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ABSTRACT (max 200 words)

Epigenetic regulation of various genomic functions, including gene expression, provide mechanisms
whereby an organism can dynamically respond to changes in its environment and modify gene
expression accordingly. One epigenetic mechanism implicated in human aging and age-related
disorders is DNA methylation. Isolated populations such as Norfolk Island (NI) should be
advantageous for the identification of epigenetic factors related to aging due to reduced genetic and
environmental variation. Here we conducted a methylome-wide association study of age using whole
blood DNA in 24 healthy female individuals from the NI genetic isolate (aged 24-47 years). We
analysed 450K methylation array data using a machine learning approach (GLMnet) to identify age-
associated CpGs. We identified 497 CpG sites, mapping to 422 genes, associated with age, with 11
sites previously associated with age. The strongest associations identified were for a single CpG site
in MYOF and an extended region within the promoter of DDO. These hits were validated in curated
public data from 2316 blood samples (MARMAL-AID). This study is the first to report robust age
associations for MYOF and DDO, both of which have plausible functional roles in aging. This study
also illustrates the value of genetic isolates to reveal new associations with epigenome-level data.
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INTRODUCTION

Epigenetics is a rapidly developing area of research and refers to the heritable, but reversible,
regulation of various genomic functions including gene expression. This provides mechanisms
whereby an organism can dynamically respond to a change in its environment and modulate gene
expression accordingly. As such, epigenetic mechanisms can have a profound effect on phenotype,
including disease risk and progression. One such epigenetic mechanism is DNA methylation, with
cytosine residue methylation at CpG dinucleotides well documented in many organisms. The
investigation of an individual’s methylation pattern can reveal a lifetime record of environmental

exposures as well as potential disease specific patterns.

Aging in humans has been associated with marked remodelling of the epigenetic architecture in terms
of DNA methylation patterns [1-3]. To date these studies have identified age-related CpG
associations in healthy populations [4,5], and age-related CpGs associated with disease susceptibility
[6]. Studies have assessed the extremes of the age distribution by comparing the methylomes of
centenarians with newborns [7,8]. One study proposed the idea of a methylation ‘clock’ for tissue
specific aging [9], while another demonstrated the use of DNA methylation to predict all-cause
mortality in later life [10]. This breadth of evidence highlights that age-associated methylation
variants could be important in influencing age-related disease.

Most studies of methylation in relation to aging have focused on the use of whole blood DNA given
its relative accessibility when compared to other cell and tissue types. The Infinium Human
Methylation 450 Beadchip (450k Array) has been the most popular technology for conducting such
methylome-wide association studies (MWAS). A large number of MWASSs focusing on blood have
been conducted and data for >4700 individual samples have been posited in the public repository
called MARMAL-AID [11]. Interestingly, a recent meta-analysis of whole blood MWASs applied a
new bioinformatics method to identify differentially methylated regions (DMRs) associated with
aging in humans [12]. Briefly, CpG sites were identified based on their genomic features, defining
groups of adjacent sites based on their density, and applying either a single site or region centric
analysis. The authors suggested that this design should allow for better comparison across other
studies of the similar design. This study resulted in a robust list of DMRs that vary across the lifespan
and may also have potential importance in aging biology [12]. More recently, a review by Jones et
al., [1] also provided a meta-analysis of age-related methylation papers and explored the overlap
between the most significant CpG sites across 7 separate studies to identify 11 CpG sites commonly

associated with age [1].



Most age-based MWAS conducted to date have been performed in unrelated cohorts collected from
general populations. Whilst such studies can offer the advantage of large cohort sizes they can be
negatively affected by confounding factors such as underlying genetic substructure and highly
variable environmental influences. Genetically isolated populations may help overcome such issues
due to having a reduced genomic and environmental diversity when compared to general populations
[13]. The Norfolk Island (NI) population is a genetic isolate with a well-documented history [14].
Norfolk Island is geographically remote, located ~1600kms off the East Coast of Australia. The
modern NI population was originally founded in the late 1780's on Pitcairn Island by 9 Bounty
Mutineers and 6 Polynesian wives and in 1856 the founder descendants relocated to NI [15]. Given
its remoteness, the population grew in almost complete isolation from mainland Australia. This, along
with the small island size and strict immigration policies, have ensured that both genetic and
environmental conditions shared by all NI individuals have remained fairly homogeneous. To date
the isolate has been well characterised genetically and phenotypically as part of the Norfolk Island
Health Study (NIHS) [16].

