, whereas others, such as oocytes, have near 

baseline globally unmethylated DNA [55].  

According to Rakyan [56],  large-scale epigenomic profiling to discover disease 

biomarkers can be feasible only if the epigenetic marks are stable enough to be 

amenable to high-throughput analysis with easily accessible clinical samples. 

Currently, of all known epigenetic mechanisms, DNA methylation is the most well-

studied and best understood [57] because methylated DNA sequences are amenable to 

possess those required attributes for large-scale profiling.  Thus DNA methylation 

represents the most studied epigenomic modification in clinical samples [58]. This 

thesis concentrated particularly on DNA methylation in clinical tissues. 

Among the four heterocyclic bases in DNA: adenine (A), guanine (G), cytosine (C) 

and thymine (T), two of which, cytosine and adenine (A and C), can be methylated.  In 

the mammalian genome, DNA methylation is a covalent modification that occurs 

predominantly at cytosine residues usually followed by a guanine (Cytosine phosphate 

Guanine dinucleotide, or CpG as there is only one phosphate linking C and G). The  

DNA methyl transferase (DNMT) enzymes catalyze the covalent addition of a methyl 

group (CH3) to the 5
th
 position of cytosine ring (5C) that gives rise to 5-methycytosine 

(5mC) [59], as shown in Figure 3. 
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Figure 3 DNMTs catalyse the covalent addition of a methyl group (CH3) to cytosine 

(C5) to generate a methylated 5C, 5-methycytosine (5mC). (A) the nucleic structure 

of cytosine. (B) 5-methycytosine. 

Recently 5-Hydroxymethylcytosine (5hmC) was observed to be abundant in 

mammalian brain [60], as well as in embryonic stem cells [61], although its role 

remains unclear. Also, though cytosine methylation is thought to be largely restricted 

to the CpG dinucleotide, recently studies have been shown to methylate non-CpG 

cytosine (CpH, H = A/C/T) in human brains [62]. Despite the emerging discovery cell 

biology and diverse mechanisms in different species, DNA methylation in this thesis is 

restricted to the measurement of 5-methylcytosine (5mC) at CpG dinucleotide in 

human clinical samples. 

DNA methylation as a chemical modification does not change the DNA sequence but 

has influence on gene activity. The emerging understanding of the functions of DNA 

methylation is more nuanced than only gene expression silencing [63], now we 

understand that the mechanisms of DNA methylation are locus-specific.  Methylation 

can block access of different types of protein factors to DNA and so can activate, 

repress, modulate or change the splicing pattern of coding genes and non-coding 

RNAs. It is essential for normal development and plays key roles in diverse biological 

processes such as X chromosome inactivation  [64] , transposable element repression 

[65], genomic imprinting [66] , tissue-specific gene expression[67], aging  [68] and 

cancer [69].    

Understanding DNA methylation function requires consideration of its genomic 

context, which is always represented by CpG location with respect to genomic 
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functional elements, such as transcriptional start sites, gene bodies or intergenic 

regions [70, 71].  CpGs are generally underrepresented in the genome but tend to be 

overrepresented at gene promoter regions the top bar in Figure 4 shows the uneven 

distribution of methylated and unmethylated CpGs within a typical gene. The diverse 

of CpG density and surroundings are termed into four CpG contents, island, shore, 

shelf and open sea. The CpG-rich regions are called CpG islands, 2,000 base pairs 

adjacent to the CpG island are South or North CpG shores (S shore and N shore), with 

CpG shelves being 2,000 base pairs further and adjacent to the shores (S shelf and N 

shelf), bottom bar in Figure 4. The remaining CpG sites that spread out across the 

“open sea” are heavily methylated [72].   The majority of transcription start site, 

roughly 70%, resides within CpG islands [73].  

Of the many established epigenetic marks and mechanisms, DNA methylation is 

thought to contribute to stable long-term gene expression regulation and tissue 

differentiation[74], and is ideally suited for genome-wide assessment in large human 

epidemiological studies [32].  The modifications are highly inheritable through 

generations [75, 76]. CpG islands, especially those associated with transcription start 

region (transcription promoters), are found to be highly conserved between mice and 

humans [71]. However, during development, DNA methylation patterns are dynamic 

[77, 78] .  A stable DNA methylation pattern during cell differentiation regulates 

tissue-specific transcriptome [79, 80], but there are also a lot of variable DNA 

methylation regions across individuals and associated with individual phenotypes [72].   
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Figure 4 Charts for DNA methylation contents and patterns, adopted from [81]. The 

upper block shows methylated and unmethylated CpGs distribute in context of 

genomic functions, while the lower one shows in context of the density of CpGs 

(islands) and their neighbors.   

 

1.3 DNA methylation measurements and Infinium450K 

technology 

There are about 28 million CpGs in the human epigenome [82]. The advent of high-

throughput technologies have facilitated DNA methylation measurements that were 

previously restricted to specific loci in a limited number of genes and can now be 

performed on a genome-wide scale. It enables epigenome wide association studies 

(EWAS), and more specifically DNA methylome wide association studies (methWAS) 

[83] and provides a novel approach for researchers to explore mechanisms of human 

diseases. Technologies to profile the DNA methylome mainly fall in two categories, 

microarray and next-generation sequencing (NGS). Several reviews compared these 

two types of technologies and examined their strengths and weaknesses for DNA 

methylation profiling [84-87].  

Sequencing technologies, for example, Whole Genome Bisulfite Sequencing (WGBS) 

[88],  can in principle assay all of the approximately 28 million CpGs in the human 

genome [89].  Alternatively, Reduced Representation Bisulfite Sequencing (RRBS) 

[90],  and Methylated DNA Immunoprecipitation Sequencing (MeDIP-seq) [91] were 

developed in DNA methylation detection and analysis. Recently Methyl-Capture 

Sequencing (MC-Seq), which can assay about 2-3 million methylation sites, were 

introduced to study clinical samples [2, 18]. NGS technologies provide single base 

CpG measurement genome wide. However, taking into consideration on their degrees 

of technical complexity, methylome coverage and precision in resolving methylation, 



9 

 

NGS technologies are of higher costs, larger data volume, more complex in processing 

and less sensitivity to subtle methylation changes. These disadvantages limit NGS the 

application in epigenetics in large data cohort by far. 

While advanced sequencing-based methodologies have been applied in epigenetic 

studies, array-based technologies are more welcome in research labs especially for 

large sized cohort study because of the balanced genomic coverage, resolution, 

accuracy, specificity, throughput and cost. The most popular DNA methylation 

technology is Infinium (The Illumina® Illumina Inc., CA, USA) 

HumanMethylation450 BeadChip (Infinium 450K) [15, 92].  The advantages of high-

throughput and low cost enabled Infinium450K to become the most popular platform 

for interrogating DNA methylation in epigenome-wide association studies (EWAS 

[56]) involving hundreds or even thousands of cohort samples [29, 93] as well as 

resource-intensive  efforts such as the International Cancer Genome Consortium 

(ICGC) [94], the cancer genome atlas [95],  ENCODE [38] and the International 

Human Epigenome Consortium (IHEC).   

Infinium450K, evolved from Infinium27K (HumanMethylation27), can assay 485,777 

single-based CpG sites and analyze twelve samples in parallel in one chip and up to 96 

samples per run [15].  Genome-widely, it covers 99% of RefSeq genes and all the 

different epigenetically key genomic regions such as CpG islands, shores and shelves, 

5' and 3' UTRs, and promoters and gene bodies. The new Illumina Infinium 

MethylationEPIC BeadChip, available mid-2016, includes 856,187 sites and retains 

90% of the Infinium450K probes while adding 333K probes to gene enhancer regions 

[96].   The chemistry of the EPIC array is identical to that of the 450K.  

The Infinium arrays use bisulfite conversation technologies to detect CpG methylation 

profiles. Cytosine and 5-methylcytosine (5mC) have different sensitivity in their 

bisulfite conversion. Under acidic conditions, unmethylated cytosine undergoes 

conversion to uracil (U), while methylated cytosine (5mC) remains unchanged. The 

complementary 3’- base is either C (methylated) or T (unmethylated), Figure 5. 
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Figure 5 Bisulfite conversion in detecting 5mC methylation, chart is taken from [97]. 

With the discovery of 5-hydroxymethylcytosine (5hmC) some concerns have been 

raised regarding DNA methylation studies using the bisulfite sequencing technique. 

5hmC has been shown to behave like its precursor, 5-methylcytosine (5mC), in 

bisulfite conversion experiments [15] Therefore, bisulfite sequencing data may need to 

be revisited to verify whether the detected modified base is 5mC or 5hmC. In 2012, a 

technology of TAB-seq [98] was discovered to solve the problems of  being detected as 

5mC in normal bisulfite conversion experiments using the oxidative properties of the 

Tet-family of enzymes.  

In order to increase the efficiency of signal detection, Infinium450K arrays apply two 

different types of chemistry with two different types of 50 base pair probes but by 

different mechanisms. Type I assay employs two bead types per CpG locus. Type II 

assay utilizes one probe per locus.  For each CpG probe, DNA methylation profile is 

calculated as the beta value, as 𝑏𝑒𝑡𝑎 = 𝑀/(𝑀 + 𝑈), where 𝑀 is ratio of the intensity 

of methylated signal over the sum of methylated and unmethylated signals (𝑈) [15]. 

The beta value ranges between 0 to 1 and normally presents as a percentage value, so 

that beta value at 0~20% indicates the probe hypo-methylated while 80~100% means 

hyper-methylated.  
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Figure 6 Density plot of beta values (% methylation) from Infinium450K type I and 

type II probes. A unique characteristic of Infinium 450K is that it includes both  type I 

and type II assays for measurement of methylation levels at different loci. Due to 

different chemical design, Type I assay (as shown in black color) measures a wider 

range of methylation levels, while results from the type II assay (as shown in red color) 

have a narrower dynamic range. The differences between type I and type II assay 

require DNA methylation profiles from Infinium 450K to be processed carefully.  

The bimodal distribution of beta values derived from type II assays is narrower than 

that from type I assays, as shown in   [81]. Type II signals cover a narrower dynamic 

range of methylation values than type I signals [99], which is so called type II bias. In 

addition, batch effects (such as different date of experiments, different chips, different 

technicians running samples etc.) are a common source of variation in high-throughput 

experiments. They contaminate the real biological or scientific variables in the study. 

This suggests that data from the type I and type II assays should be considered 

separately in any downstream bioinformatics analysis or normalized by sophisticated 

methodologies.  In this thesis, I present an analytic pipeline for Infinim450K data 

analysis [1] with the validation by concordance study on same clinical samples across 

microarray and NGS platforms.  

Correction for cellular heterogeneity is absolutely necessary in analysis of methylation 

data from mixed cell type samples [100-102], as DNA methylation profiles will vary 

across cell types.  Cellular heterogeneity correction can be achieved by performing the 

DNA methylome profiling on homogenous samples or by directly measuring the cell 

mixture in the DNA sample.  However, such measures are not always feasible, for 

instance, when investigating previously frozen bloods, or tissues that are by nature 

heterogeneous and not easily fractionated (e.g. placenta). In these cases, cellular 
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heterogeneity has to be estimated by statistical approaches: either by reference to 

existing methylation profiles of the constituent  cell types, which is called the 

reference-based method [103]; or, by the reference-free method [104] which can be 

used to correct cell type  effects without a prior estimate of cell types. Both approaches 

have their limitations. Reference-based estimation requires the use of an appropriate 

cell-specific methylation reference-panel, while the reference-free approach may over 

adjust and reduce important variability in the data. In order to improve our corrections 

for cellular heterogeneity, our lab has started an effort to construct reference-panels by 

investigating cellular components of the tissues that we are studying. 

1.4 DNA methylation is associated with early experience 

Efforts are made to achieve unbiased DNA methylation detection and processing, in 

order to explore how changes in DNA methylation can alter human development, cell 

differentiation and diseases [105]. Clinical epigenetics tends to identify aberrantly 

methylated sites [106], which are potentially disease biomarkers. A well-known 

example is that DNA methylation plays a significant role in cancer [107-110]. Studies 

have also established the relationships between DNA methylation alternations and 

diabetes (reviewed in [111, 112]), sclerosis [113], schizophrenia (reviewed in [114] ) 

and ageing (reviewed in [68, 115]). Further, it is also understood DNA methylation 

marks are susceptible to environmental modification [116], and continue to change 

well beyond the point of cell differentiation [117].  Therefore, DNA methylation could 

potentially serve as a molecular mechanism for environmental causes of disease and 

trans-generational transmission [57, 118].   

Environment during development was first addressed as an important factor in disease 

by Barker [119], who emphasized that early environment, especially fetal life was the 

“developmental origins of health and disease” (DOHaD) [116, 119]. The “Barker 

hypothesis”, also known as the “fetal programming hypothesis”, was extended to the 

“development origins of disease” hypothesis by Gluckman and Hanson and others 

[118, 120] who proposed environmental exposures during early life can cause 

biological changes that influence disease susceptibility later in life.  

The environmental epigenetic hypothesis [121, 122] for the development origins of 

disease suggests that alteration of fetal epigenome may have health consequences in 

later life [123]. Evidence for this hypothesis derives from studies documenting the 
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relationships among DNA methylation marks, in utero environment and later 

phenotype [60, 93, 124-128].  An increasing number of reports have shown 

transcriptome [6] and DNA methylation differences responded to in utero [129, 130], 

at birth [129]  and early life [130].  Empirical examples included methylation of the 

glucocorticoid receptor (NR3C1) as a result of early life stress [131, 132], fibroblast 

growth factor receptor 2 (FGFR2) methylation is associated with birth weight [131, 

133] and methylation of the aryl hydrocrbon receptor repressor (AHRR)  [134, 135] and 

coagulation factor II receptor like 3 (FR2L3  [136, 137] ) as a result of smoking 

exposure. Maternal micronutrients such as folate can modify the offspring’s LINE-1 

methylation at birth [138] and is associated with birth weight [139] and fetal outcome 

[140]. Recent reports showed that epigenetic modifications identified from maternal 

gestational diabetes might be potential epigenetic biomarkers [141].    

In addition, some methylation marks act in concert health phenotypes.  For example, 

methylation in hypoxia induced factor 3 (HIF3A) is associated with obesity  [29] . 

Some methylation changes can predict later phenotype e.g. methylation in retanoid X 

receptor alpha (RXRA) at birth predicts body composition at six years of age  [129]. 

There are also examples of persistent, environmentally-induced DNA methylation 

states. For instance variations in maternal care alter the methylation of the 

glucocorticoid receptors (NR3C1) promoter in rats [142] and differential methylation at 

the same region is associated with childhood in human [131]. Although many aspects 

of the epigenome such as histone modification are likely to be involved, current 

evidence concentrates mostly on DNA methylation. 

1.5 DNA methylation is influenced by genotype 

Epigenetic states can be related to genotype. Genotype is the  DNA sequence of the 

genome of a cell.  Single nucleotide polymorphisms (SNPs) are the measurement of the 

most common type of genetic variants and emerged as important marks for linking 

genotype and individual diseases and traits in the genome-wide assoction studies 

(GWAS) [143]. The outcome of genotype is phenotype, which refers the particular 

appearances and characteristics of individuals, for example, eye color or certain 

disease.  

Gibbs et al [144] showed that in human brain tissues, there were about 4~5% of the 

CpGs studied significantly dependent on genotype. Gibbs et al. thus defined the CpGs 
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dependent on genotypes as methylation quantitative train loci (methQTL).  They also 

categorized CpG and SNP pairs being within 1Mb chromosomal region as cis- 

methQTL and across chromosomes as trans- methQTL.  The existence of methQTLs 

was validated in other studies [145-148]. 

Ethnicity can be used as a proxy for genotype and has been observed to influence the 

methylome [149]. African and European individuals have population-specific patterns 

of DNA methylation at approximately 30% of CpGs measured and, methylation levels 

at around 50% of these population-specific CpGs could be explained by divergence in 

allele frequencies at cis-acting SNPs between populations [150]. Studies of 

methylation differences using the Infinium450K methylation array data from 133 

lymphoblastoid cell lines from European and African HapMap samples reveal that 

approximately 13% of analyzed CpGs showed significant methylation differences 

between the populations and over 50% of these were in methQTLs with local SNPs 

[151].  CpGs showing differential in methylation levels across ethnicities are more 

likely to be driven by genotype than other CpGs (68% methQTLs compared to 13% 

meth-QTLs) [152].  Nevertheless, these studies also found that some methQTLs are 

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

other population, suggesting possible gene and environment interactions.   

There is evidence for an environmental influence on DNA methylation states as well as 

an influence of genotype.  This suggests that gene × environment interactions may be 

common. Recent studies have provided evidence for gene × environment interactions 

(GxE, pronounced as “G times E”) on DNA methylation. Yousefi et al. [153] showed 

that LEPR genotype interacted with maternal smoking to predict methylation of LEPR 

in the offspring.  A SNP within the IL4R gene combined with methylation at a CpG 

site within the same gene predicts risk of childhood asthma [154].  Klengel et al. [155] 

described that genotype of the FKBP5 gene in interaction with early childhood trauma 

affects methylation of FKBP5 intron 7, FKBP5 expression and subsequent 

deregulation of glucocorticoid receptor signaling.  It is unknown what relative portion 

of inter-individual variation in methylomes is driven by genotype, environment or an 

interaction of gene and environment [156].   

All these findings are consistent with the model that Feinberg and his collaborators 

proposed in early 2004, in which epigenetics, genetics, and environmental health could 

be integrated to create a new field of epigenetic epidemiology [157]. Recently, 
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Holbrook [158] suggested that the epigenome is the product of the integration of 

genetic variation and environmental exposure.  

1.6 Understanding methylation and modelling epigenome wide 

association study by GEM: opportunities and challenges 

from a computational perspective 

Despite the success of genome-wide association studies (GWAS) in identifying single 

polymorphism nucleotides (SNP) associated with diseases and health outcomes,  

studying the epigenetic variations genome-widely and in large-scale cohorts, termed 

Epigenome-Wide Association Studies (EWAS) [159], presents novel opportunities but 

also creates new challenges that are not encountered in GWAS. 

In EWAS, the relationships between methylation, genotyping and environment are 

complicated. Understanding DNA methylation changes related to environmental 

exposures and developmental trajectories to disease is highly desirable [158] and their 

discovery is the aim of many EWAS [160, 161]. However, what has really pushed 

EWAS studies to the brink of what is computationally possible is the realization that 

DNA methylation levels are not just specified by extrinsic factors but also are 

influenced by genotype.  Polymorphisms close to CpGs in the same chromosome (cis-) 

often form methylation quantitative trait loci (methQTLs) with nearby CpGs [144-

146],  or blocks of cis- polymorphisms associated with a cluster of methylation 

quantitative trait loci, named GeMES (15, 19). Furthermore, it is now apparent that 

genotype can work in interaction with environment (G x E) to influence specific DNA 

methylation levels [4, 31] and these can be linked to phenotypes [5, 8]. 

EWAS is very challenging. Unlike genetics which deals with one unique copy of 

genetic sequences for each individual, there are many versions of DNA methylation 

profiles for one individual in different cell types and at different ages. For example, 

gestational age is correlated with inter-individual variation in the DNA methylation 

profiles of neonate’s cord blood [5] and the DNA methylome of older people are very 

different from those of neonates [162].  Environmental factors are vital components in 

EWAS, however missing values and unknown factors make large-scaled study very 

difficult. An EWAS study on gestational environment and birth outcome could be 

hampered due to missing values of maternal lifestyle and socio-economic status, for 

example, mother’s smoking history before pregnancy [163].  Demands for measuring 
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environment factors make large scale sampling very costly. Literature survey by end of 

2016 showed only four EWAS studies performed on large cohorts with 1000+ samples 

[29, 164-166], while GWAS has been extended to the scale of millions of samples 

[38].   

Computational burden is another issue in EWAS, especially when the interaction of 

genotype and environment is included. High-throughput technology can detect 

methylation changes at 450,000 loci by Infinium450K and 1,000,000 genetic changes 

by Illumina Omniexpress+exome genotyping arrays.  Creating a genome wide 

methQTL map requires assessing the correlation of genotype at millions of SNPs with 

thousands to millions of CpG methylation states, by billions of linear iterative 

regressions. Sun 2014 [167] surveyed methQTL studies between year 2010~2014 and 

found that most of methQTL studies were restricted to screens of cis- SNP-CpG pairs, 

while some were even restricted to the 50 Kb ~1Mb regions flanking to each SNP. 

However SNPs far from the CpG or in different chromosome (trans-) were also 

reported to be associated with CpG. Trans- methQTLs have been detected to be 

relevant to normal or disease states in many studies [168].   With the availability of 

multiple “omics” data for the same samples and quick expanding environment factors 

or exposures, exponentially increasing computation requests optimized operation and 

efficient methodologies. 

In this thesis, a tool suite to explore the associations of Gene, Environment and 

Methylation was created and named as GEM. It provides three statistical models 

denoted as GEM_Emodel, GEM_Gmodel and GEM_GxEmodel to facilitate analyses 

in EWAS. The GEM_Emodel tests the association of methylome marks and 

environmental factors; the GEM_Gmodel creates a methQTL genome-wide map; 

finally, the GEM_GxEmodel tests the ability of gene and environmental interaction 

models to predict DNA methylation levels. In this thesis we designed and implemented 

GEM package for efficient operation to deal with large scaled modeling in EWAS and 

methQTLs genome widely in a standard computer within minutes [3] . GEM has been 

successfully applied in epigenetic study from neonate methylomes [4] and the 

discovery of epigenetic biomarkers [5].   
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1.7 GUSTO cohort and samples 

Studies in this thesis are from clinical samples from Growing Up in Singapore 

Towards healthy Outcomes (GUSTO) birth cohort [169]. GUSTO is a Singaporean 

birth cohort which was carefully designed to collect biological specimens and prenatal 

and postnatal data from parents and their infants. More than 1,200 umbilical cords 

were collected at birth from babies born in Singapore’s two major public maternity 

units, National University Hospital (NUH) and KK Women's and Children's Hospital 

(KKH). GUSTO recruits the babies from homogeneous parental ethnic background, a 

very unique cohort comprised of three different Asian ethnicities, Chinese (57.2%), 

Malay (25.5%) and Indian (17.3%). Data and specimens are collected from children at 

birth and throughout childhood till 9 years old and one aim of the cohort is to examine 

of the roles of fetal development and epigenetic factors in pathways to metabolic and 

neurocognitive diseases. By 2016, the eldest GUSTO child is 8+ years old.  

The GUSTO birth cohort provided a comprehensive data set including clinical data for 

gestational environment, epigenetic profiles and genotyping from mother and child. 

The multi-dimensional ‘omics’ data and comprehensive clinical measurements provide 

the possibility for epigenetic study in tackling the associations among genotype, 

epigenomics and phenotype on samples from neonates and their parents.  Upon the 

availability of GUSTO data, the main objective of this thesis is to explore the 

epigenetic mechanisms of development and diseases on Asian neonates by meaningful 

and relevant computational analysis.   

1.8 Overview of the thesis 

Early in the year 2005,  Barker suggested the role of epigenetics in transmitting the 

influence of early life events to affect adult health outcome [170], however, genome 

wide study of epigenetic profiles was not started till 2011 [56]. Epigenomics research 

is new but has posed exciting opportunities for understanding the relations between 

human health and environment. However, current limitations in analytic techniques 

constrain the questions that can be asked of complex data and impair the efficiency of 

hypothesis generation and validation.  Comprehensive data analysis algorithms are 

needed to process fast developing array and sequence technology. We need to develop 

of mathematical models enabling extraction of robust patterns from complex data, and 

to understand the fundamental principles behind such patterns. This thesis reports 
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research work lying at the intersection of multiple disciplines, including data modeling, 

mathematical analysis and biological discovery. Most importantly, this thesis 

demonstrates the improvement in computational operations and modeling can greatly 

benefit biomedical research.  