In an effort to further our understanding of age-related methylation we conducted a MWAS of whole
blood DNA in a healthy cohort from the isolated population of NI. We applied a statistical algorithm
called GLMnet [17], a machine-learning approach which conducts simultaneous analysis of CpGs by
allowing mixing of ridge regression and Lasso (least absolute shrinkage and selection operator) in an
elastic-net framework. We validated our top findings in the large cohort of publicly available
methylation data from MARMAL-AID.

RESULTS
NI aging and methylation

DNA extracted from blood samples from 24 healthy females from the well documented NI genetic
isolate [16,18] were assayed for methylation levels at probes across the genome using Infinium
Human Methylation 450 Beadchips (450k Arrays). Individuals ranged in age from 24 to 47 years,
with a mean age of 36 years. We explored associations between age and methylation (beta-value)
using a GLMnet (mixture of lasso and ridge regression) approach, and identified a total of 497 CpG
sites associated with age (Additional File: Table S1). We then compared the 422 genes to which the
497 CpG sites mapped to those identified in a recent meta-analysis [12]. We observed 5 genes from
our study which were consistent with the meta-analysis by Bacalini et al., (2015): ABCC4; CSNK1D;



EDARADD; ELOVL2, and OTUDT7A. Interestingly, we found numerous other age-related CpG sites

that had not been previously identified.

As this is a multi-marker approach there is no individual p-value associated with each CpG site as
there would be under a more traditional single-marker test. Using our approach, we applied the
absolute range in methylation as a form of ranking, under the assumption that the ‘larger absolute
range’ loci have more biological relevance (Additional File: Table S1). The most striking result was
a differentially methylated region (DMR) encompassing 4 CpG sites near the transcription start site
(TSS) of DDO (OMIM:124450): cg02872426; cg14956327; cg07164639, and cg06413398 (Figure

1). We then utilised available public data as an “independent cohort” to further explore these sites.
Validation in public data

At the time of analysis there were >4700 blood samples listed in MARMAL-AID [11], 2316 of which
had age recorded (range 0-103 years, mean age 54 years). These data were obtained and all DDO
CpG sites were extracted. We identified associations between DDO methylation and age in the public
data; the methylation spectrum ranged from ~100% in fetal blood samples through to <25% in
samples from individuals >75 years of age (Figure 2). Furthermore, although we had only assayed
females in the NI sample, the age-dependent association of DDO promoter methylation was apparent
in both males and females in the public data set. Using the same visualisation methods described in
the meta-analysis performed by Bacalini et al., we observed consistent hypomethylation in the older
age categories (Figure 3). In addition, we explored age associations across all DDO probes which are
present on the Illumina 450k array (Figure S1.). Interestingly, a fifth CpG site, cg02872426 (also in
the promoter region), showed strong correlation with age in the public data set. Overall, this is the

first observation of a robust 5 CpG site DMR at the promoter region of DDO.

The next top hit after DDO when ranking the results by absolute range was cg14060519, located in
the gene body of MYOF (Additional File: Table S1). This CpG was also validated in the public data
(Figure 4), showing a decrease in methylation with age independent of sex. Interestingly MYOF
(OMIM:604603) has been recently associated with aging in a comparison of RNASeq and 450k
methylation data [19]. However, this paper identified a different CpG site, cg14428166, as their top
mediator. The site identified in that study (cg14428166) is 99Kb away from the site associated in the
NI cohort and validated here in the public blood data (cg14060519). Additionally, we were unable to
replicate this association between age and cg14428166 in either the NI cohort or public methylation
data.

Biological significance of methylation with aging



The 497 age-related CpG sites identified in this study map to 422 unique genes. We noted overlap of
5 of these genes with those from Bacalini et al., [12]. To further investigate the biological context of
these genes we explored the overlap with the 305 genes listed in the GenAge Database of Ageing-
Related Genes [20]. We identified a total of 11 genes in common between the 2 gene sets: STAT3,
TNF, IGF2, POLAL, DGAT1, HSF1, EPS8, HIF1A, NFKBIA, GCLM, and NGFR.

We examined our CpG sites against those reported to define the epigenetic clock model recently
detailed in [9]. Of the 353 CpG sites used in the epigenetic clock we observed an overlap of 3:
€g09809672, ¢g19761273 and cg07849904 with our panel. In addition, from the 344 unique genes
(representing the aforementioned 353 CpG sites) we identified 8 as overlapping with our findings:
SYNEL, LGALS1, SLCO3A1, EDARADD, CSNK1D, KLF14, TBX5, MN1, and SCD5.

A recent Nature Communications meta-analysis explored the interactions of age, gene expression and
DNA methylation in whole blood [19]. Peters et al., reported 1497 genes as showing age associated
expression. When we compared these with our data we observed an overlap of 41 genes between our
gene list and the 1497 of Peters et al. Interestingly, one of these overlapping genes was MYOF,
whereby they identified a significant association with age and gene expression, attributed to be
methylation at CpG site cg14428166, located ~ 99kb away from the CpG site identified in this study
(cg14060519).

More recently Jones et al., reported results of a meta-analysis of previously published experimental
data [1]. Their final selection of a robust panel of common age-related markers identified 11 CpG
sites (and genes) consistent across at least 4/7 studies. Our analysis also identified 2/11 of these genes
and their respective CpG sites, EDARADD (cg09809672) and GREML1 (cg21296230).

Functional enrichment of genes with age-related methylation

To further explore the potential biological roles of the 422 genes represented by the 497 aged
associated CpG sites we performed a functional enrichment analysis using the ToppGene Suite [21].
The GO Biological Processes functional category provided significant enrichment in 27 pathways
passing a Bonferroni corrected threshold (Additional File: Table S2). Interestingly these pathways
included numerous biological processes pertinent to aging, including: positive regulation of RNA
metabolic process (p=0.001); muscle structure development (p=0.003); long-chain fatty-acyl-CoA

metabolic process (p=0.01), and neurogenesis (p=0.01).

As we had access to multiple layers of genomic data for the NI population we were also able to
examine the variance of DDO and MYOF gene expression in the NI cohort. Norfolk Island expression

data was collected using lllumina HT-12 arrays for 330 of the NI individuals [18] with an age range



of between 18-86 years within this sample group. When exploring age and methylation interactions
we observed no correlation between expression of the either DDO (pearsons r 0.04, p-value 0.73) or
MYOF (pearsons r 0.02, p-value 0.89) transcripts present on the array. Additionally, we observed no
association between transcript and methylation at the DDO promoter CpG sites (cg07164639 r=0.16
p=0.14; cg00804078 r=0.16 p=0.17; cg06413398 r=0.17 p=0.14; cg02872426 r=0.14 p=0.22;
€g20011134 r=0.02 p=0.86).

DISCUSSION

Here we report MWAS of peripheral blood DNA methylation in the NI genetic isolate. It is well
established that genetic isolates offer advantage to the study of complex traits and disorders at a
genomic level [13], but few studies have yet to explore this in the context of epigenetics [22,23].
Along with genetic homogeneity, one of the major benefits of studying an isolated population is the
potential for reduced environmental effects, i.e. a shared environment (diet, weather, temperature,
social structure). Using a cohort of healthy females from the NI population we identified numerous
age-related methylation sites, many of which confirm already published research. Interestingly,
several CpGs were uniquely identified in our study and validated in a large public data set
demonstrating the utility of population isolates in epigenetic association studies. Two genes identified
in our study were DDO, containing a set of 5 CpG sites forming a robust DMR across the promoter
region, and MYOF with a single CpG site in the gene. Methylation of specific CpG sites in these two

genes is reported here for the first time to be associated with age in a healthy human cohort.

Previously, association of methylation at a single DDO site (cg14956327) with age has been reported
in a cohort of northern Europeans, however this study concentrated on older individuals at risk of
metabolic syndrome [2]. In contrast our study subjects were selected to be as healthy as possible
(never smoked, minimal metabolic risk factors), and were of an overall younger age (<47 years old).
Our study initially identified four DDO promoter CpG sites as age-associated in this healthy female
NI cohort. We then validated this by using publicly available data for 2316 blood samples from mixed
sex subjects, confirming the association and identifying a fifth age-associated DDO CpG site also in
the promoter region (see Additional Figure S2). As such our results confirm that the age-association
identified across DDO promoter CpG sites is observed in both female and male individuals from all
age ranges. Moreover, it is interesting to note that DDO was not identified in the majority of previous
studies, which leads us to suggest that the machine learning method we have employed here at least
offers additional value to existing analytical methods, and should be used to complement and enhance

such approaches.