The thesis is organized into seven chapters, as shown in Figure 7 , which are arranged 

based in the order of “DATA-Methodologies-Application”. After the overview of 

epigenetics and presentation of the motivations and challenges for this project in 

Chapter 1, Chapter 2 describes the most widely-adopted epigenetic profiling 

technology, Infinium 450K, followed by a novel statistical and computational pipeline 

for improving Infinium 450K data processing. The proposed method for Infinium 

450K was validated with a concordance study on the same seven clinical samples 

across from an independent next generation sequence platform (NGS) [1]. In Chapter 

3, the evaluation of epigenetic profiling technologies was extended to a novel and 

recently developed NGS platform, Methyl Capture Seq (MC-Seq) [2]. Our detailed 

comparative analysis on MC-Seq and Infinium 450K data showed MC-Seq can be an 

attractive cost-effective alternative to whole-genome bisulfite sequencing.  

 

Figure 7 Thesis structure and chapters. 

In Chapter 4, GEM is contributed to computational analysis, modeling and integration 

of epigenetic, genetic and clinical data. GEM is a R package [171]  with a suite of 

statistical models studying the interplay among Gene, Environment and Methylation 

[3]. The three major functions GEM_Emodel, GEM_Gmodel and GEM_GxEmodel 

work for efficient EWAS, methQTL detection and GxE analysis. Implemented by 

matrix based iterative correlation and memory-efficient data analysis, within GEM, 
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millions of association studies can be facilitated on a standard laptop computer within 

minutes. GEM is validated by comprehensive benchmarking and has been contributed 

to Bioconductor [172].  

In Chapter 5, the DNA methylation analytic pipeline was used for data processing and 

GEM was applied to an infant-mother cohort study with hundreds of clinical samples. 

We presented the first genome-wide integration of genetic, clinical and epigenetic data. 

Our results suggested that the major driver of neonatal DNA methylation inter-

individual variation is the interaction of genetics and in utero environment [4]. 

Simultaneously, Dick et al (2014) [29] worked with a much larger adult cohort with 

more than a thousand obesity cases and controls and found that DNA methylation on 

the first intron of HIF3A is significantly associated with adult BMI [29]. We explored 

the same HIF3A methylation probes and single nucleotide polymorphisms (SNPs) in 

GUSTO infant cohort and extended the finding to show that the story of HIF3A 

association with adiposity “begins before birth” [5] in Chapter 6.  The thesis ends with 

the summary of the study, discussion of limitations and the plan for future work, in 

Chapter 7.  



20 

 

2 Improving the process of Infinium450K for 

measuring the methylome in clinical samples 

2.1 Introduction 

The Infinium Human Methylation450 BeadChip Array
TM

 (Infinium 450K, or 450K in a 

short) is a microarray technology for human DNA methylation profiling [15]. It 

interrogates 485,577 methylation sites per sample at single-nucleotide resolution with 

99% coverage of known genes. Infinium 450K has been well accepted as DNA 

methylation measurement especially for large size clinical samples. Data by Aug 2016 

showed, there were 576 research results conducting 37624 human samples by 

Infinium450K contributed to Gene Expression Omnibus (GEO, 

http://ncbi.nlm.nih.gov/geo/), a public functional genomics data repository. 

Infinum450K platform is a hybrid of two different assays (Infinium type I and II) in 

order to cover more CpGs. Type I assay exploits two different probes corresponding to 

methylated and unmethylated alleles located on two different bead types and the 

methylated and unmethylated signals are generated in the same color channel. Type II 

uses only one bead type with a unique probe allowing detections of both alleles. The 

methylated and unmethylated signals are generated respectively in the green and red 

channels. It is noticed that methylation profiles obtained from type II probes were less 

accurate or reproducible than those obtained from type I probes [81], and type II 

signals are less stable and cover a narrower dynamic range of methylation values than 

type I signals [99].  The significant differences between the type I and type II assays 

require very careful and proper bioinformatics solutions in the first step in order to 

meet unbiased downstream analysis [1]. Besides, batch effect is observed when 

experimental procedures necessitate the processing of samples in separate groups or on 

different days. This is another source of technical artifact that has to be minimized.  

In this chapter, a novel pipeline was designed to process 450K data in order to 

overcome its technique disadvantages and disagreements across batches. The data 

processing pipeline attempted to deal with technical artifacts in 450K by combining 

color adjustment and type correction step by step. However, given the lack of a “gold 

standard” in DNA methylation profiling, unbiased assessment of the data processing is 

difficult.  

http://ncbi.nlm.nih.gov/geo/
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Treatment of DNA with bisulfite results in the deamination of unmethylated cytosine 

to uracil, leaving methylated cytosines unaffected, as shown in Figure 5 and [97],  and 

thereby providing a methyl-dependent DNA mutation that can be easily detected by 

next generation sequencing methods; known as bisulfite sequencing. In order to reduce 

the costs involved with bisulfite sequencing a restriction enzyme is often employed 

along with selection of the resulting small fragments of DNA, to enrich for fragments 

with high CpG content, thereby greatly reducing the percentage of the genome that 

needs to be sequenced to analyze CGI methylation. This technique is known as 

Reduced Representation Bisulfite Sequencing (RRBS) [19].  

RRBS offers approximately six times CpG coverage and achieves with better accuracy 

because of NGS technology [19, 173]. In addition, both RRBS and Infinium450K 

technologies measure DNA methylome in human samples. Both methods utilize 

sodium bisulfite treatment of DNA to convert unmethylated cytosine to uracil (C to U) 

[174].   Both assess methylation at single CpG resolution. So a concordance study was 

conducted on clinical samples for better understanding the two technologies. In order 

to benchmark the proposed pipeline, the comparison study between pre- and post-

processed Infinium450K data and RRBS was conducted to validate the improvement 

of proposed data processing methodologies. 

2.2 A novel pipeline to process the Infinium450K 

A novel pipeline to process Infinium450K methylation data was proposed in Figure 8. 

It includes two major processes, named color adjustment and type I/II correction, 

which were introduced at the first time as the essential effects to minimize the technical 

bias and reduce the batch effect as much as possible. The process was implemented in 

the R programming language [1]. Overall, as shown in Figure 8, raw signals were 

extracted from GenomeStudio
TM

. With the information of signal detection parameters, 

probe quality control was the next step and then color adjustment was applied to 

intensities from red and green color channels. M values were calculated from beta 

values (𝛽 values) and used for the type I and type II correction. After type I/II 

correction, M values were converted back to beta values for normalization across 

samples. Finally, the processed beta values were generated. 
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Figure 8 A pipeline for Infinium450K data analysis including two major steps of signal 

adjustment for color channels and correction between type I and type II measurements.  

2.2.1 Raw data extraction and quality control 

Infinium450K signal extraction was performed in GenomeStudio
TM

 Methylation 

Module on the intensity files (with a .idat suffix) produced by the Illumina iSCAN 

system.  Full raw data were extracted from GenomeStudio
TM

 without using background 

subtraction or normalization. Basic information for raw data is described in Table 1. 

For each sample, this data is collected for a total 135,501 type I and 350, 076 type II 

CpGs. As can be seen, the data collection includes intensities for signal A/B (Signal_A, 

Signal_B), average number of beads for signal A/B (Avg_NBEADS_A, 

Avg_NBEADS_B) and detection_pvalues (Detection_pvalue) in columns. CpG probe 

quality control criteria include, probe should be present on three and more than three 

beads and the detection_pvalue should be less than 0.05 for methylated and 

unmethylated signals.  CpG that failed the quality control criteria for any sample would 

be discarded from further analysis.  

CpG’s signal intensities and detection_pvalues 
exported from GenomeStudio™ 

CpG quality control: discarding CpGs with 
detection_pvalue >0.05 or number of beads <=3 

Color adjustement 

Beta value calculation 

Beta value transformed to M value 

Correction between type I and type II measurement 

M value transformed to beta value 

Inter-sample normalization and batch affect removal 
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Table 1 CpG probe information and quality control 

CpGID Signal_A Signal_B Avg_NBEADs_A Avg_NBEADS_B detection_pvalue 

CpG QC 

criterial 

(Avg_NBEADS_A ≥ 3) AND (Avg_NBEADS_B ≥ 3) AND (detection_pvalue < 

0.05) 

Signal_A is red channel for unmethylated signal. Signal_B is green channel for methylated 

signal. 

2.2.2 Color adjustment  

There are red and green color signal channels in type II probes. Red color indicates 

unmethylated probe and the intensity of the red light is Signal_A. Green color indicates 

methylated probe and the intensity of the green light is Signal_B. The color adjustment 

utilizes information from control profile (an example file format as in Figure 9 ) for 

Infinium450K, which was also the product from GenomeStudio
TM

. 

For each sample (eg. 6164655096_R01C01 as the sample identification), the red and 

green lights have a baseline value, which denoted as “NEGATIVE” in the row Index 5 

in Figure 9. We used 𝑁𝑟 and 𝑁𝑔 for red and green lights respectively, in this example, 

𝑁𝑟= 119.2350 and 𝑁𝑔= 239.7917. The modified unmethylated and methylated signals 

are:  

 𝑆𝑖𝑔𝑛𝑎𝑙𝐴′ = 𝑆𝑖𝑔𝑛𝑎𝑙_𝐴 − 𝑁𝑟     𝑎𝑛𝑑   

𝑆𝑖𝑔𝑛𝑎𝑙𝐵′ = 𝑆𝑖𝑔𝑛𝑎𝑙_𝐵 − 𝑁𝑔 

(2-1) 

After background subtraction for red and green signals in Equation (2-1), we used 

control values measured by the GenomeStudio software to balance the green and red 

signals. The control values for red and green signals are different. For each sample, the 

control of green signal is the mean value of A and T (𝐶𝑔), and red signal is the mean 

value of G and C (𝐶𝑟).  In Figure 9, the rows at index number 7 to10 are normalized 

intensities of bases A, C, G and T, and we can calculate 𝐶𝑔=414.39575, 𝐶𝑟=537.44315 

for the example sample. The ratio of red and green color channel is, 𝛾 = 𝐶𝑟 𝐶𝑔⁄ . In the 

step of “color adjustment”, the green signals are normalized to the red channel signals 

by multiplying 𝛾, the ratio of control values between red and green channels, while red 

signals keep the same. The adjusted methylated and unmethylated signals are: 
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 𝐴𝑑𝑗_𝑆𝑖𝑔𝑛𝑎𝑙𝐴 = 𝑆𝑖𝑔𝑛𝑎𝑙𝐴′  𝑎𝑛𝑑  𝐴𝑑𝑗_𝑆𝑖𝑔𝑛𝑎𝑙𝐵 = 𝑆𝑖𝑔𝑛𝑎𝑙𝐵′ ∗  𝛾   (2-2) 

 

 

Figure 9 Extraction of red and green signal from control profile. 

 

After color adjustment, 𝛽-values were calculated based on adjusted methylated and 

unmethylated signals for further analysis.  𝛽-values are the ratio of the methylated 

probe intensity to the overall intensity, 𝛽-value for an 𝑖𝑡ℎ interrogated CpG site is 

defined as: 

 
𝛽𝑖 =

𝑚𝑎𝑥(𝑀𝑒𝑡ℎ𝑖, 0  )

𝑚𝑎𝑥(𝑀𝑒𝑡ℎ𝑖, 0 ) + max(𝑈𝑛𝑚𝑒𝑡ℎ𝑖, 0) + 𝛼 

=  
max (𝐴𝑑𝑗_𝑆𝑖𝑔𝑛𝑎𝑙𝐵𝑖, 0)

max(𝐴𝑑𝑗_𝑆𝑖𝑔𝑛𝑎𝑙𝐴𝑖, 0) + max (𝐴𝑑𝑗_𝑆𝑖𝑔𝑛𝑎𝑙𝐵𝑖, 0) +  𝛼
 

(2-3) 
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where 𝑀𝑒𝑡ℎ𝑖 and 𝑈𝑛𝑚𝑒𝑡ℎ𝑖are the intensities measured by the 𝑖𝑡ℎ methylated 

(measured by adjusted green signal, 𝐴𝑑𝑗_𝑆𝑖𝑔𝑛𝑎𝑙𝐵𝑖) and unmethylated (measured by 

adjusted red signal, 𝐴𝑑𝑗_𝑆𝑖𝑔𝑛𝑎𝑙𝐴𝑖) probes respectively, averaged over the replicate 

beads. α is a constant offset, by default 100. Therefore 𝛽 -values are ranged between 0 

and 1.  𝛽 value equals to 0 representing no methylation and 1 representing full 

methylation. It is usually presented as percentage value.   

2.2.3 Type I and Type II correction 

The idea of the “peak based correction” [81] was implemented to rescale the type II 

range to that of type I, as in Figure 10.  

Firstly, the M values, or log ratio of beta values, which were introduced to measure 

methylation [175] because they are less sensitive to signal noises, were calculated on 

top of beta values, where 𝑀 = log2
𝛽

1− 𝛽
  and hypermethylation is 𝑀 > 0 and 

hypomethylation is 𝑀 < 0. 

Secondly the densities of type I and type II were calculated. By the nature of bimodal 

of the signal distribution, there are two peaks of each  

 𝜎𝑀 = argmax𝑀>0(𝑑𝑒𝑛𝑠𝑖𝑡𝑦 (𝑀)), and  

𝜎𝑈 = argmax
𝑀<0

(𝑑𝑒𝑛𝑠𝑖𝑡𝑦 (𝑀)) 

(2-4) 

 𝐴𝑑𝑗𝑀𝑀>0 = 𝑀 ∗ 
𝜎𝑀1

𝜎𝑀2
  and 𝐴𝑑𝑗𝑀𝑀<0 = 𝑀 ∗ 

𝜎𝑈1

𝜎𝑈2
 (2-5) 

 

The corrected beta value is 𝛽 =
2𝑀

2𝑀+ 1
. 
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Figure 10 The procedure for type I and type II correction.  (A) The density plots for 

beta values of type I and type II, x-axis is beta values, y-axis is density.  (B) The 

converted 𝑀values of type I and type II, x-axis is M values, and y-axis is the density.  

SU and SM are the peak maximums of M density, while σU and σM are distances 

corresponding to peaks SU and SM. (C) The density plots for beta values after type I and 

type II correction. The left column is for type I and right for type II in all rows. After 

processing, type I keeps the same and type II is adjusted according to the distribution 

of type I (chart is adopted from supplementary material in [81].) 
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2.3 Concordance study between Infinium450K and RRBS in 

clinical samples 

2.3.1 Experimental design 

DNA methylation profiles from seven umbilical cord samples were measured in 

Infinium450K and RRBS methods respectively. The concordance and comparison 

study design is shown in Figure 12. Two major steps were conducted on the DNA 

methylation profiles across 450K and RRBS platforms. The first step was the 

concordance study of the raw data between two platforms. The second step was the 

comparison study of processed 450K data by the pipeline with the RRBS data.  

The seven umbilical cords are part of the GUSTO birth cohort study [176]. The babies 

were all of Chinese ethnic origin and males.  They were conceived without assisted 

conception techniques.  They were within the normal birth weight range (2734g ~ 

3565g) and had gestational ages classified as near-term (37 weeks ~ 39 weeks and 6 

days).  The maternal ages varied between 26-36 years. Sample characteristics were 

shown in Table 3. 

2.3.2 RRBS genomic mapping 

In RRBS sequences, typically, genomic DNA was digested by the restriction 

endonuclease MspI in RRBS technology [19]. As shown in Figure 11, this is followed 

by end-repair, A-tailing, adapter ligation and finally bisulfite conversion. Often, the 

library is also size-selected for fragments between 40 and 220bp in length.  

 

Figure 11  An overview of RRBS technology. 

Quality control of sequence reads was performed and methylation calls were calculated 

as percentage value by the count of cytosine divided by the sum of  the count of 
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cytosine and thymine [54]. Similar to sequence mapping as the other NGS 

technologies, the major steps for RRBS mapping including below, 

1. Quality control (QC) of sequence reads was performed by FastQC 

http://www.bioinformatics.bbsrc.ac.uk/projects/fastqc/.  

2. Adaptive quality and adapter trimming with Trim Galore 

(http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/). The low-

quality base calls were trimmed by the option of “- - phred” score. The option 

of “- - rrbs” works for RRBS sequences from DNA maternal digested with 

Mspl enzyme. Other options like “- - paired-end” allows paired FastQ files. 

The current version of Trim Galore wrapped FastQC as an option so step1 can 

also be done within step2 by Trim Galore.   

3. Sequence read mapping and cytosine methylation status determination is done 

by Bismark (http://www.bioinformatics.babraham.ac.uk/projects/bismark). 

Bismark calls Bowtie/Bowtie2 for sequence alignment and a function of 

bismark_methylation_extractor produced percentage methylation based on 

the equation that % methylation (context) = 100 * methylated Cs (context) / 

(methylated Cs (context) + unmethylated Cs (context)).  

 

2.3.3 Basic terminologies in next generation sequencing (NGS): depth and 

coverage 

Sequencing depth (also known as number of reads, Nreads) describes the number of 

times that a given nucleotide in the genome has been read in an experiment. After 

sequence alignment, one nucleotide can have more than one reads and the number of 

reads helps the confidence of measurement, as shown in Table 2, position 3 nucleotide 

“A” was read 3 times, we denoted it as 3X. Our data showed the number of reads can 

reach beyond 1000X in RRBS and MC-Seq [18] technologies.    

http://www.bioinformatics.bbsrc.ac.uk/projects/fastqc/
http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
http://www.bioinformatics.babraham.ac.uk/projects/bismark
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Table 2 Illustration on the definition of read depth of sequence in next generation sequence.  

Position 1 2 3 4 5 6 7 8 9 10 

read 1 G A A T C C G A T C 

read 2  A A T C C G A T C 

read 3      C C G A T  

read 4    A T C C G A    

Depth 1 2 3 3 4 4 4 4 3 2 
 

In many cases, a given NGS technology won't encompass the entirety of a target 

genome, because certain regions are difficult to sequence and not of interest. 

Therefore, the depth of coverage in genome is an important parameter in evaluating the 

technology.  We used percentage to count the coverage using read length divided by 

size of target genome. For example, there are 28 million CpGs within the human 

genome (hg19) [89], MC-Seq [18] was designed to assay up to 3.2 million CpGs 

within the target regions, the coverage of CpG in epigenome is 11%.   
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2.3.4 CpG coverage on heterogeneous clinical samples by RRBS and 

Infinium450K  

 

 

Figure 12 The concordance and comparison study of Infinium 450K and RRBS on 

same seven GUSTO neonates.  

 

Table 3 Demographic characteristics of the seven samples 

Gender 7 males 

Median BW (g) 3352.00 

Mean BW (+/- sd) (g) 3325.72(+/- 329.33) 

Median GA (w) 39.43 

Mean GA (+/- sd) (w) 38.88 (+/- 1.20) 

Ethnic Group Chinese 
 

DNA methylation profiles were extracted from 450K machine, and passed through 

quality control. Only 1.9% of the data which failed in detection p-value < 0.05   was 

removed, leaving 129,236 Type I probes and 347,123 Type II probes for subsequent 

analysis. The number of CpGs measured by both methodologies in the seven common 

samples was compared in Table 4.  In RRBS, the count of CpGs varied by the number 

of read depth, termed as 𝑁𝑟𝑒𝑎𝑑𝑠, and the bigger the 𝑁𝑟𝑒𝑎𝑑𝑠, the less amount of CpGs 
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could be extracted. The mean value of CpG count at any read density (Nreads > 0) in 

the seven samples by RRBS was 6,052,399 (standard deviation, 𝑆𝐷 = 496,344) and 

the average number of CpGs shared by both 450K and RRBS was 104,335 (𝑆𝐷 =

8,602).  When the criterion of Nreads ≥ 4 was applied to the RRBS, the average 

number of CpGs covered was reduced to 2,808,469 (𝑆𝐷 = 167,495) and the average 

number of CpGs overlapped by both was 64,951 (𝑆𝐷 = 3,911).    

Table 4 Number of CpGs extracted by RRBS and shared with Infinium 450K across the seven 

samples. 

 

Sample Number of 

CpGs 

extracted 

by RRBS 

Number of 

CpGs 

overlapped 

with 

Infinium 

450K 

Number of 

CpGs 

covered by 

RRBS  

filtered by 

Nreads≥4 

Number of 

CpGs 

overlapped 

with Infinium 

450K filtered 

by Nreads≥4 

Pearson 

R 

(RRBS 

Nreads≥

4) 

Spear

man R  

(RRBS 

Nreads

≥4) 

1 6,715,332 113,571 2,846,600 65,702 0.96 0.82 

2 6,658,349 114,336 3,027,004 69,041 0.96 0.83 

3 6,250,352 109,113 2,990,478 68,749 0.96 0.84 

4 5,838,715 101,765 2,628,619 60,641 0.95 0.83 

5 5,462,059 93,562 2,607,467 61,366 0.96 0.82 

6 5,817,127 93,693 2,703,504 60,815 0.96 0.81 

7 5,624,859 104,305 2,855,611 68,346 0.94 0.82 

Average 6,052,399 104,335 2,808,469 64,951   

Stdev 496,344 8,602 167,495 3,911   

Total 42,366,793 73,0345 19,659,283 454,660 0.96 0.83 
 

 

2.3.5 The RRBS read density cut-off was set at 4 or more reads 

RRBS data had a range of read densities from 1-45,972 (Figure 13A). Analysis of the 

correlation between the raw Infinium 450K values and RRBS measured methylation 

values at the different read cut-offs suggested concordance climbs quickly between 1-4 

reads  (Figure 13B).  In Figure 13B, the number of CpGs extracted from RRBS were 

indicated in red stars, which were quickly decreased with the increasing number of 

reads, as the same as Figure 13A. The correlation between Infinium 450K and RRBS 

were estimated using Pearson R (black squares in Figure 13B) and Spearman ranked R 

(black circles in Figure 13B). The cut-off of  𝑁𝑟𝑒𝑎𝑑𝑠 = 4 seemed acceptable as 

when 𝑐, Pearson’s 𝑅 = 0.96 and Spearman 𝑅 = 0.83 whilst retaining a dataset of 

454,660 CpGs for downstream analysis (the dataset is the aggregate of CpGs measured 

by both Infinium and RRBS across all seven samples).  The four or more reads cut-off 
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is at the lower end of the range used by other researchers, for instance Bock et al [177] 

used five or more reads, and Meissner et al (2005) [19] used ten or more reads. 

A 

 
B 

 
Figure 13 Optimal selection of number of reads quality cut-off in RRBS data. (A) 

Frequency distribution of number of reads in RRBS data. X-axis is truncated at 200 

reads but maximum in data are 45,972.  (B) Correction between Infinium 450K and 

RRBS values, estimated using Pearson R (black squares) and Spearman R (black 

circles). Numbers of CpGs remaining after read cut-off in RRBS are indicated in red 

stars. 

 

2.3.6 DMA methylation by Infinium 450K and RRBS had a bimodal frequency 

distribution 

Both the Infinium 450K and RRBS datasets for the 454,660 shared CpGs had a 

bimodal frequency distribution, approaching a beta distribution, as shown in Figure 14.  
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The RRBS distribution was irregular and “spiky” due to tied values produced by the 

reduced resolution of continuous methylation values at low read depth.  In the RRBS 

frequency distribution the peaks were located at 0-0.25% and 99.75-100%.  In the 

Infinium 450K type I assay data the peaks were at 1.75-2.25% and 97.25-97.75%.  The 

450K data shows a shorter range for the type II assays with peaks at 5.25-5.75% and 

85.75-86.25%. This phenomenon has previously been observed [81, 178].  

A 

 

B 

 

Figure 14 Histogram of percentage methylation value frequency in (A) RRBS data (B) Infinium 

450K data for the 454,660 CpGs covered by both technologies. Data was plotted into 201 bins 

stepped by 0.5 between 0% and 100%.  For Infinium 450K, type I assay data was indicated in 

read and type II in blue. 

2.3.7 An approximately linear relationship was observed between Infinium 

450K and RRBS data, which was stable across samples 

The raw beta values were compared to the RRBS data with 𝑁𝑟𝑒𝑎𝑑𝑠 ≥ 4. An 

approximately linear relationship was observed and the slope of the fitted line was 0.83 

(Figure 15A). It showed a scatter plot of percentage methylation values from RRBS (x-

axis) and Infinium 450K (y-axis) over a density cloud. Density cloud is generated by 

the smoothed two-dimensional histogram using 50 equally spaced bins in both 

directions. A random selections of 2000 data from type I probes is plotted as red dots 

and another random selection of 2000 data from type II probes is plotted as blue dots. 

As an alternative method to quantify agreement between the methylome measures, 

Bland-Altman plots [179] were produced in Figure 15B.  Bland-Altman plot displays 

for the average measurement from both 450K and RRBs on the x-axis, the y-axis show 

the average differences between the two. Data from type I assay is shown in red, type 

II is shown in blue. It revealed a greater discordance at intermediate methylation levels 

i.e.20-80%, an observation also made by Roessler et al. [178]. Also noticeable in the 
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plots is an upward trend in the type II assay values suggestive divergence of zero for 

the two platforms at high methylation values. 

Pearson’s and Spearman correlation statistics were used to study the concordance of 

both technologies, however neither of them are appropriate for bimodal data and 

results could be misleading. Pearson’s correlation assumes a joint normal distribution 

[180],  an assumption that is obviously violated by non-linear methylation data and so 

probably overestimates the correlation.  Spearman correlation is sensitive to tied values 

in the data [181], which is a feature of the “spiky” distribution of RRBS data and so 

probably underestimates the correlation.  Also, both methods explicitly assume a linear 

relationship between the two variables. Thus,  maximal Information Coefficient (MIC) 

[56] was used to account for the non-linear dependency between 450K and RRBS data. 

The MIC (strength) value lies between 0 to 1. A perfect deterministic relation has a 

MIC value of 1, while totally independent relation has a value of 0 and noisy relations 

lie somewhere in between. The strength of the interdependency between RRBS 

(𝑁𝑟𝑒𝑎𝑑𝑠 ≥ 4) and 450K data is 0.81. MIC methodology does not assume a joint 

normal distribution or rank the data points, however the power and robustness under 

different of the method is under debate [182].  
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A 

 
B 

 
 

Figure 15 The concordance of raw Infinium 450K data vs. RRBS data. (A) A scatter 

plot of percentage methylation values from RRBS (x-axis) and Infinium 450K (y-axis) 

over a density cloud. (B) Bland-Altman plot for raw Infinium data compared with 

RRBS data using Nreads>=4. 
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2.4 Comparison study between processed Infinium 450K and 

RRBS   

2.4.1 The concordance of Infinium 450K with RRBS are improved by step-wide 

processing 

To provide a quantitative measure of agreement between the two technologies, the 

number of CpGs with values from 450K and RRBS that fall within 20%, 10% and 5% 

of each other were counted at each stage of the 450K processing.  A stepwise 

improvement in agreement was achieved  at all levels in Table 5, with the most 

dramatic improvement resulting from the type II assay adjustment to the range of type I 

range.     

Table 5 Number of CpGs showing agreement within 5%, 10% and 20% ranges, between 

Infinium 450K and RRBS (𝑁𝑟𝑒𝑎𝑑𝑠 ≥ 4) data, at different levels of Infinium processing.  
Difference 

Range 

(n=454,660
) 

within 20% within 10% within 5% Spearman'

s Rank R 

Pearson'

s R2 

Slop

e 

Probe Type I II I II I II       

Raw Data            
196,93

7  

           
217,72

1  

           
172,00

3  

           
161,52

0  

           
132,26

7  

             
75,144  

0.83 0.92 0.83 

93% 90% 81% 67% 62% 31% p<0.001 p<0.001  

After color 
adjust-ment 

           
197,08

9  

           
221,88

7  

           
173,87

2  

            
165,15

8  

           
139,88

8  

             
73,510  

0.83 0.92 0.87 

93% 92% 82% 68% 66% 30% p<0.001 p<0.001  

After color 

and Type II 
adjust-ment 

          

197,08
9  

           

225,82
8  

           

173,87
2  

            

192,00
4 

           

139,88
8 

           

144,07
0  

0.83 0.93 0.92 

93% 93% 82% 79% 68% 60% p<0.001 p<0.001  

After color, 

Type II and 
QN 

           

197,44
4 

           

226,38
6  

           

175,21
1  

            

195,11
4 

           

143,02
2 

           

149,21
6  

0.83 0.93 0.93 

93% 94% 82% 81% 67% 62% p<0.001 p<0.001  
 

Next, to determine if the individual data processing steps were additive in their effects, 

we applied each independently to the raw data.  Type II adjustment alone increases the 

number of type II assays within 5% of the RRBS data (𝑁𝑟𝑒𝑎𝑑𝑠 ≥ 4) from 75,144 

(31%) to 144,968 (60%).  This is by far the greatest improvement in concordance 

resulting from a single processing step.  Type I assays are not affected by type II 

adjustment.  The processing step which most improves the agreement of the type I 

assays within 5% of the RRBS data (𝑁𝑟𝑒𝑎𝑑𝑠 ≥ 4) is color adjustment (139,888 (66%) 

compared to 132,267 (62%) in the raw data).   
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A 

 

B 

 

Figure 16 Processed Infinium 450K data vs. RRBS data (A) A scatter plot of 

percentage methylation values from RRBS (x-axis) and Infinium 450K (y-axis) over a 

density cloud.  (B) Bland-Altman plot for processed Infinium 450K data compared 

with RRBS (Nreads >=4).  

 

2.4.2 Compare the proposed Infinium 450K processing with SWAN 

Very recently an alternative solution for typeI/typeII assay distribution adjustment 

called SWAN (subset-quartile within array normalization) was published [183]. It is an 

interesting point of difference that whist Dedeurwaerder et al assumed the type I 

distribution is “correct” and fit the type II value distribution to that of  type I, 

Maksimovic et al adjusted both type I and type II values in SWAN. For this dataset, the 

SWAN processed data agreed less with RRBS than data processed with the full 

processing pipeline described in Table 6. From the pseudo codes of both peak-based 
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correction (PSB) and subset-quartile within array normalization (SWAN) in Table 6, 

PSB results are “type-I-like” distribution while SWAN returns a more “type-II-like” 

distribution. The comparison results on both methods in the sample DNA methylation 

profiles in this study demonstrated that the PSB method is more appropriate than 

SWAN with the consistent higher levels of agreements in different range of 

differences, as in Table 7. The possible reason might be because the type I assays are 

quite accurate, whilst the more numerous type II assays are less so. As Infinium II 

assays outnumber Infinium I, for example, the portion of Infinium II assays and 

Infinium I is 73% vs. 27% in the processed probes in this study, type II adjustment 

results in the greatest part in concordance.  

Table 6 The pseudo codes of peak-based correction (PBC) and SWAN 

 

PBC 

 Calculate M values and densities 

of methylated and unmethylated 

signals 

 Correct the density distribution 

of  type II towards that of type I 

 

 

SWAN 

 Order the signal into three 

quartiles: unmethylated, hemi-

methylated and methylated.  

 Replace the signal with the mean 

values of a subset in each 

quartile. 

 Normalize the type I values 

towards type II.  

 

Table 7 Number of CpG percentage methylation values showing agreement  within 

5%, 10% and 20%, between SWAN processed Infinium 450K and RRBS data 

(Nreads>=4), at different percentage methylation value ranges. 

Difference 

Range 

(n=454,660, 

Nreads ≥4) 

within 20% within 10% within 5% Spearm

an's 

Rank R 

Pears

on's 

R
2
 

Slope 

Probe Type I II I II I  II       

Raw Data 93% 90% 81% 67% 62% 31% 0.83 0.92 0.83 

After SWAN 93% 93% 81% 73% 60% 38% 0.83 0.93 0.87 

After the 

proposed 

method 

93% 94% 82% 81% 67% 62% 0.83 0.94 0.95 
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2.4.3 Removal of batch effects contributes to improved concordance of 

processed Infinium 450K data and RRBS 

The proposed pipeline of the Infinium 450K data processing resulted in greater 

agreement with RRBS data, as shown in Table 5.   In order to evaluate batch effects 

before and after data processing, 72 umbilical cord samples were run across six arrays. 

This sample set includes the seven samples also studied by RRBS and described above.  

The number of CpGs with differential methylation values (at p-value ≤ 0.05) between 

the array batches was calculated by ANOVA.  In the unprocessed data 163,438 (38%) 

CpGs were differentially methylated between the arrays.  After processing, this number 

was reduced to 58,532 (14%).  After FDR correction at p-value≤ 0.2, the number was 

233.650 (55%) before processing and 123,611 (29%) after processing (Figure 17).  

Therefore, although an array-batch effect was still present and may necessitate batch-

effect-removal methodologies such as “COMBAT” [184, 185], it was much reduced by 

data processing.  To determine if processing had reduced variation in all directions (not 

just batch), the ANOVA test was also applied to gender and gestational age, where 

there were phenotypes expected to associate with differential methylation ([186, 187] 

and [188, 189]  respectively).  For gender, methylation levels at 29,642 (7%) of the 

CpGs were associated in the raw data and 48,436 (11%) were associated in the 

processed data. After FDR correction (p-value ≤ 0.2) 41,108 (10%) assays were 

differential before processing and 73,595 (17%) were differential after processing. For 

gestational age 3,842 (0.9%) CpGs had methylation levels differential for gestational 

age (<37 weeks or >=37 weeks) in the raw data, compared to 8,454 (2%) probes in the 

processed data.  After FDR correction at p-value ≤ 0.2, 104 (0.02%) were differential 

before processing and 179 (0.04%) were differential after processing. Therefore, one of 

the factors improving the concordance between the 450K processed data and RRBS 

data, seems to be the reduction of the batch effects in 450K data.  The resulting 

decrease in batch-related variation appears to have the advantage of increasing power 

to detect differential methylation associating with biological phenotypes.  Further study 

is warranted on the robustness and biological implications of methylome variation in 

umbilical cord tissues with these and other phenotypes. 
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Figure 17 Percentage of assays with methylation values significantly associated with 

array on which sample was run, gestational age, or gender before (blue bars) and after 

(red bars) data processing in the set of 72 samples. 

 

2.5 Discussion 

After Infinium 450K was introduced in early 2011[81] , studies on this relatively new 

technology included two major efforts,  the comparison between 450K with other 

technologies or platforms on signal detection and coverage, and the bioinformatics 

tools attempting to deal with the unique two different array designs in Infinium 450K. 

The work reported in this thesis was the pioneer work among peers. The concordance 

study between Infinium 450K and RRBS in clinical samples was new and the idea of 

combination both color adjustment and two type design correction was novel. After 

that, the computational challenges in Infinium 450K array attracted a lot of studies with 

more comprehensive computing packages. A review paper [190] addressed both 

disadvantages and advantages for existing packages and we also provided the below 

comparison table, shown in Table 8.  

Table 8 Comparison of Infinium 450K data processing methods/pipelines. 
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Package SQN[

99] 

Lumi 

[191] 

BMIQ[

192] 

minfi  

[193] 

ChAMP[

194] 

pipeline 

proposed in this 

thesis [1] 

Raw data 

processing 

N Y N Y Y Y 

Background / 

quality control 

Y Y NA Y Y Y 

Color bias 

adjustment 

Y Y N N N Y 

Type I and II 

bias correction 

Y N Y Y Y Y 

Across sample 

normalization 

Y Y N Y Y Y 

N: No.  

NA: Not applicable.  

Y: Yes. 

After careful designed evaluation in [195], neither our pipeline or any of the 

alternatives performed consistently better across different studies.  Efforts seem 

continued with advanced versions of packages such as “mini R package”  [193] and 

integrated analysis pipelines , for example “ChAMP R package” [194]. However, 

improvement in data preprocessing of 450K array has to be validated across different 

measurement platforms for same clinical samples. For this perspective, our study 

excelled among all the others and has been well cited by about twenty research 

publications in prestigious journals [4, 90, 125, 196-209].  

The knowledge about DNA methylation was extended that it is tissue-specific and the 

effects of heterogeneity of cells in the samples bias the methylation profiles [103]. The 

extent to small perturbations in cell mixture proportions can register changes in DNA 

methylation remains, however, largely unknown.  Recently there has been increasing 

interest in statistical methods to exploit the association in cell mixture proportions and 

DNA methylation variants, in the context of epigenome-wide association studies [102, 

104]. However the work may be laborious and expensive as again there is no reference 

datasets, especially for some tissues such as umbilical cords which the relevant 

underlying cell types may not be known.  

Other challenges include the statistical power in EWAS studies and in-depth biological 

experiments and replications in much larger data cohorts [159].   The arguments about 

large sample sizes (for example about 450,000 probes) to detect small effects [210] are 

compelling for EWAS, and the relevant parameters are even more difficult to predict 

because DNA methylation based studies are associated with complex environment 

cofounders. Replication could be potentially more demanding for EWAS because of 
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the unknown tissue mixture and variable confounding in determining methylation 

changes, however limited availability of tissue samples and study subjects make the 

replication harder to achieve. A successful study of HIF3A methylation associating 

with body mass index for western adults [29] firstly demonstrated significant results in 

479 samples of a discovery cohort, and then replicated the results in a primary cohort 

of 339 and the second cohort of 1789 samples.  

In conclusion, this study was the first endeavor to show methylome has very good 

reproducibility between the 450K and RRBS platforms in seven heterogeneous clinical 

samples. The pipeline combined two major steps, and implemented methodologies 

proposed by others [15, 81, 191]. It is shown that linearity of 450K data against 

independent techniques can be vastly improved.  After Infinium450K was well studied 

and data processing was well established, we extended the exploration on a new next 

generation sequencing technology, Methyl Capture Seq (MC-Seq), in the next chapter. 
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3 Comparing Methyl Capture Seq technology with 

Infinium450K for methylome analysis in clinical 

samples  

3.1 Introduction  

Methods available to interrogate DNA methylation in clinical samples at single base 

resolution can be broadly classified into two categories, microarray based and next 

generation sequencing (NGS) based. These two categories are elaborated in Table 8.  

Infinium 450K has thus far been the most widely used method in epigenome wide 

association studies (EWAS) due to its low cost, modest DNA requirement and 

significantly reduced sample processing time, making high-throughput processing of 

large numbers of clinical samples possible [159, 189]. However, microarray based 

platforms are limited by the number of probes designed in genomic regions.  

Of the different NGS based technologies, whole genome bisulfite sequencing (WGBS) 

[211-213] is regarded as the gold standard because it provides the highest genomic 

coverage; however, its substantial cost and processing time renders it unfeasible in 

EWAS when large numbers of samples have to be assayed. To reduce the cost and 

processing time, the other two alternative to WGBS are reduced-representation 

bisulfite sequencing (RRBS) [214, 215] and methylated DNA immunoprecipitation 

sequencing (MeDIP-Seq) [216-218]. RRBS platforms use cytosine-methylation-

specific restriction enzyme digestion, while MeDIP-Seq utilizes antibodies to extract 

methylated-cytosine-containing DNA fragments after DNA fragmentation. Compared 

to RRBS platforms, MeDIP-Seq allows broader coverage of the genome but fails to 

provide methylation measures at base-pair resolution. Both platforms, however, 

introduce bias towards CpG-rich repeats [85, 177]. Moreover, both technologies are 

limited in regions surveyed due to the available restriction digestion enzymes or 

antibodies. Another affinity-enrichment platform, Methyl Capture Seq (MC-Seq) 

utilizes target-specific bait sequences, circumventing this restriction through bait 

design and allows for epigenome-wide interrogation of specific genomic loci of 

physiological and clinical interest. Hence, MC-Seq is an attractive cost-effective NGS 

alternative which helps to overcome the limitations of low genome coverage (Infinium 

450K), high cost and processing time (WGBS), while avoiding overrepresentation of 

repeated (RRBS) and methylated regions (MeDIP-Seq) [2]. The MC-Seq platform that 
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we studied was from SureSelect Human Methyl-Seq panel (Agilent Technologies) in 

this chapter. 

Table 9 Platforms for DNA methylation profiling 

Technology Features (Pros) Features (Cons) 

Microarray 

based 

Infinium® 

HumanMethylation450 

BeadChip (Infinium450K), 

using bisulfite conversion 

and hybridization.  

Affordable, 

repeatable, stable, 

feasible for large 

samples, the most 

popular 

technology in 

EWAS.  

Low CpG coverage 

Next 

generation 

sequencing 

based 

Whole genome bisulfite 

sequencing (WGBS) 

Best coverage, 

gold standard 

Extremely costly and 

time consuming, not 

practical for large 

samples 

Methylation Dependent 

ImmunoPrecipitation 

Sequencing (MeDIP-Seq) 

Can interrogate 

CpGs in repetitive 

elements  

Dependent on quality 

and cross-reactivity of 

antibodies. Not base-pair 

resolution  

Reduced representation 

bisulfite sequencing 

(RRBS) 

The design of 

CG-rich parts can 

reduce the amount 

of sequencing 

required  

Dependent on enzyme 

digestion. 

MethylCapture-Seq (MC-

Seq) from Agilent 

Technologies (Sureselect 

Methyl-Seq) and Roche 

NimbleGene (SeqCap) 

Reduced cost, 

allowed more 

samples, more 

CpGs 

With designed targets, 

not full coverage in 

genome wide  

The performance of MC-Seq has been examined in a few studies [219] [18] [220], 

however, there are a few major issues that need to be addressed when MC-Seq 

approach is considered for studies that involve association study of DNA methylation 

and phenotype.  First, no study has yet examined the performance of MC-Seq in 

investigating inter-individual variation from routinely used clinical samples such as 

buccal swabs. Second, the minimum amount of DNA required for MC-Seq has not 

been clearly stated. Finally, there is, as yet, no direct comparison between MC-Seq 

with Infinium 450K.  

The concordance study and comparison analysis between processed 450K and RRBS 

ensured our understanding of 450K, in the previous chapter. In this chapter, we 

compared MC-Seq and 450K using seven buccal epithelium samples. We firstly 

evaluated the technical performance of MC-Seq in human buccal DNA samples. 

Secondly, we provided a comprehensive comparison of 450K and MC-Seq, across key 

functional genomic regions in the context of their coverage and concordance of 
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methylation calls in clinical samples. Lastly, as a proof-of-principle, in a small-sized 

sample set, we examined the utility of MC-Seq in studying inter-individual variation 

and demonstrated that methylation values from MC-Seq can distinguish subjects from 

different ethnic groups [2].   

3.2 Material and methods 

3.2.1 Objectives and study design  

 

Figure 18 Study design and samples for comparison of MC-Seq and Infinium450K. 

Seven buccal epithelium tissues were collected with informed consent from seven 

volunteers comprising of three different ethnicities as shown in Figure 18. There were 

two Indian (F1_Ind and F2_Ind), one Caucasian (F3_Cau) and four Chinese subjects 

(F4_Chi, F5_Chi, F6_Chi and M7_Chi).  Among them, six were female (indicated by 

F in the prefix) and one was male (M7_Chi).  DNA methylation was profiled using 

Infinium 450K and MC-Seq from seven same buccal epithelial DNA samples. 750 ng 

and 3μg of DNA was used for DNA profiling using Infinium 450k and MC-Seq 

respectively.  We have included four randomly selected samples (F1_Ind, F3_Cau, 

F4_Chi and M7_Chi) as replicates. Besides, DNA profiling were repeated for two 

samples (F4_Chi and M7_Chi) using as little as 1 μg DNA samples.   

The first comparison, as “comparison1” shown in Figure 18 was designed for 

evaluating the technical performance of MC-Seq in human buccal samples by 

comparing samples and their replicates. The second comparison was designed to 
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examine DNA methylation between 450K and MC-Seq, based on the same seven 

buccal samples, shown as “comparison2” in Figure 18. We have also evaluated the 

performance of different amount of DNA (3μg vs. 1μg) for two other samples, shown 

as “comparison3” in Figure 18.   

3.2.2 Processing of MC-Seq data and Infinium450K data 

The details of processing of MC-Seq data was shown in Table 10. The latest version of  

Trim Galore! (http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/) 

(v0.4.2) wrapped with FastQC function was used to access the basic statistics and 

quality of the data, and then trim/remove reads with phred score < 30 and/or read 

length < 70 bases. Quality-trimmed paired-end reads were aligned to the reference 

human genome (hg19) using Bismark (v0.13.0) [221] and bowtie2 (v2.2.4) [222] using 

default parameters. Duplicated reads were removed using Bismark deduplication tool. 

Methylation values were called using Bismark methylation extractor. Only methylation 

sites that were on the negative strand were retained. Sites that were on-target were 

determined using the bedtools intersect (v2.24.0) command.  

Infinium 450K data analysis was carried out using the proposed pipeline [1], as 

described in Chapter 2.  Methylation beta values were adjusted such that the range of 

Type II probes is similar to the range of Type 1 probes for downstream comparison 

[81].  

 

http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
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Table 10 DNA methylation processing for MC-seq sequences  

Process flowchart Software and parameter Source 

 trim_galore --quality 30 

--phred33 --fastqc --

length 70 --adapter N --

fastqc --e 0 --stringency 

2 

Trim Galore!:  
http://www.bioin

formatics.babrah

am.ac.uk/project

s/trim_galore/ 

bismark --bowtie2 --

phred33-quals --

path_to_bowtie 

bowtie2-2.2.4 --old_flag 

Bowtie2: 
http://bowtie-

bio.sourceforge.

net/bowtie2 

deduplicate_bismark -p Bismark v0.13.0:  
http://www.bioin

formatics.babrah

am.ac.uk/project

s/bismark 

bismark_methylation_ex

tractor -p --no_overlap -

-cytosine_report --

remove_spaces –

bedGraph 

 

 

 

 

 

3.2.3 Annotation of CpG sites and comparison of genomic function and CpG 

content for MC-Seq and Infinium450K 

To annotate CpG sites assayed by MC-Seq (SureSelect Human Methyl-Seq panel), the 

full list of 28 million CpGs within the human genome (hg19) was downloaded from 

Saffery et. al. [89].  From this list of 28 million CpGs, we determined CpGs that were 

(1) within the bait design target regions and (2) within 200 bases of bait design target 

regions. These CpGs, which represent the maximum possible CpGs that can be 

captured by MC-Seq, were then annotated in terms of their genomic features 

Trim Galore 

Raw Sequences (*fastq files) 
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(promoter, 5’-UTR, exon, intron, 3’-UTR, TTS and intergenic as shown in Figure 4, 

Chapter 1) and CpG content (island, shores, shelves, open seas, Figure 4, Chapter 1).   

Based on the CpG content definition illustrated in in Figure 4, Chapter 1, genomic 

coordinates (hg 19) of CpG islands were downloaded from UCSC genome browser. 

CpG shores, shelves and open seas were generated and the annotation was generated 

following the steps shown in Figure 19.  

 

Figure 19 Annotation of CpG content. 

CpG genomic features (promoter, 5’-UTR, exon, intron, 3’-UTR, TTS and intergenic) 

were annotated using Homer annotatePeaks function (hg19) [223].  

We also determined the number of CpG sites located near SNPs for both platforms. 

The dbsnp142Common table was downloaded from UCSC genome browser and we 

further restricted the analysis to SNPs with “rs” numbers, of high quality (weight =1) 

and that were reported by the 1000 genomes project to have a minor allele frequency of 

at least 1%. We then determined the number of CpGs that had SNPs within 1 bp or 10 

bp of the CpG site using bedtools intersect command. 

3.2.4 Evaluation of technical variation and performance using lower quantities 

of DNA for MC-Seq 

To examine technical performance of MC-Seq on 3μg of genomic DNA 

(“comparison1” in Figure 18), and to compare the performance of MC-Seq using 3μg 

and 1μg of genomic DNA (“comparison3” in Figure 18),  we first assessed 

reproducibility of the data with Pearson correlation and scatterplots, using methylation 
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sites covered with at least 10X reads coverage. Second, we calculated absolute 

differences in methylation values between two comparable variables as a function of 

reads coverage. Third, hierarchical clustering analysis was used by methylation sites 

covered with at least 10X reads coverage.  

The comparative analysis of MC-Seq and Infinium450K (“comparison3” in Figure 18) 

were conducted by two metrics, (i) methylation values and (ii) genome coverage. 

Firstly, we compared methylation values from Infinium450K and MC-Seq at the same 

CpG sites over different MC-Seq reads coverage, using Pearson correlation, 

scatterplots and distribution plots of the methylation values. Secondly, we compared 

the coverage of the human epigenome by both platforms in terms of the 

proportions/numbers of regions covered and the density of coverage.  

Lastly, to illustrate the utility of both methods for distinguishing inter-individual 

variation, unsupervised hierarchical clustering analysis was performed, using most 

variably methylated CpGs  (interquartile range > 20%).  For Infinium450K, 

methylation sites from sex chromosomes and probes known to be cross-hybridizing 

[224, 225] were excluded in the hierarchical clustering analysis. For MC-Seq, only 

probes from autosomal chromosomes and those with a minimum read coverage of 30X 

were used. Clustering was performed using Euclidean distance and “ward.D” method 

in R.   

3.3 Results 

3.3.1 Overview of MC-Seq analysis of human buccal epithelial samples 

There are 28 million CpGs in the human epigenome (hg19). MC-Seq was designed to 

assay up to 3.2 million CpGs within the target regions (11% of all CpGs in 

epigenome). By contrast Infinium450K arrays assay only 1.7% of the CpGs present in 

the human epigenome. MC-Seq platform includes 395,817 (82%) of the 482,421 CpGs 

on Infinium450K, as described in Figure 20. 
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Figure 20 Overview of MC-Seq and Infinium450K in terms of number of CpG probes.  

MC-Seq was designed to capture 3.2 million CpGs within its baits target region, of 

which, 25%, 3%, 15%, 34%, 2%, 2% and 19% of the CpGs belonged to promoter, 5’-

UTR, exon, intron, 3’-UTR, TTS and intergenic regions (Figure 21A), while 51%, 

19%, 5% and 25% belonged to CpG islands, shores, shelves and open seas, 

respectively (Figure 21B).With 200 bases flanking both sides of the target regions, 

MC-Seq would capture 4.8 million CpGs, with similar CpG content distribution and 

similar genomic features distribution. In our buccal epithelium samples, we detected an 

average of 2.6 million CpGs with at least 10X coverage, the majority of which (89%) 

were within the target region. The observed distribution (from sample F1_Ind) of CpGs 

within genomic features was similar to the expected. 

 

CpGs with genomic features 

 

CpG content 

 

Figure 21 Overview of MC-Seq from genomic features (A) and CpG content (B) for its 

target region, 200bp flanking to target region and observed samples.  
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The DNA methylome of seven buccal epithelium samples were generated using MC-

Seq with a capture-then-bisulfite-convert approach with 3μg of genomic DNA. 

Mapping efficiency, sequence duplication rates and sequence bait specificities are 

summarized in Table 11. On an average 38 million pair-end reads were generated per 

sample, of which 34 million aligned uniquely to the bisulfite-converted human 

reference genome (hg19/GRCH37). 28 million aligned reads remained after removal of 

duplicated reads; 93% and 97% of the reads were found within the target region or 

within 200 bases of the target region, respectively. Bait capture efficiency was high as 

reads within 200 bases of targeted regions were observed to be >25-fold more 

abundant than the genomic background.  

Table 11 Summary of sequence alignment and duplicate rates for 7 buccal epithelium 

samples from MC-Seq. 

Item Average 

Raw sequence reads 44,103,266  

Sequence pairs analysed in total ≈ 𝟑𝟖, 𝟎𝟎𝟎, 𝟎𝟎𝟎 

Number of paired-end alignments with a 

unique best hit 
≈ 𝟑𝟒, 𝟎𝟎𝟎, 𝟎𝟎𝟎 

Mapping efficiency (%) 91.7 

Duplicate (%) 11.87 

Sequence pairs after removing duplicate ≈ 𝟐𝟖, 𝟎𝟎𝟎, 𝟎𝟎𝟎 

Reads in targeted region (%) 93.09 

Reads in targeted regions 200 bp (%) 96.52 

 

3.3.2 Reproducibility of MC-Seq 

To investigate the technical variation of MC-Seq in buccal samples, four of the seven 

samples were investigated in duplicate based the same quantities of 3μg DNA. 

Mapping efficiency, sequence duplication rates and sequence bait specificities for the 

four replicate samples of F1_Ind, F3_Cau, F4_Chi and M7_Chi. Sample-based Pearson 

correlation between replicates was high (R = 0.9812 on sample F1_Ind and its 

replicate, Figure 22A). Replicates clustered together in hierarchical clustering (Figure 

22B).  
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3.3.3 Performance of MC-Seq at 3 μg and 1 μg was similar 

To investigate the performance of MC-Seq in buccal samples using lower quantity of 

genomic DNA, two (F5_Chi and M7_Chi) of the seven samples were repeated with 

MC-Seq using 1μg of genomic DNA. Mapping efficiency, sequence duplication rates 

and sequence bait specificities for the two samples performed using 1μg of genomic 

DNA are summarized in Table 11 and are similar to those performed using 3μg of 

genomic DNA (Figure 23). 

(A) 

 

(B)

 

Figure 22 MC-Seq technical comparison between seven samples and four replicates of 

same quantities of genomic DNA. (A) methylation comparison (B) clustering analysis. 

  

(A)

 

(B)

 

Figure 23 MC-Seq technical comparison between samples and replicates of different 

quantities of genomic DNA (3μg and 1μg).  (A) methylation comparison (B) clustering 

analysis. 

The comparison of MC-Seq at 1μg and 3μg (Figure 23) mirrors the comparison 

between technical replicates at 3μg (Figure 22), with similar error rates. Correlation of 

methylation values derived using 1μg and 3μg of genomic DNA was high (R=0.9842 

with minimum of 10X reads coverage, Figure 23A). Furthermore, hierarchical 
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clustering analysis performed on the four samples (F5_Chi at 1μg and 3μg and M7_Chi 

at 1μg and 3μg) showed that the corresponding 1μg and 3μg samples clustered together 

(Figure 23B). 

3.3.4 Methylation values from MC-Seq and Infinium450K were highly 

correlated and both gave a bimodal distribution.  

To compare MC-Seq and Infinium450K, we accessed the data distribution and 

calculated the sample-based correlation between the methylation values.   Figure 24 A 

shows that the number of CpGs detected decreased significantly (Number of CpGs = 

2.6, 1.3 and 0.6 million at 10X, 30X and 50X, respectively) with increasing coverage 

of reads in MC-Seq, while the sample-based correlation between methylation values 

from MC-Seq and Infinium450K was high and increased slightly with increasing 

coverage (R=0.9776, 0.9819 and 0.9840 at 10X, 30X and 50X, respectively, as in 

Figure 24 B and C. The distribution of methylation values from both platforms 

followed a bimodal distribution ( Figure 24 D ).  

 

(A) Number of CpGs vs. coverage 

 

(B) Correlation vs. coverage 

 

(C )MC-Seq vs. Infinium450K 

 

(D) Distribution 
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Figure 24 Methylation values from MC-Seq and Infinium450K were highly correlated 

and both gave a bimodal distribution. (A) Observed number of CpGs (vertical axis) 

from MC-Seq for one sample at different MC-Seq reads coverage (horizontal axis). (B) 

Pearson correlation (vertical axis) between methylation values from MC-Seq and 

Infinium450K at the same CpG sites, at different MC-Seq reads coverage (horizontal 

axis) for one sample. (C) Scatterplot of methylation values from MC-Seq (≥10X, 

vertical axis) and Infinium450K (horizontal axis) at the same CpG sites for one sample. 

(D) Distribution of methylation values for all CpGs from MC-Seq (≥10X, solid line) 

and Infinium450K (dotted line) for one sample.  

 

3.3.5 Methylation values from both MC-Seq and Infinium450K distinguish 

inter–individual variation. 

A key interest in EWAS is to identify methylation sites that show appreciable inter-

individual variation with the outcome/phenotype of interest. For methylation array 

data, the comparison of hierarchical and non-hierarchical clustering methods did not 

show any single method consistently outperformed others [226].  As a proof-of-

principle to demonstrate that MC-Seq can detect significant inter-individual variation 

that is related to phenotype, we clustered the seven multi-ethnic samples using 

unsupervised hierarchical clustering. Both Infinium450K and MC-Seq achieved the 

same clustering results which were based on ethnicity group (shown in Figure 25). As 

it has been previously reported that the most variable CpGs can be influenced by 

genotype [4], we performed clustering analysis using only the most variable CpGs 

(CpG sites with interquartile range > 20%). We found, for the 7880 most variable 

CpGs in MC-Seq, 4393 (56%) and 4712 (60%) were located within 1bp and 10 bp of 

SNP.  
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Figure 25 Hierarchical clustering analysis of MC-Seq values showed clinical samples 

clustered by ethnicity.  

3.3.6 MC-Seq provides denser coverage of the epigenome 

We further compared MC-Seq and Infinium450K in the context of their coverage of 

the epigenome (Table 12). Both platforms are similar in the percentage of promoter 

regions covered and provided relatively comparable coverage in CpG islands, shores 

and shelf. 
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Table 12 The coverage of genomic function and CpG content for Infiniu450K and MC-

Seq are comparable 

Genomic Function Infinium450K MC-Seq Observed sample 

from MC-Seq 

3Utr 40% 40% 38% 

5Utr 35% 45% 38% 

Coding 13% 23% 22% 

Exon 21% 29% 27% 

Promoter 85% 88% 86% 

TTS 87% 87% 86% 

Intergenic 74% 71% 70% 

Intron 29% 39% 38% 

CpG Content    

Island 93% 91% 86% 

Shore 87% 86% 84% 

Shelf 79% 60% 57% 

 

Table 13 MC-Seq covers CpG islands with a higher density.   

MC-Seq Infinium450K 

Coverage Frequency Coverage Frequency 

No 

coverage 

973 No coverage 2029 

1-24 0 1 1045 

25 to 49   4817 2 to 4 13309 

50 to 99     8021 5 to 9 8480 

>=100 14880 10 to 24  3680 

  25 to 49   132 

  50 to 99     15 

  >=100 0 

We observed, MC-Seq covered the function regions at a much higher density, i.e. MC-

Seq assays more CpGs for the same promoter region when compared to Infinium450K. 

Likewise, MC-Seq generally assays other genomic regions at much higher density.  For 

example, in Table 13, for the total 28,691 CpG islands genome-widely, MC-Seq 

captures most of them and the number of CpGs in 14,880 islands are bigger than 100. 

In contrast, most islands are only measured by 2-4 CpGs in Infinium 450K.     

3.4 Discussion 

High-throughput methylome profiling of human samples is an important and evolving 

approach to investigate the role of epigenetic alterations in health. We established that 

MC-Seq with a capture-then-bisulfite-convert approach is an attractive alternative to 
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the widely used 450K array. We demonstrated that the performance of MC-Seq at 1μg 

and 3μg were similar, making these two technologies comparable in terms of the 

amount of DNA required (450K also requires about 1μg of starting DNA). We also 

compared the two platforms in terms of their coverage of the epigenome and showed 

that MC-Seq detected a higher density of CpGs than Infinium450K in key functional 

genomic regions and provided improved coverage of the human epigenome. 

Additionally MC-Seq also allowed detection of 20.8 million methylation sites within 

the non-CpG context (CHG + CHH), which is a magnitude higher than the 450K, 

which offers only 3091 such sites. Finally, we demonstrated as proof-of-principle, in a 

small sample, that methylation values from MC-Seq could distinguish subjects from 

different ethnic groups.   

There are five practical considerations in choosing a platform (MC-Seq vs. 450K) to 

employ in an EWAS. These factors include  

1. desired genomic coverage (MC-Seq has higher density of CpGs, and hence 

higher coverage of variable sites),  

2. expected inter-group differences in methylation or sensitivity desired (450K 

has higher sensitivity for subtle variations in methylome), 

3. cost (450K has lower cost),  

4. coverage of methylation sites in non-CpG context (MC-Seq has a higher 

capacity),  

5. customized and specified methylation sites of interest can be only done 

through bait design in MC-Seq [219] [220] . 

Another practical consideration in employing MC-Seq is the amount of sequencing 

required and minimum sequencing depth to filter methylation sites for analysis. This 

decision should be guided by statistical power calculations and would depend on (i) 

technical variation of MC-Seq, (ii) expected inter-group differences and (iii) study 

sample size. For detecting large inter-group differences, the required amount of 

sequencing and sequencing depth would be less than that for detecting small inter-

group differences. Nevertheless, we find that at 10X reads coverage, 84% of the 

detected CpGs had technical variation within 10%. When read coverage was increased 

to 30X, 91% of the detected CpGs had technical variation within 10%. At 50X, the 

number was 94%. It was a clear fact that further increases in reads coverage did not 

decrease technical variation significantly.  
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This study has several strengths. First, we conducted an extensive analysis of MC-Seq 

in buccal samples, a non-invasive clinical sample ubiquitously collected across cohorts 

and popular among those studying a paediatric population. Previous investigations of 

MC-Seq were in mouse [18, 219], maize [18], cell lines [18] and adipose tissue [18, 

220].  Second, we demonstrated that MC-Seq could be used effectively with a capture-

then-bisulfite-convert approach using only 1 μg of DNA. Other studies have used a 

capture-then-bisulfite-convert approach with 3 μg of DNA [18, 219, 220] which has a 

number of limitations. Third, it is the first study investigating the utility of MC-Seq in 

studying inter-individual variation from buccal samples from different ethnic groups. 

The only other study investigating inter-individual variation with MC-Seq was done on 

adipose tissue [220].  Last, we provided a comprehensive evaluation between MC-Seq 

and Infinium450K comparing the strengths and weaknesses of each platform for future 

EWAS. We demonstrated that MC-Seq with a capture-then-bisulfite-convert approach 

could be employed with 1 μg of DNA. Li et al [18] showed that a bisulfite-convert-

then-capture assay could be used with as little as 500 ng of DNA. It will be of interest 

to investigate if MC-Seq approach can be used at lower quantities of DNA (≤500 ng) 

in future.  

In summary, we found that MC-Seq is an attractive alternative platform to 450K, for 

interrogating DNA methylation at single base resolution in large number of clinical 

samples. Both platforms can be deployed with 1μg of DNA. MC-Seq provides denser 

coverage of the epigenome but the use of MC-Seq in EWAS with small effect sizes 

will only be feasible if the inter-group differences exceed the technical variation. 

In the next chapters, a series of tools bundled in a package called GEM was developed 

based on comprehensive statistical models and data analysis, for the purpose to 

understand DNA methylome and their association with genotype, environmental 

factors and the interaction of genotype and environmental factors.  GEM has been 

successfully applied in EWAS and is able to identified epigenetic biomarkers. 

3.5 Supplementary data 

Supplementary Table 1. Summary of MC-Seq sequence alignment and duplicate rates 

for four technical replicates at 3 μg  
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  F1_Ind F3_Cau F4_Chi M7_Chi 

Raw sequence reads 93798516 96096291 92769553 82161548 

Sequence pairs analysed 

in total 

83536052 83171725 82577165 74770924 

Number of paired-end 

alignments with a unique 

best hit 

69907181 70538589 68090749 58664868 

Mapping efficiency (%) 83.7 84.8 82.5 78.5 

Duplicate (%) 47.48 39.53 52.6 42.68 

Sequence pairs after 

removing duplicate 

36712773 42658112 32276416 33625981 

Reads in targeted region 

(%) 

89.43 88.81 89.56 90.82 

Reads in targeted regions 

200 bp (%) 

92.91 92.32 92.84 93.35 

 

Supplementary Table 2 Summary of sequence alignment and duplicate rates for two 

buccal epithelium samples using 1µg DNA from MC-Seq. 

1ug DNA F5_Chi M7_Chi Average 

Raw sequence reads 82669270 46087480 64378375 

Sequence pairs analysed in total 73443192 41243404 45866620 

Number of paired-end alignments with a unique best 

hit 

68026518 37965457 42481376 

Mapping efficiency (%) 92.6 92.1 92.77 

Duplicate (%) 29.66 12.44 16.73 

Sequence pairs after removing duplicate 47848930 33244243 33603102 

Reads in targeted region (%) 93.07 93.4 93.42 

Reads in targeted regions 200 bp (%) 96.77 96.81 96.85 
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4 GEM: modelling the relationships among DNA 

methylation, genetic variants and environment 

factors 

4.1 General multiple regression model 

A general multiple-regression model can be written as 

 𝑦𝑖 =  𝛽0 +   𝛽1𝑥𝑖1 +   𝛽2𝑥𝑖2 +  ⋯+   𝛽𝑘𝑥𝑖𝑘  +   𝜖𝑖,   𝑖 = 1,⋯ , 𝑛 (4-1) 

 

Where  𝛽0 is a coefficient for consistent variable 1 and  𝛽1,  𝛽2  ⋯  𝛽𝑘 are k coefficients 

for k independent variables𝑥𝑖1 , 𝑥𝑖2,  ⋯ 𝑥𝑖𝑘 . The basic assumptions for errors 𝜖𝑖 are (1) 

mean (𝜖𝑖) = 0, (2) errors are not correlated to variables, (3) they are identically 

distributed.  

In matrix form, the model can be written as 

 

[

𝑦1

𝑦2

⋮
𝑦𝑛

] =  

[
 
 
 
1 𝑥11 𝑥12 ⋯ 𝑥1𝑘

1 𝑥21 𝑥22 ⋯ 𝑥2𝑘

⋮ ⋮ ⋮  ⋯ ⋮
1 𝑥𝑛1

𝑥𝑛2
⋯ 𝑥𝑛𝑘]

 
 
 

[
 
 
 
 
𝛽0

𝛽1

𝛽2

⋮
𝛽𝑘]

 
 
 
 

 + [

𝜖1

𝜖2

⋮
𝜖𝑛

] 

(4-2) 

 

 

Taking into consideration of the variables are combined of interesting factor X and 

covariates such as (𝑐𝑣𝑟𝑡1, 𝑐𝑣𝑟𝑡2,⋯ , ), the Equation (4-2) can be written into   

 𝒀 = 𝛼 +  𝛽𝑿 + 𝛾 𝑐𝒗𝒓𝒕 +  𝜖 (4-3) 

where X is the predictor factor and Y is the response.  cvrt represents the covariates.  

𝜖 indicates errors which satisfy the basic assumptions  and we test  𝛽. 

In order to understand DNA methylation changes related to environmental exposures 

and genetic variants, epigenome wide association studies (EWAS) employ general 
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multiple regression model to study the relationships among DNA methylation, 

genotypes and environment factors by the adjustment of cofounders from individual 

differences. Three major questions interrogated included: 

1. How methylation changes correspond to particular environment factor or 

disease trait?  

2. How genotypes affect the changes in DNA methylation? 

3. Can the interaction between genotype and environment factors be able to 

explain DNA methylation changes better? 

Representing methylation data matrix as M, genetype data as G, and environment 

matrix as E, a suite of statistical models to study the complicated relationships among 

of Gene, Environment and Methylation was developed and named as GEM.  

4.2 Understanding data matrix and terminologies in epigenetic 

research 

4.2.1 DNA methylation: M 

The genomic DNA extracted from biological specimens and as discussed in previous 

chapters, DNA methylation cross the genome can be assayed using either microarray 

(eg. Infininium450K) or specialized next generation sequencing protocols (eg. RRBS 

or MC-Seq). In order to process Infinium 450K data with minimum bias, a novel data 

analysis pipeline was proposed and validated by comparison studies on same samples 

from RRBS. I also introduced the latest MC-Seq technology and reviewed the data 

analysis with real clinical samples. All these efforts are crucial to ensure the quality of 

methylation data with minimum bias from factors related to sample processing and 

avoid confounding experimental variables with non-biological batch effects.  

DNA methylation typically occurs in a CpG (Cytosine followed by a Guanine) 

dinucleotide context and DNA methylation profile is a percentage measurement for 

cytosine methylation. In the Infinium 450K, each CpG is measured by a 50 base pair 

(bp) probe centered to targeted cytosine in CpG dinucleotide, as shown in  

Figure 26.  
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AGGTGAATGAAGAGACTAATGGGAGTGGCTTGCAAGCCAGGTACTGT

GCCCTACAACTCT[CG]CGCTGCCACAAAAAGCCAATTAACGAAGCAAA

CTGTTTTATCTTTTCCTCTCCCCAGAAG 

 

Figure 26 A typical Infinium 450K design for a probe of 50 base pair nucleotides to 

measure a CpG in gene PRDM16 region with ID as “cg08007925” in chromosome 1 

and position as 3322020.  

A methylation profile for a CpG is a percentage measurement of the number of 

cytosine methylated.  For each CpG, DNA methylation profile is calculated as the beta 

value, as 𝑏𝑒𝑡𝑎 =
𝑀𝑒𝑡ℎ𝑦𝑙𝑎𝑡𝑒𝑑 

(𝑀𝑒𝑡ℎ𝑦𝑙𝑎𝑡𝑒𝑑+𝑈𝑛𝑚𝑒𝑡ℎ𝑦𝑙𝑎𝑡𝑒𝑑)
, where beta is ratio of the intensity of 

methylated signals over the sum of methylated and unmethylated signals [15]. The beta 

value ranges between 0 to 1 and normally presents as a percentage value, so that beta 

value at 0~20% indicates the probe hypo-methylated while 80~100% means hyper-

methylated. 

Table 14 A sample DNA methylation data matrix shows that six CpGs were measured 

through four samples (S1, S2, S3 and S4). Methylation profiles showed cg00000109, 

and cg00000658 were hyper-methylated while the other CpGs were hypo-methylated 

in the four samples.  

CpG S1 S2 S3 S4 

cg00000029 0.1741 0.1293 0.0961 0.1688 

cg00000109 0.8210 0.8878 0.8415 0.8597 

cg00000289 0.5682 0.7400 0.7493 0.6609 

cg00000292 0.6949 0.7543 0.7118 0.7377 

cg00000363 0.0747 0.0847 0.0644 0.1249 

cg00000658 0.8531 0.8991 0.8365 0.8607 

 

We use matrix to represent DNA methylation M, each row representing one CpG cross 

all samples, and each column for all CpGs for one sample, such as 

𝑀 = [

𝐶𝑝𝐺11 𝐶𝑝𝐺12 ⋯ 𝐶𝑝𝐺1𝑗

⋮ ⋮ ⋱ ⋮
𝐶𝑝𝐺𝑖1 𝐶𝑝𝐺𝑖2 ⋯ 𝐶𝑝𝐺𝑖𝑗

],  

where 𝑖 = 1,⋯ , 𝑛𝑢𝑚𝑏𝑒𝑟_𝐶𝑝𝐺𝑠 and 𝑗 = 1,⋯ , 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑎𝑚𝑝𝑙𝑒𝑠and the matrix M is a 

methylation matrix with a dimension of 𝑛𝑢𝑚𝑏𝑒𝑟_𝐶𝑝𝐺𝑠 × 𝑛𝑢𝑚_𝑆𝑎𝑚𝑝𝑙𝑒𝑠. For DNA 

methylation from Infinium 450K platform, the 𝑛𝑢𝑚𝑏𝑒𝑟_𝐶𝑝𝐺𝑠 is about 450,000 and in 

a typical EWAS study, the 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑎𝑚𝑝𝑙𝑒𝑠is about hundreds and thousands. 
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For data from Table 14, the data matrix is, 

𝑀 = 

[
 
 
 
 
 
0.1741 0.1293 0.0961 0.1688
0.8210 0.8878 0.8415 0.8597
0.5682 0.7400 0.7493 0.6609
0.6949 0.7543 0.7118 0.7377
0.0747 0.0847 0.0644 0.1249
0.8531 0.8991 0.8365 0.8607]

 
 
 
 
 

.  

 

4.2.2 Genome-wide SNP measurements: G  

The genotype is the  DNA sequence of the genetic makeup of a cell.  SNPs are the 

bases for the measurement of genetic variants and emerged as important marks for 

linking genotype and individual diseases and traits in GWAS [143]. In this study, the 

genotype was interrogated on Illumina Omniexpress+exome genotyping arrays.  These 

arrays measure at least 1,000,000 the most frequent SNPs genome wide (omniexpress) 

and all of those discovered within exomes. Data are processed in GenomeStudio 

Genotyping Module
TM

. Genotyping calls were made by the GenCall software which 

incorporates a clustering algorithm (GenTrain) and a calling algorithm (Bayesian 

model). GenCall Score of each SNP probe and call rate of each sample are generated. 

The genotypes with a GenCall score less than 0.15 are not assigned genotypes. A 

typical genotype data is shown in Table 15, where pseudo codes “0”, “1”, “2” stand for 

major allele homozygote, heterozygote and minor allele homozygote and the minor 

allele is presented in an additive way. An allele is defined as a specific genetic variants 

at a given gene or genetic locus where more than one variants exists. For example, 

there are two pieces of DNA sequences in  

Figure 27, “seq 1” and “seq 2”, “G” is an allele in “seq1” and “A” is an allele in “seq 

2”. If a majority of the population present “G” at this same sequence locus, allele “G” 

is declared the major allele and it follows that “A” as a minor allele. Given humans are 

diploid organism (contain two copies of all autosomal chromosomes), for any locus 

there can be two possible alleles, one on each chromosome copy. So “G/G” is termed 

as a major allele homozygote, “G/A” represents heterozygote and “G/G” is the minor 

allele homozygote. 
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Table 15 A sample genotype data matrix table shows that five SNPs were measured 

through four samples (S1, S2, S3 and S4). We used additive pseudo codes “0”, “1” and 

“2” to stand for major allele homozygote, heterozygote and minor allele homozygote.  

SNPID S1 S2 S3 S4 

rs3094315 0 0 0 0 

rs3131972 1 0 0 1 

exm2268640 1 0 0 1 

rs12562034 2 1 2 2 

rs11240777 1 1 0 1 

 

  

 

seq 1: AATCATGTGTGGCTACTTACTGTCACT 

 

 

seq 2: AATCATGTGTAGCTACTTACTGTCACT 

  

 

 

 

     G/G                        G/A                            A/A                  

 

 

Figure 27  SNP and major allele homozygote, heterozygote and minor allele 

homozygote 

 

In genetic variants matrix G, each row represents one SNP, and each column represents 

one sample, such as 

𝐺 = [

𝑆𝑁𝑃11 𝑆𝑁𝑃12 ⋯ 𝑆𝑁𝑃1𝑗

⋮ ⋮ ⋱ ⋮
𝑆𝑁𝑃𝑖1 𝑆𝑁𝑃𝑖2 ⋯ 𝑆𝑁𝑃𝑖𝑗

],  

where 𝑖 = 1,⋯ , 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑁𝑃𝑠 and 𝑗 = 1,⋯ , 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑎𝑚𝑝𝑙𝑒𝑠and the matrix G is a 

genotype data with a dimension of 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑁𝑃𝑠 × 𝑛𝑢𝑚_𝑆𝑎𝑚𝑝𝑙𝑒𝑠.   
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4.2.3 Environment measurements including birth outcome and maternal body 

conditions: E 

We generally termed all biological conditions, disease status and other phenotypic 

variables as environmental factors. Environment factors are independent vectors in the 

format of continuous or categorical values. Due to the need to conduct comprehensive 

analysis for multi-ethnicity GUSTO birth cohort, we focused on the clinical data from 

birth outcomes and prenatal conditions, such as birth weight, gestational age and 

maternal mood etc. In environment factor E, each row represents one factor, while 

each column represents one sample, such as 

𝐸 =  [𝐸1 𝐸2 ⋯ 𝐸𝑗],  

where 𝑗 = 1,⋯ , 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑎𝑚𝑝𝑙𝑒𝑠 and the matrix E is one dimensional matrix or 

vector. 

4.2.4 Covariates matrix for DNA methylation related study: cvrt 

Epigenetic studies explore the methylation changes in association with genotypic and 

phenotypic differences in samples. Including covariates pertaining to the subjects, such 

as gender, ethnicity and socio-economic status [77], and to the biological specimens, 

such as cellular heterogeneity [79, 80, 230], is important.  In consistency with the 

matrix designed for GEM, matrix cvrt is also a data matrix with each row representing 

one covariate, and column for each sample.  

 

4.3 Gene, Environment and Methylation (GEM): A tool suite 

modelling the associations between genotyping, 

environmental factors towards methylome 

The interplay among genetic, environment and epigenetic variation is not fully 

understood.  Advances in high-throughput genotyping methods, high-density DNA 

methylation detection and well-characterized sample collections, enable epigenetic 

association studies at the whole genomic and population levels (EWAS).  The field has 

extended to interrogate the interaction of environmental and genetic (G x E) influences 

on epigenetic variation.  Also, the detection of methylation quantitative trait loci 
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(methQTLs) and their association with health status has enhanced our knowledge of 

epigenetic mechanisms in disease trajectory.  

In order to address these problems we attempted to understand the relationships among 

Genotype, Environment and Methylation. A tool suite named GEM was developed to 

address these problems by three major functions GEM_Emodel, GEM_Gmodel and 

GEM_GxEmodel.  

4.3.1 GEM_Emodel: detecting methylation markers associated with 

environment factors 

In most EWAS studies, the primary goal of DNA methylation analysis is to identify the 

differentially methylated CpGs among environment factor or phenotypic groups.  

For a given sample size 𝑁, the methylation profile cross at each CpG site is, 

𝑀𝑖 = (𝑀1, 𝑀2,⋯𝑀𝑁 , 𝑖 = 1, 2,⋯ , 𝑛𝑢𝑚𝑏𝑒𝑟_𝐶𝑝𝐺𝑠).  

An environmental factor, such as a disease trait or a clinical measurement is fixed for 

all CpGs and can be presented as,  

𝐸 = (𝐸1, 𝐸2, ⋯𝐸𝑁  𝑁 = 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑎𝑚𝑝𝑙𝑒𝑠) . 

The association of methylome differences and environmental factors can be tested by  

 𝑴𝒊 = 𝛼 + 𝛽E × 𝐄 + γ × 𝒄𝒗𝒓𝒕 + 𝜖𝑖 (4-4) 

The model in Equation (4-4) underlying a linear regression analysis is that the 

explanatory variable E and outcome variable M are linearly related by adjustment of 

covariates, such that the population mean of the methylation can be explained by 

environment factor in a linear relationship. It can be simplified as  

 𝑴 ~ 𝑬 + 𝒄𝒗𝒓𝒕 (4-5) 

If association is present, 𝑀𝑖 for a particular CpG will be seen more often than expected 

by chance in an individual carrying the environment factor by computing the standard 

errors, the t-statistic values and the corresponding p-values. We then compare these p-
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values for all CpGs tested to a threshold and make the decision whether the relation 

can be retained or rejected.  

We name Equation (4-5) as GEM_Emodel.  GEM_Emodel is performed at the number 

of 𝑛𝑢𝑚𝑏𝑒𝑟_𝐶𝑝𝐺𝑠 to determine for methylation profiles among all CpGs measured 

genome widely (in Infinium 450K, the number of CpGs is about 450,000), whether a 

methylation variant is associated with an environment factor.  

4.3.2 GEM_Gmodel: detecting methylation markers associated with genotype  

Epigenetic states are related to genotype. SNPs are the most important genotype marks 

for genetic variants in genome loci.  

Gibbs et al [120] showed that in human brain tissues, there were about 4~5% of the 

CpGs studied significantly dependent on genotype. Gibbs et al. thus defined the DNA 

methylation driven by DNA sequence as methylation quantitative trait loci (methQTL).  

In order to find methQTLs, GEM_Gmodel was developed in Equation (4-6 ) to test for 

a methylation profile at particular CpG, 

𝑀𝑖 = (𝑀1, 𝑀2,⋯𝑀𝑁 , 𝑖 = 1, 2,⋯ , 𝑛𝑢𝑚𝑏𝑒𝑟_𝐶𝑝𝐺𝑠) , which SNP can explain CpG 

changes SNPs are in the format of 𝐺𝑗 = (𝐺1, 𝐺2, ⋯ , 𝐺𝑁 , 𝑗 = 1, 2,⋯ , 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑁𝑃𝑠) . 

 𝑴𝒊 = 𝛼 + βGj
× 𝐆𝐣 + γ × 𝒄𝒗𝒓𝒕 + 𝜖𝑖𝑗 (4-6) 

The above Equation (4-6) can be simplified as 

 𝑴 ~ 𝑮 + 𝒄𝒗𝒓𝒕 (4-7) 

We name Equation (4-7) as GEM_Gmodel.  GEM_Gmodel tests methylation variants 

at thousands of CpG sites in relation to genetic changes at millions of SNPs. If 

association is present and the p-values passed statistical testing, a methQTL is readily 

detected as a CpG-SNP pair.  In GEM_Gmodel, billions of linear regressions are tested 

(𝑛𝑢𝑚𝑏𝑒𝑟_𝐶𝑝𝐺𝑠 × 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑁𝑃𝑠) against thousands of CpGs and millions of SNPs 

and a genome wide methQTL map is created.  
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4.3.3 GEM_GxEmodel: interaction of genotype and environment to specify 

methylation variants 

The GEM_GxEmodel tests the ability of gene and environment interaction (GxE) to 

predict DNA methylation levels. Evidences for an environmental influence on DNA 

methylation states as well as an influence of genotype to methylation variation suggest 

that gene × environment interactions may be common. In epigenetics, the integration 

of genetics and environment could be integrated to explain the underling mechanism of 

methylation changes.  

In GEM_GxEmodel, methylation is 

𝑀𝑖 = (𝑀1, 𝑀2,⋯𝑀𝑁 , 𝑖 = 1, 2,⋯ , 𝑛𝑢𝑚𝑏𝑒𝑟_𝐶𝑝𝐺𝑠),  genotyping is 

𝐺𝑗 = (𝐺1, 𝐺2, ⋯ , 𝐺𝑁, 𝑗 = 1, 2,⋯ , 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑁𝑃𝑠)  and environment is 𝐸 =

(𝐸1, 𝐸2,⋯𝐸𝑁 , 𝑁 = 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑎𝑚𝑝𝑙𝑒𝑠), GEM_GxEmodel tests whether the 

interaction of genotype and environment can explain methylation by the below 

equation: 

 𝑴 ~ 𝑮 × 𝑬 + 𝒄𝒗𝒓𝒕 (4-8) 

GEM_GxEmodel as illustrated in Equation (4-8) tests the association between 

methylation variants and environment in the stratification by genotype groups. For a 

particular environment factor, there are billions of tests  (𝑛𝑢𝑚𝑏𝑒𝑟_𝐶𝑝𝐺𝑠 ×

𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑁𝑃𝑠).  If association is present and the p-values passed statistical testing, 

the result is a triplet as CpG-SNP-Environment.  This triplet can be interpreted as, 

methylation in different genotype groups have significantly different response to the 

changes in the environment.   

 

4.3.4 Exploring the association between DNA methylation, genetic variants and 

environmental factors 

To explain methylation variants, GEM_Emodel, GEM_Gmodel and GEM_GxEmodel 

have been developed. Methylation for each CpG, M, has been tested by G, E, and 

GxE. A further question to be answered is ‘what proportions of CpGs are 

independently predicted by environment, genotype or GxE?’  In order to profile the 
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relationships between methylation, genotype and environment, Akaike Information 

Criterion (AIC) [227] approach was utilized to determine the most fitted model among 

GEM_Emodel, GEM_Gmodel and GEM_GxEmodel. Models were ranked by their 

AIC values, and the best model was defined as the one with the minimum AIC value.   

Literature shows, both Akaike Information Criterion (AIC) and Bayesian Information 

Criterion (BIC) [228] are two famous and well used measures of ascertain model 

quality in statistics. The best model is the one with the minimum AIC or BIC value as 

shown in Equation (4-9) and (4-10).  Basically the equations are,  

 𝐴𝐼𝐶 = −2 ln 𝐿 + 2𝑘 (4-9) 

And 

 𝐵𝐼𝐶 = −2 ln 𝐿 + 𝑘 ln𝑛 (4-10) 

where L  is the maximum likelihood of the candidate model, k is the number of 

estimated parameters and n is the sample size in the candidate model.  

The comparison between AIC and BIC in model selection has been studied extensively 

[229, 230]. Basically both AIC and BIC measure the likelihood estimation of model 

fitting and each of them has a different penalty function. When the number of 

estimated parameters k is fixed, BIC increases as sample size increases.  In our 

particular test, as the number of sample size was fixed, both AIC and BIC produced 

identical selection results though the magnitudes of both values were different. Given 

the identical results, we decided to use AIC to determine the best fitting model among 

GEM_Emodel, GEM_Gmodel and GEM_GxEmodel. Models were ranked by their 

AIC values and the best model was defined as the one with the minimum AIC value. 

Note that the calculation of AIC and BIC were used by the built-in function in R scripts 

[171]. 

For each CpG,  corresponding to 𝑴𝒊,, 𝑖 = 1,… 𝑁𝐶𝑝𝐺 , the best CpG~SNP was selected 

as jth GEM_Gmodel, and kth GEM_GxE model, and the “winner” i.e. the model with 

the least AIC value, which best explained the M compared to the alternative models 

was declared in  Equation (4-11) to (4-14). The AIC values for models to fit 
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methylation are AE by Emodel, AG by Gmodel and AGE by GxEmodel and the least 

of them is the “winner”, for example, for a CpG, if its AE is the least, its methylation 

profile can be best explained by Emodel. 

GEM_Emodel 𝐴𝐸 =  𝐴𝐼𝐶 (𝐸𝑚𝑜𝑑𝑒𝑙) (4-11) 

Winner in 

GEM_Gmodel 
𝑛 =   𝑎𝑟𝑔𝑚𝑖𝑛𝑗(𝐴𝐼𝐶(𝐺𝑚𝑜𝑑𝑒𝑙𝑗)),   

 𝑗 = 1, … , 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑁𝑃𝑠 

𝐴𝐺 =  𝐴𝐼𝐶 (𝐺𝑚𝑜𝑑𝑒𝑙𝑛) 

(4-12) 

Winner in 

GEM_GxEmod

el 

𝑙 =  𝑎𝑟𝑔𝑚𝑖𝑛𝑗 (𝑎𝑟𝑔𝑚𝑖𝑛𝑗(𝐴𝐼𝐶(𝐺𝑥𝐸𝑚𝑜𝑑𝑒𝑙𝑗)), 

𝑗 = 1,… , 𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑁𝑃𝑠 

𝐴𝐺𝐸 =  𝐴𝐼𝐶 (𝐺𝑥𝐸𝑚𝑜𝑑𝑒𝑙𝑙) 

(4-13) 

Best of all 𝑤𝑖𝑛𝑛𝑒𝑟 =  𝑎𝑟𝑔𝑚𝑖𝑛(𝐴𝐸, 𝐴𝐺, 𝐴𝐺𝐸) (4-14) 

4.4 Developing GEM package for efficient EWAS and 

methQTL analyses 

The computational burden for analyzing the ‘omics’ data from EWAS is large due to 

the need to integrate the high throughput measurements from thousands of CpGs, 

millions of SNPs, complicated environment factors and cofounders for hundreds or 

thousands subjects. Hands-on analysis tools in EWAS, especially tools in a normal 

operational setting that can be easily accessed by biology lab researcher are currently 

not available. GEM was the first tool suite developed to help expedite epigenomic 

discovery in thousands of samples [4] and it was well appreciated by the scientific 

community [4]. The successful application of GEM in exploring the effect of genotype 

and in utero environment on inter individual variation in neonate DNA methylomes [4] 

was the motivation to develop computationally effective solutions that allow biological 

researchers to explore EWAS, methQTLs and GxE using standard desktop computers 

within reduced processing time.  

Recently Shabalin [231] developed a R package named MatrixEQTL for the analysis 

of expression quantitative train loci (eQTL) analysis. Based on matrix operation, 

iterative correlation was implemented to achieve computational efficiency, and data 

was sliced into blocks to achieve memory efficiency. A function in MatrixEQTL that 

allows inclusion of interaction terms in correlative statistical models, gained our 

attention, though the author did not highlight it when the package was reported. We 
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deployed the fast and efficient MatrixEQTL software and implemented “GEM” tool 

suite into R package.  

GEM package implemented three fast linear regression models denoted GEM_Emodel, 

GEM_Gmodel and GEM_GxEmodel to facilitate analyses in EWAS. The 

GEM_Emodel tests the association of methylome marks and environmental factors; the 

GEM_Gmodel creates a methQTL genome-wide map; finally, the GEM_GxEmodel 

tests the ability of gene and environmental interaction models to predict DNA 

methylation levels. We benchmarked the performance of the GEM operations on a 

publically available EWAS dataset generated on the 450K array with concurrent 

genotyping on the OmniExpress Array and simulated environment and phenotype 

information on 237 neonates [4]. Our results demonstrated that the GEM package can 

facilitate reliable EWAS analyses within minutes, in a standard computational setting 

(processor=2.2GHz, RAM=8G, system = window7 64bit).  

4.4.1 GEM implementation 

Simplifying the data input into a methylation matrix as M, genetic variants matrix as G, 

and the environment vector as E, and the matrix for covariates as cvrt, and using a R 

language like pseudo code, we can denote GEM_Emodel (detecting methylation 

markers associated with environment) function as lm (M ~ E + cvrt),  Gmodel 

(detecting methylation markers associated with genotype i.e. methQTLs) as lm (M ~ G 

+ cvrt ) and GxE model (interaction of genotype and environment to specify 

methylation marks) as lm (M ~ G×E + cvrt ). The genome wide studies for Emodel, 

Gmodel and GxEmodel can be accomplished by calling R function lm iteratively by 

millions of times, which were denoted as LM_Emodel (Table 16), LM_Gmodel (Table 

17) and LM_GxEmodel. 

Shabalin [231] introduced matrix standardization and projection and successfully made 

an ultra-fast software for expression quantitative trait loci (eQTL).  Basically, to 

quantify the strength of the relationship between x and y controlled by covariates 

(cvrt), a practical regression is,  

 𝒚 =  𝛼 +  𝛽𝒙 +  𝛾 𝒄𝒗𝒓𝒕 +  𝜀,  

where 𝛼, 𝛽, 𝛾 𝑎𝑛𝑑 𝜀  are coefficients, 𝛽 is to be estimated. A standardization method 

(22) was applied to vector x, y, cvrt, then the projections of x and y to cvrt are, 
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 �̃� = 𝒚 −  < 𝒚,  𝒄𝒗𝒓𝒕 >  𝒄𝒗𝒓𝒕, and   �̃� = 𝒙 −  < 𝒙,  𝒄𝒗𝒓𝒕 >  𝒄𝒗𝒓𝒕,  

where < > denotes inner product of two matrix. After these operations, the linear 

regression between x and y with covariates cvrt can be simplified into the calculation 

of inner product of the projects of x and y as 𝒓�̃��̃� =  < �̃�,  �̃� >  and estimation of the 

test statistics.  

Shabalin [231] also demonstrated the strategy to slice the large matrix into a small 

“blocks” in the correlation calculation for memory efficiency, which make the software 

able to handle data matrix with millions of rows and columns feasible in normal 

computational setting.  

GEM tools called the MatrixEQTL[231]  library. GEM_Emodel was implemented by 

calling matrixEQTL with parameter as “modelLINEAR”, replacing gene expression 

with methylation, and SNP with environmental data. GEM_Gmodel was implemented 

by calling matrixEQTL with “modelLINEAR”, replacing gene expression with 

methylation.  GEM_GxEmodel was implemented by calling matrixEQTL with 

“modelLINEAR_CROSS”, replacing gene expression with methylation.     

GEM_Emodel finds the association between methylation and environment genome-

wide by performing millions of linear regression (N = number_CpGs). The output of 

Emodel for particular phenotype, environmental factor or disease trait is a list of CpGs 

that are potential epigenetic biomarkers, as in Table 16.  

Table 16 Pseudo R code for GEM_Emodel 

Algorithm: exploring the association between methylation and environment factors by Emodel. 

Input:  

 Methylation matrix M (number_CpGs  × number_Samples), and each M(i) is the vector 

for ith CpG cross all samples. 

 Environmental vector E (number_ Samples),  

 Covariate matrix cvrt (number_ covariates × number_ Samples). 

Output:  

 A list of CpG-Env pairs 

1 Function: LM_Emode (M, E, cvrt) 

2 For i=1 to number_of_CpGs { 

3             fit<- summary(lm(M(i) ~ E + cvrt) ) 

4 } 

5 To process GEM_Emodel(M, E, cvrt) 

6 {       library (GEM) 

7          result  = GEM_Emodel(M, E, cvrt) 

8 } 
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Table 17 Pseudo R code to explore methQTLs by Gmodel. 

Algorithm: exploring the methQTL by Gmodel. 

Input: 

 

 

Methylation matrix M (number_CpGs  × number_Samples), and each M(i) is the 

vector for ith CpG cross all samples. 

 

Genotype matrix G (number_SNPs × number_Samples), and each G(j) is the 

vector for jth SNP cross all samples.  

 

Covariate matrix cvrt (number_covariates × number_Samples). 

Output: 

 

 

A list of CpG-SNP pairs, where the SNP is the best fit to explain the particular 

CpG. The significant association between CpG-SNP pair suggests the 

methylation driven by genotyping variants, which is so called (methQTL). 

1 Function LM_Gmode (G, M, cvrt) 

2 For i=1 to number_of_CpGs { 

3        For j=1 to number_of_SNPs{ 

4       fit<- summary(lm(M(i) ~ G(j) + cvrt) ) 

5       } 

6 

      result(i) = (M(i),  G(K))  by  

𝐾 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑘∈[1,𝑛𝑢𝑚𝑏𝑒𝑟_𝑆𝑁𝑃𝑠](𝐴𝐼𝐶(𝑓𝑖𝑡)) 

7 } 

8 To process GEM_Gmode(G, M, cvrt) 

9 {     library(GEM) 

10       result = GEM_Gmodel(G, M, cvrt) 

11 } 

Table 17 demonstrates the pseudo code that used the lm function in iterative loops for 

Gmodel  denoted as LM_Gmodel. The best fit is chosen by the minimum AIC values.  

Replacing the linear regression equation (line 6) in Table 17 by “fit <- summary 

(lm(M(i) ~ G(j) * E + covt))”, produces the pseudo code for the implementation of 

LM_GxE model.  The output of GxEmodel is a list of CpG-SNP-Env triplets, 

indicating the CpG-Env association segregated by genotype. The significant 

association of each triplet implies the methylation change is determined by the 

interplay between genotyping and environment.  Both implementations indicate the 

number of linear regressions, N = number_SNPs x number_CpGs. N could be in the 

billions of linear regressions engendering a very substantial computational task. 

However, using GEM tools, calculation of methQTLs and GxE interactions can be 

accomplished with much improved computational efficiency. 
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4.4.2 Benchmarking Results 

To benchmark GEM suite, we used the dataset from Teh et al [4].  The standard laptop 

used for time comparisons had a 2.2GHz processor, 8G RAM, a windows 7 operating 

system and was 64 bit, which is typical in an academic setting. The high performance 

computing (HPC) structure had eight parallel processes, each with eight core CPUs as 

in Figure 28 (n=8). 

 

Figure 28 HPC computing settings (n=8). 

In Teh et al. [4], 1423 CpGs were studied from the methylomes of 237 neonates, and 

their association with 708,365 genetic variants and nineteen environmental factors 

made up of maternal conditions and birth outcomes.  The methylome and genotype 

data are publically available at the NCBI Gene Expression Omnibus (GEO: 

http://www.ncbi.nlm.nih.gov/geo/ under accession numbers GSE53816 and 

GSE54445.) Environmental factors were simulated.  

A schematic of the analyses performed is shown in Figure 29. When the original 

analyses were conducted, multivariate regression models were applied sequentially in a 

HPC environment.  For the same dataset, we compared the time taken to execute 

LM_Gmodel, LM_GxEmodel and LM_Emodel in a standard and HPC computational 

environment with the time taken to run GEM_Gmodel, GEM_GxEmodel and 

GEM_Emodel on a standard laptop, Table 18. 

http://www.ncbi.nlm.nih.gov/geo/
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Figure 29 A schematic of the analyses performed within Teh et al [17] .  Gmodel 

sequentially tests the association of 1423 methylation marks with 708,365 

genotypes (and covariates), Emodel sequentially tests the association of 1423 

methylation marks with 19 environmental factors and GxEmodel sequentially tests 

that association of 1423 methylation marks with the interaction of every 

combination of the 708,365 genotypes and 19 environmental factors. 

 

4.4.2.1 Benchmarking GEM_Emodel 

A substantial time saving was achieved using GEM_Emodel compared to standard 

sequential regression as LM_Emodel as in Table 16 (19 seconds compared to 95 

seconds for 19 Emodels on 1423 CpGs).  Results achieved were identical.  In addition, 

GEM_Emodel has the option to create Q-Q plot for theoretical distribution and 

observed distribution on p_values for every environment, e.g. Figure 30.  As subject 

numbers increase, computational time to run sequential models increases 

geometrically, whilst computational time in GEM_Emodel increases linearly. Figure 

31  shows the computational time required for one Emodel on 100-1000 subjects for 

250K CpGs.  



76 

 

 
Figure 30 QQplot for p-values from iterations of 255K CpGs with an 

environment factor. It was produced by GEM_Emodel. 

 

 
Figure 31 The operation time consumption benchmark on the associations for 

250K CpGs  and one environmental factor and one covariate for the sequential 

number of samples from 100 to 1000. X-axis is the number of subjects, and y-

axis is the time consumption in seconds. The benchmarking is done in a personal 

computer (processor=2.2GHz, RAM=8G, system = window7 64bit). 

 

4.4.2.2 Benchmarking GEM_Gmodel  

In the original analysis [4], the regression equation, shown in Equation (4-7) and Table 

17, used built-in lm function in R script, which we denoted as LM_Gmodel, was 

applied to each of the 1423 VMRs, cycling through the 708,365 SNPs, adjusted by sex 
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as the covariate, resulting in 1008 million regression models. We compared the 

LM_Gmodel with GEM_Gmodel by the result and computational efficiency in a 

standard laptop (processor=2.2GHz, RAM=8G, system = window7, 64bit). We also 

used a HPC structure with eight parallel processes of each with eight core CPUs 

(denoted as HPC) to benchmark LM_Gmodel as a reference.  The computational time 

on HPC was 3 hours, in a standard computational environment, computational time 

was estimated to be 61 days. The same data was processed by the GEM_Gmodel. It 

took 5.2 minutes to accomplish the task on a standard laptop. The results were identical 

to those reported by Teh et al [4] i.e. 12 disrupting pairs, 828 in cis- pairs and 583 in 

trans- pairs. 

Table 18 Benchmarking time consumption of GEM implementation on Emodel, 

Gmodel and GxEmodel by comparing it with a R script available in public database 

and using a standard laptop/HPC setting. (** The time for LM_Gmodel and 

LM_GxEmodel in standard laptop was computed based on the time cost on 10 CpGs.) 

Dataset: Teh et al, 1423 CpGs,  708,365 SNPs and 19 environments in a standard laptop 

Method Time cost on 

standard 

laptop 

Time cost 

in HPC 

Method Time cost 

LM_Emodel  95.1 seconds  GEM_Emodel 18.9 seconds 

LM_Gmodel  >= 60days 

(**) 

3 hours GEM_Gmodel 5.2minutes 

LM_GxEmodel >= 60 days 

(**) 

21 hours GEM_GxEmodel 1.5 hours 

 

4.4.2.3 Benchmarking GEM_GxEmodel  

The same scale of improvement in performance was achieved for the GEM_GxEmodel 

where each CpG was tested against the interaction of genotype at each of 708,365 

SNPs with each of 19 environmental factors. This analysis originally took 21hours in 

the HPC environment and an estimated >=60 days on a standard laptop by using 

normal linear regression in R script, denoted as LM_GxEmodel.  In the 

GEM_GxEmodel, it was accomplished in only 1.5 hours. The results were identical 

between analyses with identical p-values for models containing all winning pairs of 

SNPs and environments (data not shown).  

In addition GEM also has the option to produce a “segregation scatter plot” for 

methylation corresponding to environment in different genotype groups, for example, 

Figure 32. 
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Figure 32 The scatter plot to display an example of methylation corresponding to the 

environment in different genotype groups. AA, AB and BB are pseudo codes for 

major allele homozygote, heterozygote and minor allele homozygote. Phenotypic 

values are shown on the x-axis, and methylation values in percentage on the y-axis. 

The straight lines fit for associations in each group. 

 

4.4.3 Package availability and the ease of use  

GEM package can be downloaded from Bioconductor at 

https://www.bioconductor.org/packages/GEM/. In order to make it more user friendly, 

we also incorporated a graphic user interface (GUI) in the tool package, see Figure 33. 

 

 

(a) (b) 

Figure 33 GEM graphic user interface. (a) the selection of functions. (b) the file and 

parameter window. 

 

https://www.bioconductor.org/packages/GEM/
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4.5 Conclusion and discussion 

The advancements in genome-wide genotyping and DNA methylation assessment 

methods, coupled with well-characterized biological samples enable epigenetic 

association studies.  GEM was designed to test the millions of hypotheses in 

epigenetics for the needs to understanding methylation changes responsive to the 

interaction between genotype and environment. This new method has evolved the 

analysis approach from simple iterations to matrix based efficient operation. Both of 

the analysis and benchmarking demonstrated the ease of using GEM with standard 

computing resources available to nearly all researchers. 

GEM includes a GUI for the convenience of researchers and does not require specialist 

computational knowledge, outside of the widely used R environment.  

Missing value is not allowed in matrix based operation so we used the mean values to 

impute the missing values in GEM’s functions,  on the contary, the linear regression 

function (LM) in R programming treats missing value as “NA”.  In order to benchmark 

the impact of mean value-based imputation, 255K CpGs for N=237 samples were 

tested with an simulated birth weight as the enviornmental factor for both 

GEM_Emodel and LM_Emodel . In the 255K CpGs,  18% of them contained at least 

one missing values. Figure 34 demonstrated that there were strong concondance for p-

values of the 255K CpGs from the two functions at R
2 
= 0.956.  However further in-

depth analysis based on simulated and real data have to be done in order to make a 

conclusive statement, researchers should access the suitability of this imputation in 

their particular cases. 
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Figure 34 Emodel benchmarking for methylation matrix containing missing 

values. 𝑝𝑣𝑎𝑙𝑢𝑒 was transformed as –log10.  A-axis is pvalue from LM_Emodel, 

y-axis is from GEM_Emodel. Among 255K CpGs that were tested, 18% of them 

contained at least one missing values. Our results showed pvaluefor CpGs 

without missing values are perfectly matched, while there were slightly 

differences between the two implementations when CpG contains missing values. 

 

5 Modelling the relationships among environmental 

factors, genetic variants and neonate methylome  

5.1 Introduction 

This chapter highlights GEM’s capacity to test if DNA methylation levels (M) can be 

modified by genetic variation (G),  environmental exposure (E) or the interaction 

between genetic variation and environment factors (GxE) [158], as shown in Figure 35.  
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Figure 35 Genotype, environment, and the interaction between the two influence DNA 

methylation levels.  

The aim of this study was to investigate the relative influences of genotype and in 

utero environment on inter-individual differences in DNA methylation of neonates. 

Genotypic influence on DNA methylation has been evidenced in many studies [144-

146, 148] and others have evidenced the influence of in utero environment on neonate 

methylomes [129, 139, 161, 232-234]. We interrogated a unique dataset of neonatal 

methylomes from the GUSTO birth cohort, along with in utero environment and 

genotype data. 

5.2 Experimental design and data processing  

DNA methylation and genotypic variation were interrogated on genomic DNA 

extracted from the umbilical cord tissue of 244 neonates from GUSTO cohort [176]. 

The birth outcomes included offspring’s nationality, gender, birth weight and 

gestational age. Maternal measurements related to in utero environment were collected 

at 26
th
 weeks of pregnancy and included maternal mood health, maternal oral glucose 

tolerance (OGTT) and micronutrients levels. In all nineteen environment factors were 

interrogated in this study. All data were processed based on the best knowledge about 

the properties of each data. Figure 36 provided the overall data repository of this study. 
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Figure 36 Data repository for study relationships among genotype, environment and 

methylation profiles from 237 neonates. 

 

Table 19 Ethnicity and sex of subjects 

Characteristics  count(percentage) 

Ethnicity  Chinese 131(57.81) 

 Malay 72 (30.38) 

 Indian 34 (14.35) 

Gender  Male 133 (56.12) 

 Female 104 (43.88) 
 

   

5.2.1 Identification of 1423 Variable Methylation Regions 

The genomic DNA was extracted from frozen umbilical cord specimens and DNA 

methylation profiles were measured by Infinium 450K arrays.  Data was processed as 

described previously in Chapter 2 and [1]. In quality check (QC) assessment during 

data preparation, 237 of 244 samples passed QC and were used for downstream 

analyses. These 237 subjects included 131 Chinese, 72 Malay and 34 Indian neonates 

(see Table 19, for study subject characteristics).  
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Batch effect was observed upon principal component  analysis (PCA)[235], and the 

data was converted to M-values [175] and the batch effect corrected via a widely used 

empirical Bayes methodology (COMBAT) [185]. Sex chromosome and cross-

hybridizing CpGs [224, 225]were removed. A total of 301,468 probes (from the 

411,107 assayed) remained after QC and were used for downstream analyses.  

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

similar across individuals, with median absolute deviation scores (MAD) [126] < 0.1, 

so only inter-individual variably methylated regions (VMRs) were studied. VMRs 

were defined across the 237 individuals using a previously published methodology 

[162]. A candidate VMR was defined as at least two spatially contiguous probes within 

1000 bp of each other and with median absolute deviation (MAD) values more than 

95
th
 percentile. Candidate regions were expanded to contain more than two probes, as 

long as the distance between any two neighboring probes within the region was not 

larger than 1000 bp. For each VMR, a representative CpG was selected, the VMR-CpG 

was the CpG with the highest MAD score in the variably methylated region (VMR). 

This analysis returned 1423 VMR regions. Thus 1423 CpGs were used as the dataset 

for subsequent analyses.   

5.2.2 Genome-wide SNP measurements  

The genotype in the GUSTO birth cohort [176]  was interrogated on Illumina 

Omniexpress+exome genotyping arrays.  Totally 708,365 SNPs (from the 958,178 

assayed) varied in genotypes.  These were data G (708365 SNPs x 237 samples) in 

Figure 36.   

5.3 Appling GEM to understand neonate methylome by genetic 

variants and environment factors 

The number of samples was denoted by 𝑁𝑠𝑎𝑚𝑝𝑙𝑒 = 237 and the number of VMR-

CpGs by 𝑁𝐶𝑝𝐺 = 1423.  For each 𝑖 = 1,… ,𝑁𝐶𝑝𝐺, neonate methylome of VMR-CpG 

was represented by a vector 𝑴𝒊, with  𝑁𝑠𝑎𝑚𝑝𝑙𝑒 elements of beta values ranged in [0,1], 

as shown in Equation (5-1).  The number of 𝑁𝐶𝑝𝐺vectors of VMR-CpGs constructed 

the matrix M whose dimension was 𝑁𝐶𝑝𝐺 ×  𝑁𝑠𝑎𝑚𝑝𝑙𝑒 as shown in data repository 

Figure 36.  
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Similarly, the number of SNPs was denoted as 𝑁𝑆𝑁𝑃 . For each 𝑗 = 1,… ,𝑁𝑎𝑙𝑙_𝑆𝑁𝑃𝑠, the 

genotype for SNP was represented by a vector 𝑮𝒋, with  𝑁𝑠𝑎𝑚𝑝𝑙𝑒 elements. Together, 

𝑁𝑎𝑙𝑙_𝑆𝑁𝑃𝑠vectors of SNP constructed the matrix 𝑮, which represented the genotyping 

profiles for all  𝑁𝑠𝑎𝑚𝑝𝑙𝑒 samples, in Equation (5-1). As shown in Figure 36, 𝑁𝑆𝑁𝑃 =

708,635. It covered 708,635 SNPs in genome wide scale which was coded as 0 (AA, 

or major-major allele), 1 (AB, or major-minor allele) and 2 (BB, or minor-minor 

allele).  In GEM_GxE model, CpG was modelled with all SNPs in the same 

chromosome, and the detailed data distribution is shown in Table 20.  

Table 20 Distribution of VMR-CpGs and SNPs on chromosomes. 

 

Chromosome 𝑵𝑪𝒑𝑮𝒔_𝒊𝒏_𝑪𝒉𝒓𝒐𝒎𝒐𝒔𝒐𝒎𝒆  𝑵𝑺𝑵𝑷𝒔_𝒊𝒏_𝑪𝒉𝒓𝒐𝒎𝒐𝒔𝒐𝒎𝒆 

1 114 57603 

2 112 55686 

3 44 45952 

4 73 39468 

5 89 41455 

6 148 48945 

7 98 36217 

8 81 36078 

9 15 32472 

10 79 37718 

11 75 36463 

12 98 34920 

13 50 26268 

14 23 22886 

15 39 21509 

16 54 22308 

17 73 20215 

18 17 20467 

19 74 16044 

20 22 17954 

21 22 10068 

22 23 10518 
 

 

For each 𝑘 = 1,… ,𝑁𝐸𝑁𝑉, the environment factor E was represented by a vector 𝑬𝒌  of 

 𝑁𝑠𝑎𝑚𝑝𝑙𝑒 elements. Together nineteen measurements of baby outcomes and in utero 

environments were conducted, 𝑁𝐸𝑁𝑉 = 19. 
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 𝑴𝒊 = (𝑀𝑖,1,𝑀𝑖,2, …𝑀𝑖,𝑁𝑠𝑎𝑚𝑝𝑙𝑒
),  

𝑎𝑛𝑑 𝑖 = 1,… ,𝑁𝐶𝑝𝐺 , 𝑁𝐶𝑝𝐺 = 1423,𝑁𝑠𝑎𝑚𝑝𝑙𝑒 = 237 

(5-1) 

 𝑮𝒋 = (𝐺𝑗,1, 𝐺𝑗,2, … 𝐺𝑗,𝑁𝑠𝑎𝑚𝑝𝑙𝑒
),  

𝑎𝑛𝑑 𝑗 = 1,… ,𝑁𝑎𝑙𝑙_𝑆𝑁𝑃𝑠,,  𝑁𝑎𝑙𝑙_𝑆𝑁𝑃𝑠 = 708,6357 

(5-2) 

 𝑬𝒌 = (𝐸 k,1, 𝐸 k,2, …𝐸𝑘,𝑁𝑠𝑎𝑚𝑝𝑙𝑒
) , 𝑎𝑛𝑑 𝑘 = 1,… ,19  (5-3) 

The control factor 𝑪𝒗𝒓𝒕 was the category values for sex to differentiate male and 

female samples, eg. Cvrt = (Female, Male). 

CpGs with the lowest AIC values in GxEmodel were segregated by three genotypic 

groups (AA, AB and BB) and regression against phenotype was performed in each 

genotypic group 

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

methylation  

When the genotype data was subjected to principal component analysis (PCA)[235], 

the samples were cleanly separated by ethnicity. The Indian subjects were clustered 

away from Chinese and Malay subjects on the 1
st
 component and the Chinese and 

Malay subjects were separated on the 2
nd

 principal component (Figure 37A).In contrast 

when the DNA methylation data was subjected to principal component analysis, the 

samples did not separate well by ethnicity on component 1 or 2 (Figure 37B), 

suggesting inter-individual methylation is not just a product of genotypic difference.  
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Figure 37 Principal component analysis on (A) genotype and (B) DNA methylation, shows 

different performance related to ethnicity. Subjects are coloured by self-reported ethnicity. 

5.3.2 Evidence for methQTLs  

All 1423 VMR-CpG methylation levels were compared to all 708,365 heterogonous 

SNP genotypes by GEM_Gmodel.  The best associated SNP (with lowest p-value) for 

each VMR-CpG was retained.   

The p-values obtained from the regression analysis were binned into 1000 equally 

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

the expected 708 p-values in each bin that was expected if p-values were distributed 

evenly. 966 (68%) of the individual VMR-CpGs had a skewed p-value distribution. In 

addition 1037 (73%) had a −𝑙𝑜𝑔10(𝑝) value above 6.5, which was the background 
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noise level across the genome. The final dataset of 1423 CpG-SNP pairs showed a 

range of associative p-values skewed towards the low end, suggestive of methQTLs in 

the dataset Figure 38. 

 

Figure 38 Genotype is significantly associated with VMR-CpGs. Histogram shows the 

frequency of p-value distribution from regression analysis of 1423 VMR-CpGs against 

all SNPs. 

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

either creates or eliminates a CpG site. These instances were denoted as “disrupting 

pairs”.  828 of the 1423 pairs (58%) included a SNP and CpG from the same 

chromosome, which were denoted as “cis pairs”.  The remaining 583 pairs (41%) 

include a CpG and SNP located on different chromosomes and were denoted as “trans 

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

would predict pairs to be equally distributed across chromosomes at ~4.5%)  

The strengths of association between methylation level and genotype among cis-, 

trans- and disrupting CpG-SNP pairs were investigated further (Figure 39). Disrupting 

pairs had significantly stronger associations than cis pairs, which in turn had stronger 

associations than trans pairs (p-value = 7.3x10
-117  

by Kruskal-Wallis test, the 

kruskal.test( ) function in R [171]).  
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Figure 39 Strength of association between genotype and methylation is strongest for 

disrupting pairs and weakest for trans pairs. 

 

5.3.3 GxEmodel best explained the variation in methylation at most VMR-

CpGs  

The GUSTO study has collected multiple environmental measures that were known to 

influence or reflect the quality of the in utero experience.  We used nineteen 

parameters as surrogate measures of the uterine environment and asked whether 

methylation at each of 1423 VMR-CpGs was better explained by genotype (G), 

environment (E) or the interaction between gene and environment (GxE) by competing 

the AIC values from a total 39 GEM models with 19 GEM_Emodels, 1 GEM_Gmodel 

and 19 GEM_GxEmodels.  

Methylation levels at ~25% of the 1423 VMR-CpGs were best explained by genotype 

alone, whilst the rest were best explained by GxE models. The models containing 

environment alone were never the best explanation of methylation at the VMR-

CpGs.  For the 75% of VMRs best explained by the interaction of genotype with in 

utero environments, the environments included maternal smoking, maternal 

depression, maternal BMI, infant birth weight, gestational age and birth order. This 



89 

 

finding combined the considerable published evidence for both the effects of 

environmental factors in pregnancy on both epigenetic states [124, 127, 128, 236-247] 

and health outcomes [248] and for genotypic influence on methylation.  The results in 

this project suggest that genotype exerts a moderating influence on such environmental 

effects, and the interplay of genotype and environmental effects influence 

development.   

The GxEmodel assumes that methylation is associated with environment in each of the 

genotypic subgroups by different coefficients.  However, we observed that in many 

cases, environment and methylation were very closely associated in one genotype and 

less so in the other two genotypes.  This could be the result of a genotypic group which 

is more sensitive to environment and methylomes accordingly. To identify CpG-VMRs 

that fit the sensitive genotype pattern, the subjects were segregated by the genotype in 

the best GxEmodel and stratified regressions were run for methylation and 

environment in the best GxEmodel.  The association of environment and methylation 

was significant after Bonferroni correction for 50 VMR-CpGs. Examples in Figure 40 

showed VMR-CpGs whose methylation levels are significantly associated with 

phenotype in only one genotypic group. Phenotypic values are shown on the x-axis, 

and methylation values in percentages on the y-axis. Samples are colored by their 

genotypic group (red indicates AA; blue, AB; black, BB) in left column, and a straight 

fit line is fitted for each group. In the right column, genotypic subgroup with the 

highest R
2 
showed for different environment factors. 

One reason why the GxEmodels might fail to explain the majority of the variance for 

more VMR-CpGs is that the association between methylation and a specific 

environmental condition may only be apparent in one genotypic subgroup.  This 

observation is consistent with the emerging view that genotype can determine the 

degree of environmentally-induced phenotypic plasticity, i.e. so called ‘plasticity 

genes’ [249, 250] and epigenetic mechanisms serve to maintain environmentally-

induced phenotypic variation [121, 251]. This is a particularly important finding for 

studies of either population differences or the influence of environmental factors on 

phenotypic outcomes. The finding of GxE interaction effects on the epigenome 

suggests that the necessary level of interrogation extends beyond simple EWAS 

analysis to include genotype.  The failure to include assessment of genotypic 

moderation of environment – epigenome relations might result in an underestimation 

of the potential for environmental impact among sub-populations. Patel et al. (2013) 
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[252] showed that candidate SNP and CpG loci with marginal associations in GWAS 

and EWAS respectively can show strong associations with disease (in this case type 2 

diabetes) when combined. 

 

Figure 40 Examples of VMR-CpGs whose methylation levels are significantly 

associated with phenotype in only one genotypic group. Phenotypic values are shown 

on the x-axis, and methylation value in percentages on the y-axis. (Left) Data for all 
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samples. Samples are colored by their genotypic group (red indicates AA; blue, AB; 

black, BB), and a straight fit line is fitted for each group. (Right) Genotypic subgroup 

with the highest R
2
. 

 

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

by genotype 

CpG MAD score across samples or the range of methylation values across samples was 

positively related to the strength of association between the CpG methylation values 

and the genotype of the best associated SNP (Figure 41, p= 3.54x10
-39

). This suggested 

the more variable CpGs are more likely to be within methQTL (Figure 41). The 1423 

VMR-CpGs chosen to lie within VMRs, as defining methylation variation by region, 

improved the specificity of analysis [162].  

 

Figure 41 VMR-CpGs with larger ranges of methylation values are more likely to be 

methQTLs.  Scatter plot showing the range of methylation values at each CpG across 

samples (x-axis) compared to the strength of association between the VMR-CpG 

methylation values and the genotype of the best SNP (y-axis).  

5.4 Discussion and conclusion 

Genotype (G) is accepted to be largely set at conception. In humans, de novo single-

nucleotide variation rate is estimated to range between 0.82~1.70×10
-8

 mutations per 

base per generation [253]. A study in 66 healthy monozygotic (MZ) adult twins at 



92 

 

506,786 SNPs found only two de novo somatic mutations to be present in white blood 

cells, resulting in a frequency of 1.2x10
-7

 mutations per nucleotide [254]. Another 

study using whole-exome sequencing on nine MZ twin pairs with genotypic 

discordances was unable to show any validated somatic mutation [255].  Copy number 

variants (CNVs) as a substantial part of genetic variation have relatively high mutation 

rates, however a genome-wide survey for post-twinning de novo CNVs in 1,097 MZ 

twin pairs identified and validated only 20 post-twinning de novo CNVs [256]. These 

findings provide direct evidence that early somatic point mutations do occur but the 

rate of mutation is low.  

However, methylation (M) is accepted to be mostly set during gestation (after 

conception) and is available to be changed by genotype (G->M) [257]. In an 

experiment [258], to define sequence contribution to DNA methylation states, 50 

different DNA elements were inserted into mouse stem cells.  Results demonstrated 

that proximal sequence elements are both necessary and sufficient for regulating DNA 

methylation [258]. Therefore, G is set when the egg is fertilized while M can be 

changed during gestation and at all stages of development. Therefore in this thesis, G-

>M is more likely the explanation for the majority of sites where G and M are 

associated.  However, I acknowledge that M->G is possible but suggest that this must 

be rare during the life course. Our findings from comparison modeling in methylome 

and genotype data in neonate cohorts [4, 5] showed that the rate of G->M is about 

25%. Others’ studies on monozygotic (MZ) and dizygotic twins (DZ) [67, 148, 186, 

202, 259-261] have concordantly shown 20-30% epigenetic changes were directly 

driven by genetic variants. Similar results can be also found in a recent result from van 

Dongen et. al [262].  The directionality of association between methylation and 

environmental influences is unclear and complicated by considerations such as tissue 

heterogeneity and I agree with the reviewer that although we can show that 

methylation states are associated with the environmental influences we can not 

definitely say whether E->M or M->E.  

In this chapter, I provided evidence for the influence of genotype on inter-individual 

variability in neonate DNA methylation alternations. Using GEM_Gmodel, methQTLs 

were readily apparent in the methylome of neonates. The findings were consistent with 

a recent report [263] of methQTLs across the neonatal epigenome in umbilical cord 

tissues and cord bloods.  They detected 14,189 ~ 32,318 methQTLs (3 ~7%) from 
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~450,000 CpGs by searching the SNPs (genotype 2.5 million) in 5 kb flanking regions 

either side of each CpG.    

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

the methylome.  The umbilical cords included a mixture of cell types.  Recent studies 

in blood suggest that some of the inter-individual variation in methylation is accounted 

for by differences in cellular content [31, 101]. The cell types in the GUSTO umbilical 

cords were unable to be separated as the tissues were frozen at collection, which was a 

limitation of this study.  However, a recently published study on adult human blood 

which did adjust for cell counts estimated a remarkably similar proportion of inter-

individual variation in methylation, to be genotype dependent (19%)[262].  

The one million SNPs studied on the OmniExpress and exome arrays is only a subset 

of the SNPs in the genome. Missing SNPs could have accounted for additional 

variance in the results.  However the one million SNPs were distributed relatively 

evenly across the genome and represented the majority of haplotype blocks. Finally, 

the Infinium 450K arrays used tend to cover coding genes and so the study in this 

chapter will have had less opportunity to cover variable methylation in gene deserts or 

non-coding genes. 

The analysis was intended to estimate the relative, potential influence of genotypic, 

environmental and gene x environment interactive effects on the neonatal methylome.  

The models should not be considered as fully determinative of specific outcomes.  

Indeed, many of the environmental factors considered here are inter-dependent.  Parity 

and maternal age, for example, are obviously correlated.  Moreover, other potential 

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

considered. Similarly, the associations shown in Figure 40 derive from models that did 

not control for potentially important covariates.  In addition, due to the number of 

predictive factors tested it is difficult to ascribe significance to any individual 

association. Instead we report the model that best explains the variance in methylation 

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

and suggest that models of epigenetic variation should consider such interactive 

influences.  

The work described in this chapter is the world’s first attempt to quantify the relative 

influence of genotype and environment, and their interaction on the human epigenome. 

Modelling based GEM tools facilitate the research successfully. The results strongly 
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suggested that computational modelling empowers biomedical discovery especially 

when it is hypothesis-free in ‘omics’ data. GEM based modelling answered 

fundamental questions about how the product of human evolution (genetic factors) 

interact with the individual circumstances that human are born into, to shape the well-

being.  
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6 Extending the story of HIF3A association with 

adiposity to before birth 

6.1 Introduction 

A recent large scale EWAS analysis with replication in independent cohorts, reported 

that methylation levels at three CpGs in the first intron of the Hypoxia Inducible Factor 

3A (HIF3A) loci (cg22891070, cg27146050, and cg16672562) were positively 

associated with body mass index (BMI) as measured in adult Caucasian whole blood 

and adipose tissues [29]. The authors postulated that HIF3A has a role in acquired 

obesity, perhaps through regulating adipocyte differentiation.   

The study also showed that two SNPs located within the first intron (rs3826795) and 

upstream (rs8102595) of the HIF3A locus have independent associations with 

methylation at cg22891070, one of the three BMI associated HIF3A CpGs [29]. 

However rs3826795 and rs8102595 genotypes at the SNPs did not predict BMI in any 

of the reported cohorts. Therefore, the authors suggest that increased DNA methylation 

at the HIF3A locus is a consequence of increasing BMI and not causal to BMI or a 

product of a confounding factor which independently drives both BMI and HIF3A 

methylation. As previous studies have shown the origins of obesity could begin in the 

womb [237], these findings motivated us to examine the relation between HIF3A CpGs 

and SNPs and adiposity among neonates in the GUSTO birth cohort [176]. The 

GUSTO birth cohort was designed, in part, to determine epigenetic marks which 

associate with early life environments and later phenotypes. 

In this study, a series of GEM like models were developed to examine in 991 GUSTO 

individuals, whether umbilical cord methylation levels at the CpGs of HIF3A identified 

in the previous study [29] associate with neonate birth weight and adiposity. 

Specifically, the three HIF3A CpGs were investigated for their association with infant 

weight, height and adiposity across the first two years of life. In agreement with the 

previous finding [29], we find that HIF3A DNA methylation at birth associates with 

measures of infant size and adiposity, the association of HIF3A DNA methylation and 

adiposity must begin in gestation or previous generations.  This may have significance 

for either mechanistic and/or biomarker studies.  
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6.2 Study design and data 

6.2.1 GUSTO participants and methylation/genotype data processing 

A total of 991 mother-offspring from the GUSTO cohort was used for this analysis. 

The GUSTO participants have been described in greater detail in previous chapters and 

published in [4] , the methylation and genotype dataset are from 450K and 

Omniexpress arrays respectively. Data processing and quality control were presented 

in the previous chapter.  

Three CpGs in the first intron of the HIF3A locus (cg22891070, cg27146050, and 

cg16672562) and two SNPs located within the first intron (rs3826795) and upstream 

(rs8102595) of the HIF3A, shown in Figure 42, were studied in 991 infant umbilical 

cord tissue samples. 

 

Figure 42 Location of methylation probes associated and SNPs in the HIF3A locus 

reported and studied. 

We have compared our study design and findings to those from [29] in Table 21.  
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Table 21 Comparison of our study design with those from Dick et al [29]. 

  Dick et al (2014) [29] Our work [5] 

Data cohort 479 adult European individuals 

in discovery cohort; 339 and 

1789 European individuals in 

two replication cohorts 

respectively. 

991 Asian neonates from GUSTO birth 

cohort, across three different ethnic 

groups (Chinese, Malay and Indian). 

Tissue Blood and adipose. Umbilical cord. 

Phenotype  BMI Weight*, length*, BMI* (*measured at 

birth, 6, 12, 18 and 24months of age), 

subscapular skinfold, triceps skinfold 

and the ratio of these two (birth, 18 and 

24 months).  

CpGs and 

SNPs 

Three CpGs (cg22891070, 

cg27146050 and cg16672562) 

and two SNPs (rs3826795 and 

rs8102595) within the HIF3A 

locus.  

Same CpGs and SNPs.   

Platform Infinium450K Same platform 
 

 

To study the association between HIF3A and infant weight and adiposity, six 

anthropometry measures including weight, length, BMI, subscapular skinfold, triceps 

skinfold and the ratio of subscapular to triceps skinfold were investigated as offspring 

outcomes. We also investigated the association between maternal pregnancy health 

status and methylation and infant outcomes. These 25 variables included maternal 

micronutrient levels, life style and glucose levels (see Table 22). All analyses were 

adjusted for gestational age (continuous), child sex (binary), ethnicity (category), and 

cell types (continuous). Characteristics of participants are shown in Table 22 and Table 

23 and analysis models are shown in Figure 43. 

Table 22 Characteristics of participants in the GUSTO cohort studied in the analysis. 

Characteristic Time point n (%) Mean (SD) 

Ethnicity: Delivery   

Chinese  568 (57)  

Malay  251 (25)  

Indian  172 (17)  

Child sex: Delivery   

Male  530 (53)  

Female  461 (47)  

Gestational age (weeks) Delivery 961 38.9 (1.0) 

Weight (g) Delivery 961 3150 (376) 

 6 months 872 7744 (919) 

 12 months 848 9405 (1073) 
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 18 months 808 10770 (1304) 

 24 months 820 11996 (1542) 

Length (cm) Delivery 916 49 (2) 

 6 months 876 67 (3) 

 12 months 850 75 (3) 

 18 months 695 82 (3) 

 24 months 720 88 (4) 

BMI(g/cm^2) Delivery 961 1.3 (0.1) 

 6 months 872 1.7 (0.2) 

 12 months 847 1.6 (0.1) 

 18 months 693 1.6 (0.1) 

 24 months 720 1.6 (0.1) 

Subscapular skinfold 

(mm) 

Delivery 962 5.0 (1.2) 

 18 months 673 6.4 (1.4) 

 24 months 760 6.4 (1.6) 

Triceps skinfold (mm) Delivery 963 5.5 (1.2) 

 18 months 714 8.6 (1.7) 

 24 months 734 8.8 (1.8) 

Subscaplure:triceps Delivery 962 0.93 (0.17) 

 18 months 648 0.76 (0.14) 

 24 months 723 0.73 (0.14) 

cg27146050 Delivery 991 15% (4%) 

cg16672562   19% (5%) 

cg22891070   31 (6%) 

rs8102595 minor allele 

frequency (G) 

  0.22 

rs3826795 minor allele 

frequency (T) 

  0.41 
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Table 23 Maternal status and maternal conditions 

 Prenatal environmental variable    time point 

maternal 

antenatal 

lifestyle  

1_job (yes/no) during pregnancy 

2_time_spent_for_sleeping(hour) during pregnancy 

3_gentle_exercise (yes/no) during pregnancy 

4_gentle_exercise_period (hour) during pregnancy 

5_consuming_special_diet (yes/no) during pregnancy 

6_drinking_alcohol (yes/no) before pregnancy 

7_drinking_alcohol (yes/no) during pregnancy 

8_smoked_regularly (yes/no) before pregnancy 

9_smoked_regularly (yes/no) during pregnancy 

10_anyone_living_in_home_smoke_daily 

(yes/no) 

during pregnancy 

11_job_with_smoking_exposure (yes/no) during pregnancy 

maternal 

anthropometry 

12_maternal_height (cm) 26-28 weeks  

13_weight_gain (kg) 26-26 weeks self-

reported weight at 

enrolment 

14_prepregBMI (kg/m^2) Pre-pregnant weight 

self-reported at 

enrolment 

maternal 

plasma 

micronutrients  

15_VitD (nmol/L) 26-28 weeks 

16_VitB12 (pg/ml) 26-28 weeks  

16_VitB12_categorized (0: <300 pg/ml, 

1: >=300 pg/ml) 

26-28 weeks   

17_Copper_(ug/L) 26-28 weeks   

18_Iron (ug/L) 26-28 weeks   

18_Iron_Categorized (0: <560 ug/L, 

1: >=560 ug/L) 

26-28 weeks   

19_Zinc (ug/L) 26-28 weeks   

20_Folate (ng/ml) 26-28 weeks 

gestation 

maternal 

glucose level 

21_ogtt_26w_2hr (mmolL) 26-28 weeks   

22_ogtt_26w_fast (mmolL) 26-28 weeks   

others 23_mother_age (year) first clinic visit 

24_birthorder (1/other) delivery 

25_mode_of_delivery (normal/LSCS) delivery 

 

6.2.2 Estimation of cell fractions from methylation data  

DNA methylation levels were measured in frozen umbilical cords that are made up of 

multiple cell types. CpG site methylation levels vary by cell types, and differences in 

cellular content between samples affect methylation levels independent of inter-
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individual variation within cell types [101, 264]. Using a methodology similar to that 

applied for blood samples [103], we calculated methylation signatures for the three 

main cell types found in umbilical cord using published data from umbilical cord 

isolated homogenous cell types [263]. We used these signatures to estimate cellular 

content in the 991 GUSTO umbilical cords. The estimated cellular proportions (only 

two of the three variables were used to prevent collinearity) were then adjusted as 

covariates in all regression models that included methylation as one of the variables.  

6.3 Statistical analysis and results 

The data and association studies were illustrated in Figure 43. In this study, the new 

factor Y as the adiposity measurement was introduced as the outcomes of methylation 

changes. GEM models were used to examine the associations of HIF3A methylation, 

genotype and prenatal environment factors. For example, function 𝑭𝟓 to explain HIF3A 

methylation changes by 25 prenatal factors is GEM_Emodel, function 𝑭𝟐 for exploring 

genotype and methylation relation is GEM_Gmodel and function 𝑭𝟒 is 

GEM_GxEmodel to find the interaction between genotype and birth adiposity 

outcomes.   Besides, a series GEM like models were developed to predict birth 

outcomes by HIF3A methylation as the explanatory variables, like function 𝑭𝟏 and  𝑭𝟑, 

in Table 24 

Matrix Y presents six birth adiposity measures (i=1 to 6 for weight, length, BMI, 

subscapular skinfold, triceps skinfold and the ratio of subscapular to triceps skinfold), 

and methylation at HIF3A CpG sites is 𝑀𝑗 (j=1,2,3 for the three CpGs). The covariates 

𝑐𝑣𝑟𝑡𝑘 (k=1,2,3,4, for four cofounders) and 25 environment factors 𝐸𝑙 (𝑙 = 1,… 25) are 

also listed in Table 24. 
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Figure 43 Study design for HIF3A: data and modelling. 

 

Table 24 Models in HIF3A analysis 

The infant anthropometric outcomes were represented as 𝒀𝒊 (𝒊 = 𝟏, 𝟐, 𝟑, 𝟒, 𝟓, 𝟔) for weight, 

length, BMI, subscapular skinfold, triceps skinfold and the ratio of subscapular to triceps 

skinfold. HIF3A methylation was 𝑴𝒋 (j=1,2,3) for three CpGs and the genotyping for two SNPs 

as 𝑮𝒏 (𝒏 = 𝟏, 𝟐) for two SNPs using additive minor allele effect as the value 0 for AA, 1 for AB 

and 2 for BB. Maternal status and conditions were denoted as 𝑬𝒍 (𝒍 = 𝟏,…𝟐𝟓)  and all models 

were adjusted by four covariates as sex, ethnicity, gestational age and cell types, as 𝒄𝒗𝒓𝒕𝒌 (𝒌 =
𝟏, 𝟐, 𝟑, 𝟒) for four confounders.  

Model Objectives Equation 

index 

lm (Y ~ M + cvrt) To test if HIF3A methylation can predict the 

anthropometric outcomes  
𝑭𝟏 

𝑙𝑚(𝑀 ~ 𝐺 + 𝑐𝑣𝑟𝑡) To test if HIF3A CpGs is a methQTL  𝑭𝟐 

𝑙𝑚(𝑌 ~ 𝐺 + 𝑐𝑣𝑟𝑡) To test if birth outcomes driven by the HIF3A cis- 

genotype 
𝑭𝟑 

𝑙𝑚(𝑀 ~𝑌 × 𝐺 + 𝑐𝑣𝑟𝑡) To test if the interaction between adiposity and 

HIF3A genotyping can explain methylation variants.  
𝑭𝟒 

𝑙𝑚(𝑀 ~𝐸 + 𝑐𝑣𝑟𝑡) To test the association between prenatal environment 

and  HIF3A methylation 
𝑭𝟓 

𝑙𝑚(𝑌 ~𝐸 + 𝑐𝑣𝑟𝑡) To test the association between prenatal environment 

and offspring outcomes 
𝑭𝟔 
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Association between umbilical cord methylation at three sites in HIF3A and child 

weight measured at 0, 6, 12, 18 and 24 months were tested by general estimation. 

Regression coefficients (Est) and 95% confidence interval (CI) were reported as 

percentage change in child weight for every 10% increase in methylation level. P-

values are two-sided. Using generalized estimating equations (implemented by gee 

function in R scripts)  to account for repeated measures, log-transformed weight was 

regressed against methylation at each CpG site, adjusting for fixed effects of time, 

child sex, ethnicity, cell type proportions and interaction between ethnicity and 

proportions.  Time was coded using a binary variable for each distinct time point and 

interaction terms of time with all variables (methylation, child sex, ethnicity, cell type 

proportions and interactions between ethnicity and proportions) were included.  

6.3.1 HIF3A methylation in umbilical cords was positively associated with birth 

weight and adiposity 

Higher umbilical cord HIF3A methylation level at all three CpGs was associated with 

greater infant birth weight, after adjusting for infant sex, ethnicity, estimated cellular 

proportions. Results generated from model 𝐹1 are presented in Table 25.  There were 

also significant associations with adiposity at birth measured by BMI and, for two of 

the three CpGs, by subscapular skinfold and the ratio of subscapular to triceps skinfold.  
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Table 25 Association between methylation at three HIF3A CpGs and neonatal 

anthropometric outcomes at birth and gestational age. 

  cg27146050 cg16672562 cg22891070 

Est 95% 

CI 

p-

value 

Est 95% 

CI 

p-value Est 95% 

CI 

p-

value 

Birth 

Weight (g) 

3.61 (0.68, 

6.63) 

0.015 3.34 (1.4, 

5.32) 

0.00068 2.05 (0.32, 

3.82) 

0.02 

Birth 

Length 

(cm) 

0.6 (-

0.29, 

1.5) 

0.19 0.46 (-0.13, 

1.05) 

0.13 0.35 (-

0.18, 

0.88) 

0.2 

BMI at 

birth 

(g/cm
2
) 

2.38 (0.23, 

4.58) 

0.03 2.4 (0.97, 

3.84) 

0.00096 1.35 (0.07, 

2.64) 

0.039 

Subscapular 

skinfold at 

birth (mm) 

-

0.77 

(-

5.97, 

4.72) 

0.78 5.44 (1.76, 

-9.25) 

0.0035 3.27 (0, 

6.64) 

0.05 

Tricepts 

skinfold at 

birth (mm) 

-

1.28 

(-

6.42, 

4.14) 

0.64 0.75 (-2.75, 

4.38) 

0.68 0.25 (-

2.90, 

-3.51) 

0.88 

Ratio of 

Subscapular 

to triceps at 

birth  

0.5 (-

3.85, 

5.04) 

0.83 4.67 (1.66, 

7.77) 

0.0022 3.02 (0.34, 

5.78) 

0.027 

 

For every 10% increase in methylation of cg27146050, cg16672562 and cg22891070, 

birth weight was 3.61% (95% CI: 0.68–6.63), 3.34% (1.4–5.32) and 2.05% (0.32–3.82) 

higher, respectively (Table 25). These effect sizes are slightly smaller than the 

corresponding effect estimates on adult BMI of 7.8% (5.1–10.4), 3.2% (2.0–4.4) and 

3.6% (2.4–4.9) as previously reported in [29].  

6.3.2 The association of HIF3A methylation and birth weight was independent 

of the contribution of cis-acting SNPs; but the association was stronger in 

one genotype group. 

We genotyped the SNPs identified previously [29] as cis-influencing on HIF3A 

methylation in the GUSTO cohort. The effect allele of rs8102595 is G with allele 

frequency 0.22 and the effect allele of rs3826795 is T with allele frequency 0.41. The 

two SNPs were associated with the three CpG’s methylation.  The association of two 

SNPs at the HIF3A with methylation at three loci in HIF3A was done by linear 

regression model as 𝐹2, methylation at each CpG site is regressed against each SNP. 

Regression coefficients and standard errors reflect change in methylation beta values 

per copy of the effect allele, adjusting for ethnicity, gender and cell types, as in Table 

26. 



104 

 

The tests on genotyping and the six outcomes were conducted by 𝐹3and none of the 

SNPs was associated with outcomes.  Table 27 showed neither SNP was associated 

with birth weight. The associations of birth weight with methylation at all three sites 

were similar when adjusted for genotype at both SNPs (Table 5 in [5].)  

Table 26 Association of two cis- SNPs (rs3826795, rs8102595) at HIF3A with 

methylation at three sites in HIF3A.  

  

cg27146050 cg16672562 cg22891070 

Est 95% CI p-value Est 95% CI 
p-

value 
Est 

95% 

CI 

p-

value 

CpG ~ 

rs810259

5 

1.2 
(0.96, 

1.5) 

5.7E-

19 
2.9 

(2.5,3.3

) 

1.6E-

45 
3.2 

(2.8, 

3.7) 

5.7E-

47 

CpG ~ 

rs382679

5 

0.6

4 

(0.4, 

0.87) 

1.1E-

07 
1.6 

(1.2,1.9

) 

3.2E-

18 
1.5 

(1.1, 

1.9) 

3.2E-

14 
 

 

Table 27 Association between SNPs at HIF3A locus and birth weight 

  
BW 

Est 95% CI p-value 

rs8102595 0.39 (-0.89, -1.7) 0.55 

rs3826795 0.059 (-1.0, 1.2) 0.92 

 

The results from testing on HIF3A methylation with the interaction of genotype and 

birth weight, as in model 𝐹4 showed the associations were only significant at p-value 

<0.05 for two of the CpGs and rs3826795 (Table 28).  In the CC genotype group, birth 

weight was more strongly correlated with HIF3A methylation, as shown in Figure 44. 

Table 28 Two sided p-values from testing for interaction term between log-transformed birth 

weight and SNPs, with methylation as outcomes, adjusting for cofounders.  

model cg27146050 cg16672562 cg22891070 

Pvalue Pvalue Pvalue 

M ~ log(BW) 

×rs8102595 
0.32 0.077 0.30 

M~ log(BW) × 

rs3826795 
0.34 0.019 0.033 
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Figure 44 Association between methylation at cg16672562 and birth weight, stratified 

by rs3826795 genotypes. (A) Scatter plots of birth weights against methylation. Each 

panel displays data of each genotype group. (B) Box plot of rs3826795 genotype 

against methylation.  

6.3.3 None of the prenatal environmental variables examined was consistently 

associated with HIF3A methylation and birth weight. 

In order to examine whether HIF3A methylation and birth weight were related to the 

prenatal environment, we examined for significant associations with both HIF3A 

methylation and birth weight for a range of factors related to the prenatal environment, 

both as main effects and in interaction with HIF3A genotype. Factors investigated 

included antennal lifestyle factors, such as activity level and smoking, maternal 

prepregancy BMI and pregnancy weight gain, maternal glucose tolerance during 

pregnancy indicative of gestational diabetes, maternal micronutrients levels and 

maternal age. Together there were 25 prenatal environment status and measurements 

(Table 23). There were some suggestive associations, for example, maternal glucose 

tolerance was significantly association with HIF3A methylation at one of the CpGs and 

birth weight. Furthermore, maternal weight gain during pregnancy was significantly 

association both with infant birth weight and HIF3A methylation interaction with 

genotype. However, there was no prenatal environmental variable that showed 

consistently significant association with all three HIF3A sites and birth weight and 

none of them yielded substantial effect size.  
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6.3.4 HIF3A methylation levels at birth predicted infant weight in the first two 

years of life 

The longitudinal analysis of the associations between anthropometric outcomes and 

HIF3A methylation was conducted generalized estimation equation. Interestingly, 

HIF3A methylation levels at birth were also associated with weight at later ages, albeit 

possibly with slightly lower effect size, see Figure 45. The trends were maintained 

when the model adjusted for birth weight.  

 

Figure 45 Association of HIF3A methylations with child weight measured at 0, 6, 12, 

18, 24 months.  

 

6.4 Discussion 

Based on a series designed models, we explored the reported HIF3A methylation 

CpGs, SNPs with prenatal environmental factors and infant birth weight and adiposity 

status for 991 GUSTO mother-offspring pairs. Comparable results (shown in Table 29) 

demonstrated that this study extended the previous finding that HIF3A DNA 

methylation in adults associated with BMI to show that the link between HIF3A DNA 

methylation with weight and adiposity can be detected at birth. We suggest that as the 

association between HIF3A methylation and adiposity is detectable so early in life. 

HIF3A may be a potential biomarker of metabolic trajectory. 
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Table 29 Comparison of our study findings with those from Dick et al [29]. 

Dick et al, published in The 

LANCET (March13, 2014) [29] 

Our work [5] Comparison 

For every 0.1 unit (10% ) 

methylation increase, adult BMI 

increased by 7·8% (5·1-10·4), 

3·2% (2·0-4·4) and 3·6% (2·4-

4·9) for cg27146050 and 

cg16672562, cg22891070 

respectively. 

   

For every 0.1 unit (10%) 

increase in methylation 

value, birth weight increased 

by 3.61% (95% CI: 0.68-

6.63), 3.34% (1·4-5·32) and 

2.05% (0.32-3.82) for 

cg27146050, cg16672562 

and cg22891070 

respectively.  

Effect sizes in both 

studies are comparable. 

Both cis SNPs were associated 

with three methylation sites, but 

not significantly associated with 

BMI. 

Both cis SNPs were 

associated with three 

methylation sites, but not 

significantly associated with 

birth weight. 

Comparable. 

 

Future studies should track both HIF3A methylation and offspring outcomes 

longitudinally during gestation, at birth and at subsequent ages to determine whether 

the association of HIF3A methylation with adiposity is consistent over life course. As 

blood and adipose tissues are invasive to sample in infants, HIF3A methylation levels 

should be investigated in other sample types such as saliva, buccal swabs or circulating 

fetal cells obtained prenatally. Longitudinal studies can help determine, if HIF3A is a 

signature for obesity risk and assess the utility of using HIF3A methylation to evaluate 

the efficacy of intervention as lifestyle modification. Future studies should also 

examine the impact of HIF3A methylation changes on gene expression in relevant 

tissues.  
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7 Summary and future work 

7.1 What we know now, we didn’t know then 

When this work was started in 2012, there was empirical evidence that 

1. Methylation marks could be measured on a genome wide scale [15]. After 

Infinium 450K [81] array was generated in year 2011, it quickly replaced its 

forerunners  and became a well-accepted platform for DNA methylation 

profiling of clinical samples and widely adopted in EWAS.  

2. Early life environment influenced later life phenotype [119]. The “Barker 

hypothesis”, also known as the “fetal programming hypothesis” emphasized 

that early environment, especially fetal life was the “developmental origins of 

health and disease” (DOHaD) [57, 119] .  

3. Some epigenetic marks were influenced by environment [129]. Studies 

searching for new associations were typically limited to hypothesis-driven 

candidate CpGs. For example, a study on 68 candidate CpGs screened on five 

neonates’ umbilical cords found hypermethylation of a RXRA CpG at 

chr9:136355885 was associated with lower maternal carbohydrate intake in 

early pregnancy. A subset of environment associated epigenetic marks could 

predict later phenotype, for example the same RXRA CpG was linked with 

higher neonatal adiposity [129]   

4. Methylation marks are influenced by in cis genotype. In a study of 27,000 

CpGs from human brain tissues with variation at 537,411 SNPs, Gibbs [144] 

found 4%~5% of the total CpGs were influenced by SNPs within 1MB region 

in the same chromosomal region (cis- ). A few other studies had similar 

findings and some of the methQTLs were independently discovered across 

different studies [146, 258]  

This thesis contributed (with many others) to the current state of our knowledge. We 

now know: 

1. Genome wide methylation marks can be measured robustly and at high 

resolution on arrays [1] and via sequencing modalities that improve coverage 

[2]. Data generated from such is prone to technical artifact but these can be 

corrected through careful processing.  

2. The computational barriers inherent in the analysis of large-scale multi-

dimensional combined genetic, clinical and epigenetic data can be overcome. 

Data  can be efficiently processed using standard computational infrastructure 

by GEM [3].  
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3. Methylation marks that are variable among individuals are reflective of both 

environmental influences and in cis genotype and most are the results of an 

interaction between the two [4]. Van Dongen [262] recently showed that along 

with genotype and environment, the interaction between sex and age can shape 

the inter-individual differences in DNA methylomes.  

4. Methylation marks in the HIF3A and VEGFB genes may be on the causal 

pathway to obesity and metabolic syndrome [5, 9, 265]. They may also 

contribute to the inter-generational transmission of obesity [266]. 

Therefore, we have expanded the evidence base for epigenetic marks as promising 

biomarkers for developmental disease trajectories. We now have the computational 

wherewithal to conduct EWAS for a wide range of environments and diseases. 

7.2 Summarization and contributions of this thesis 

The chapters in this thesis discussed insights into data analysis methods of diverse 

technologies surrogating DNA methylation and comprehensive modellings of 

epigenetic processes in associating with genetic variants and environment. Two major 

contributions have been done in this work, which including computational 

methodologies and epigenetic discoveries.  Data analysis in epigenetic measurements 

cross different technology platforms were improved by comparing measurements from 

clinical samples, and GEM package was developed to enable epigenetic studies in 

much larger scale with multiple dimensional data. Based on the developed methods, we 

explored neonate methylome, genetic variants and developmental environment, and we 

found DNA methylation levels of HIF3A as the potential biomarkers in adiposity 

development.  

There are seven chapters cross the whole thesis started from introduction in Chapter 1 

and ended by summarization in Chapter 7. Five other chapters in between the 

introduction and summarization presented five projects that were done during the 

study, which included processing the data to achieve minimized bias and high quality, 

exploring the data relationship with comprehensive methodologies and employing the 

methodologies to answer questions with result interpretation.    

Chapter 2 presented a novel pipeline in processing and normalizing DNA methylation 

measured in Infinium 450K technology. The pipeline was validated by concordance 

study for same seven clinical samples with RRBS technology [1]. The experiment by 

450K for the clinical samples suggested that batch effects were prevalent and data 
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normalization was very challenging. We then studied the technology and proposed a 

pipeline with two major processes, color adjustment and typeI/typeII correction, and 

accomplished the aims to eliminate the impact of technical defects and reduce the 

batch effect. This study represented the largest dataset for evaluation of the 450K with 

RRBS, and the first pipeline proposed to improve 450K analysis, at the time when 

results were published [1] and it has been cited by more than eighteen other 

publications based PubMed record.  

Next generation sequencing is an advanced technology in DNA methylation detection 

and Methyl Capture Seq (MC-Seq) is with good coverage and designed targets for 

CpGs. In Chapter 3, we explored the latest DNA methylation profiling, MC-Seq based 

on comparison between MC-Seq and 450K for same seven buccal epithelium samples. 

Results confirmed MC-Seq could be an attractive cost-effective alternative to whole-

genome bisulfite sequencing and improves on the lower level of methylome coverage 

offered by the Infinium array.  We were the first in evaluating the technical 

performance of MC-Seq in human buccal DNA samples. The comparison of 450K and 

MC-Seq was comprehensively across key functional genomic regions in the context of 

their coverage and concordance of methylation calls in clinical samples. Finally, as 

proof-of-principle, in a small sample, the utility of MC-Seq was examined in studying 

inter-individual methylome variation and distinguishing subjects from different ethnic 

groups.   

After the technologies were well studied and the methodologies for data processing 

were ready, in Chapter 4, a fast and efficient tool suite named GEM [3] was created to 

explore the associations of Gene, Environment and Methylation. It provides three 

models denoted GEM_Emodel, GEM_Gmodel and GEM_GxEmodel to facilitate 

analyses in EWAS. The GEM_Emodel tests the association of methylome marks and 

environmental factors; the GEM_Gmodel creates a methQTL genome-wide map; 

finally, the GEM_GxE model tests the ability of gene and environmental interaction 

models to predict DNA methylation levels. GEM was evolved into a R package with 

efficient implementation which was based on matrix operation.  GEM R package was 

then hosted in BioConductor http://bioconductor.org/packages/GEM/ [3] We 

benchmarked the performance of the GEM operations by the methylation, genotyping 

and environmental factors from publically available data. Our results demonstrated that 

the GEM package can facilitate reliable EWAS analyses within minutes, in a standard 

computational setting (processor=2.2GHz, RAM=8G, system = window7 64bit). 

https://bioconductor.org/packages/GEM/
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Based on GEM models, we studied the relationships among environment, genotype 

and methylation in 237 GUSTO infants and their mothers in Chapter 5. This chapter 

focused on the examination of the influence of genotypic (G), environmental (E) and 

gene x environment (G x E) effects on 237 multi-ethnicity Asian neonatal methylomes 

[4] by statistical modelling. We found methylation quantitative trait loci (methQTLs) 

were readily detected in variable methylated regions. Further, genotype alone is the 

best explanation for about 25% of the methylation changes.  About 75% of methylation 

changes were best explained by the interaction of genotype with different in utero 

environments, including maternal smoking, maternal depression, maternal BMI, infant 

birth weight, gestational age and birth order. Lastly, segregation studies the VMRs best 

explained by GxE demonstrated differential effects on the methylome in different 

genetic groups, which suggested the hypothesis that certain genetic groups are more 

sensitive to the effects of particular environment and methylate according. This was the 

first EWAS study to offer insights on the complex relationship between genetic 

inheritance and individual prenatal experience in interpreting neonatal epigenetic 

variation. In particular this work extended that genetic variation can moderate the 

relationship between environmental observations and epigenetic status.  

Chapter 6 is based on our publication in [5]. Motivated by a DNA methylation 

biomarker, HIF3A, which was reported with association with adult BMI by Dick et al 

(2014) [29], a series GEM models were used to examine the HIF3A methylation CpGs 

and SNPs with prenatal environmental factors and infant birth weight and adiposity 

status for 991 GUSTO mother-offspring pairs. Our study in umbilical cord DNA 

replicated the existing findings [29], and extended the reported association of HIF3A 

DNA methylation and adiposity to before birth. Results suggested that as the 

association between HIF3A methylation and adiposity is detectable so early in life, 

HIF3A may be a potential biomarker of metabolic trajectory. 

7.3 Limitations in this study 

7.3.1 The issue of tissue heterogeneity 

DNA methylation patterns are tissue specific. A recent study on DNA methylation 

signatures in cord found that methylation at 49.2% of CpG sites on the array differed 

by cell type [267]. The clinical samples conducted in this study are neonates from 

GUSTO birth cohort and DNA methylation profiling was majorly based on umbilical 

cord tissues.  It has been well known that cell type can influence the epigenome [268].  
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The caveat is relevant to our discovery of association among genetic variants, 

methylome changes and environment factors [4]. Umbilical cords were frozen at 

collection so no fractionation by cell type was possible. The confounding contribution 

of cell type heterogeneity and in silico methods for cell type devolution were not 

widely accepted at the time of the study. However, as the influence of genotype was 

clearly shown, cellular heterogeneity did not substantially mask inter-individual 

methylation patterns. It may be that the environmental influence was under-estimated 

as environmentally-driven epigenetic patterns are more likely to differ between cell 

types than genetically driven ones.  

With the availability of a reference data set consisting of DNA methylation 

measurements on isolated cell types, it is possible to impute cell proportions and adjust 

for them.  By the time we conducted our follow-up study of HIF3A methylation 

association with adiposity [5], we practiced careful control for cellular heterogeneity. 

We applied three methods, one is a reference method [103], and two reference free 

methodologies [104, 269] for adjusting association of DNA methylation in tissues for 

cellular components. The estimated cell fractions were then adjusted as covariates in 

the regression models.  

Reference-free algorithms can provide more flexibility when reference sets are 

incomplete or unavailable [270]. However, existing in-silico methods are restricted in 

dealing with the complexity of the nature of samples. Cell type separation on relevant 

sample will definitely provide golden parameters for association modelling and better 

interpretation of associations evident from DNA methylation.   

7.3.2 Limitations in computational analysis 

In this study we proposed data analysis pipeline for Infinium 450K array, applied linear 

regression in association studies and created a software package to operate epigenome 

wide association study in an efficient and fast way. All methodologies were well 

accepted in the research community, though there are quite a lot of imperfections.  

(1) The pipeline in this study is dependent on GenomeStudio 

Our published algorithm [1] requires signal intensities exported from Illumina’s 

GenomeStudio before correction for colour bias and the different dynamic ranges of 

the two types of probes included within Infinium arrays. This is in contrast to other 
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comprehensive methylation data packages subsequently developed such as “Minfi” 

[193] . Minfi uses subset quantile within array normalization (SWAN [183]) to 

perform corrections for probe type, which in our hands performed as well or slightly 

worse than our correction.  However ,the dependence of our tools for GenomeStudio 

data exporting has been recently overcome by publication of the  “illuminio” tool 

[193].  

(2) Covariates in linear regression is too complicated to be carefully 

addressed 

Covariate adjustment in the linear regression is widely used in studying the association 

between methylation changes with maternal condition and infant birth outcomes (E), 

genotype variants (G) and the interaction between environmental factors and genotype 

(GxE) in our study. There are continuous covariates (like maternal age and gestational 

age) and categorical covariates (like infant gender, ethnicity) and the misspecification 

between covariates and outcomes can lead to reduced power and potentially incorrect 

conclusions [271]. In the study of HIF3A, we found the estimated cell types were also 

related to ethnicity of the samples. So instead of using two independent covariates in 

the linear model, we used the interaction between “ethnicity” and “celltypes” to 

surrogate the associations these two factors [5]. We suggested much comprehensive 

test among all known parameters before the design of the association models to avoid 

collinearity.  

(3) Missing methylation values can not be included in matrix based 

operations and imputation could introduce error. 

Missing values are commonly present in methylation profiles. One reason for missing 

methylation values is typed CpGs vary from different technologies. For instance, 

Table2 in Chapter 2 for describes the comparison of 450K and RRBS data for the same 

tissues and samples, and showed there were data on only 100,000CpGs from both 

technologies, out of 450,000 measured by 450K and 6,000,000 by RRBS. The number 

decreased to 65,000 after quality control. In Chapter 3, the jointly measured CpGs 

between Infinium450K and MC-Seq numbered 395,000 (Figure 19 in Chapter3). 

Quality control and removal of probes with problematic signals produces missing 

values as well. In the DNA methylation screening of 1000+ GUSTO umbilical cords 

on Infinium 450K, 255,000 CpGs remained after discarding CpGs with detection p-

value less than 0.05 in any sample, invariable CpGs that shows less than 0.1 

methylation change across samples, and those on the sex chromosomes. Among the 
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255,000 CpGs that were tested, 18% of them had at least one sample with a missing 

value. Missing values cannot be included in matrix multiplication. A common 

approach is to exclude CpGs with any missing values but this causes loss of a large 

proportion of the data. In GEM we used the mean value across all samples with data to 

impute missing values. This method produced data very similar to the regression 

analysis (which can handle missing data) in the benchmark study on 1000 samples [3] 

in Chapter 4. However, when sample size is small, mean value imputation introduces 

error.  

Recent research has attempted to translate the techniques from comprehensive 

genotyping imputation [272] and gene expression prediction [273] to methylation data.  

Zhang et al  [274] applied penalized functional regression models [275] to impute 

missing methylation data across Infinium27K and Infinium450K datasets. Ma et al 

[276] used support vector machines to predict missing methylation profiles across 

different tissues. Both were able to validate their results by simulation studies. 

However, Zhang et al [274] assumed that DNA methylation exhibits local correlation 

among neighboring probes and this assumption does not always hold, especially when 

methylation values at a particular locus varied across individuals.  Similarly, Ma et al 

make the assumption that CpG methylation values correlate across tissues in [276] and 

this does not hold especially for sites of tissue-specific methylation, which are 

extensive.  Data based imputation methods should always be collaborated with 

biological domain knowledge. Recently, gene ontology was used to measure the 

expression similarity for microRNA expression data imputation [277], yet the similar 

practice to impute methylation has not been seen. In my opinion, the method presented 

in Zhang et al [274] has utility to impute data missing from Infinium 450K arrays 

relative to Infinium 850K, for comparison of the  same tissues,  however further 

evaluation is warranted in using it to impute missing methylation values between 

microarray and NGS technologies.  

7.4 Future work 

The EWAS studies described here using the Infinium450K platform are limited by the 

fact that we are studying only 450K CpGs, which is less than 2% of total ~28 million 

CpGs present in the genome. In GUSTO, the newly developed Infinium850K [96]  will 

be applied for longitudinal sampling in different tissues, which enlarges the 

accessibility of existing DNA methylation detection from regulatory elements to 
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enhancers, though it is still not able to disclose the full picture of human epigenome. At 

the same time, evolving NGS technologies continually shape the way of methylation 

detection in genomic coverage and research specificity, which also requests 

computational methods to be robust across data platforms. The comparisons of 

Infinium450K with RRBS and MC-Seq in clinical samples demonstrated the efforts are 

intensive and non-trivial [1, 2]. My future work will be continued in technology 

exploration and optimal pipeline development to suit the data analysis demands in 

EWAS.  

Epigenetics is the putative mediator that links genetics and environments to 

downstream phenotypes, by influencing gene functions. Future work could expand our 

mechanistic understanding to the consequence of altered DNA methylation on gene 

expression and subsequently health outcomes, see  

Figure 46.  Correlation of epigenetic marks to transcriptome has been conducted by our 

collaborators on a locus by locus basis e.g. quantitative PCR was used to assess 

CXCL14 transcript levels and correlate the epigenetic state of CXCL14 and suboptimal 

birth outcomes [7].  However, these approaches are candidates driven and employed on 

a limited scale. RNA sequencing (RNA-seq) empowers an in-depth view of the whole 

transcriptome [124]  and the evolving technologies in RNA-seq can detect dynamic 

range of expression from the vast diversity of clinically relevant RNA species [278]. 

Therefore, EWAS studies must be combined with RNA-seq datasets in order to 

construct a complete pathway to investigate how changes in the methylome influence 

phenotype. Tools to combine the genome, epigenome and transcriptome may have a 

similar structure to the GEM tools described in this thesis and be an extension of them.  

However they will need adaptation to reflect the fact that whilst the epigenome can 

influence the transcriptome, the transcriptome can also influence the epigenome. 

Extension of the GEM suite of tools to perform high-throughput causal analysis and 

perhaps mendelian randomization [279]  is warranted. 
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Figure 46 Schematic diagram illustrating a putative causal pathway 

for how the effects of genome and environment on phenotype are 

transmitted through the epigenome and transcriptome.  

Lack of statistical power is a continuing problem for EWAS, especially for 

developmental phenotypes and non-communicable diseases which include a small 

signal-to-noise ratio as epigenetic assay is noisy but the expected effect sizes are subtle 

(compared for example to the dramatic epigenetic changes seen in tumor tissues). The 

number of variables that can be measured in methylome analyses far exceed typical 

sample sizes available in birth cohorts like GUSTO. Increasing the sample size is not 

feasible and very costly, as epigenetic sampling measures not only molecular level 

profiling like DNA methylation and genotype, but also very detailed environment 

status for the individuals, like social economic status, living style and healthy 

conditions. Cross-omics analyses will help improve statistical power. In addition, my 

future work is designed to address these challenges by reducing noise and increasing 

specificity through statistical modeling with efficient computational operation. 

Large international and interdisciplinary studies are beginning to provide a good 

framework to better understand gene expression regulation in humans. ENCODE has 

examined 147 cell lines to search for functional elements in the genome; the 

Epigenomics Roadmap examined 127 tissue biopsies from embryos and adults, both 

diseased and healthy, with a focus on identifying functional regulatory elements; the 

International Human Epigenome Consortium and the Genome Tissue Expression 

project (GTEx) explores the relationship between genetic variation and tissue-specific 

gene expression and alternate splicing by sequencing whole genomes and examining 

gene expression in over 20,000 tissue samples from 900 individuals. Recent work from 

a UK group for the accessible resource for integrated epigenomics studies [280] 

inspired me. My future work will include shared data services with comprehensive 

epigenome browser for methylation profiles from different tissues, population or phenotype 

equipped with CpG query, more visualization function and bioinformatics tools to facilitate 

for better research. There are 1079 GUSTO mothers, 732 fathers and 1073 infants 

genotyped by Illumina Omniexpress+exome genotyping arrays. DNA methylation 
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profiles were screened in 1000+ umbilical cord tissues, 350+ maternal bloods and 350+ 

cord bloods. We have also results from GWAS, EWAS and GxE with regards to 1000+ 

clinical data including maternal condition, birth outcomes and longitudinal data for 

development. With all these different dimensional data, a systemized way to manage 

data in a genome browser style (https://genome.ucsc.edu) will be very helpful for data 

sharing and enable in depth study.   

Epigenetics is exciting. Understanding the mechanisms that regulate gene expression 

and function provides an opportunity for targeted therapeutic intervention. DNA 

methylation biomarkers have great potential to contribute to personalized medicine 

throughout life though there are still a lot hurdles. Multi-disciplinary teams including 

biomedical researchers and bioinformaticians are essential, especially when data is big 

and signal is complex by nature. A deeper understanding of the complex inter-

relationships between environment, behavior, physiological response and epigenetics 

will impact human health and with increasing knowledge comes optimism. 

  

https://genome.ucsc.edu/
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