D-aspartate oxidase is an enzyme encoded by the DDO gene. The protein, a peroxisomal flavoprotein,
catalyses the oxidative deamination of D-aspartate (D-Asp) and N-methyl D-aspartate (NMDA) [24].
The current body of literature detailing the role of DDO suggests that it is crucial to several metabolic
processes, many of which involve the transfer of electrons and generation of reactive oxygen species
[25]. Biologically the impact of these processes over time is known to result in an accumulation of
these potentially damaging components, as in the situation of reactive oxygen species generated by
the mitochondria. One theory is that the accumulation of these free-radicals over time is responsible
for increased damage to important cellular components, which may contribute directly to the aging
process. It has been reported that DDO expression is highest in the brain of both animal models and
humans [26,27]; it is nearly absent during embryonic and perinatal development and progressively
increases during adulthood. Recently, a murine study reported that DDO promoter demethylation
enables postnatal DDO expression, and that constitutively suppressed DDO expression (in DDO
knock-out mice) leads to increased extracellular D-Asp levels in the brain, resulting in precocious
neuronal cell death triggered by excessive NMDA receptor stimulation [28]. This suggests a key role
for DDO in preventing neurodegeneration during brain aging. Our results suggest this may also be
the case in humans. We observed demethylation in blood and it continues throughout life, while in
the Punzo et al. study, conducted using whole mouse brain, the demethylation appeared to plateau to

a level of approximately 30% at 3 weeks post partum (around time of weaning).

We also identified DNA methylation at cg14060519 in MYOF as being associated with age in the NI
cohort. Methylation of this CpG has not been previously associated with age, however another CpG
in an exon of MYOF (cg14428166), which is ~99Kb away from cg14060519, has been previously
associated with aging in a very large meta-analysis exploring interactions between age, gene
expression (RNAseq), and methylation (450Kk) [19]. Of note, we were able to identify differential
methylation of a previously unreported age-associated CpG site in MYOF in a relatively modest
sample size from a genetic isolate with this observation validated strongly in public data (Figure 4).
Further investigation of the genomic region around cg14060519 revealed no other CpG's within +/-
2kb of this position. However, the intronic location of this CpG is within an annotated regulatory
hotspot, featuring DNase I hypersensitivity, an H3K27Ac mark and ENCODE CHIP-seq data. MYOF
codes for a protein called myoferlin [29]. Myoferlin is very similar structurally to dysferlin, both
belong to the ferlin family of proteins. These are calcium-sensing, membrane-associated proteins
which play an important role in muscle membrane repair and growth [30]. Mutations in these ferlin
proteins can cause muscle weakness affecting both proximal and distal muscles. Myoferlin has been
suggested as a candidate gene and potential modifier for muscular dystrophy [29], and is required for
insulin-like growth factor response and muscle growth [31]. Furthermore, myoferlin has also been
shown to be highly expressed in endothelial and vascular tissues where it has a role in membrane



integrity via its regulation of vascular endothelial growth factor (VEGF) receptor-2 stability and
signalling [32]. These data suggests a plausible biological relevance of a role for MYOF in the aging

process.

While differentially methylated regions (multiple CpG sites) are most commonly reported on there is
evidence of single-marker CpG sites, such as the one we identified in MYOF, showing association,
and indeed, functionality. In their study, Nile et al., (2008), reported that methylation status at a single
CpG site in the promoter of IL6 affected the regulation of gene expression of IL6, potentially
influencing rheumatoid arthritis [33]. In another study, by First et al., (2012), a single differentially
methylated CpG was identified to affect transcription of ESR1 [34]. More recently, Dick et al., (2014)
identified a single CpG site from whole blood associated with BMI in obese individuals [35]. When
testing this in other tissues they identified the same correlation at the same single CpG site in adipose
tissue, providing an excellent example of a robust single marker association and its translation to a

potential biomarker.

DNA methylation is an epigenetic mechanism well known to be involved in the control of gene
expression [36]. In this context we explored the association of age with gene expression in 330 NI
individuals previously expression typed [18]. We observed no correlation between expression and
age of either DDO or MYOF. Due to the location of the CpG sites in regulatory and promoter regions
we also explored associations of methylation and expression within DDO and MYOF. We observed
no significant associations between CpG sites and transcript expression in either gene and with the
current data the link between age and expression is inconclusive. This is possibly due to the small
sample size and future work will benefit from assaying a larger number of pedigree members. With
only one probe on the Illumina HT12 array assigned to DDO, the expression array technology used
is also a limitation. The single probe does not account for other potential isoforms and as such is not
able to be tested for association. Obtaining RNA-seq data in a larger sample size of members would

allow exploration of multiple isoforms and their potential association with DNA methylation.

While DNA methylation is a potential modulator of gene expression, with hypermethylation of
promoter regions strongly associated with decreased gene expression this is not always the case. Also,
hypomethylation, of gene bodies has been associated with decreased mMRNA expression [37] and it is
increasingly realised that DNA methylation has effects on alternate splicing [38—40]. It is possible
that alternate transcripts regulated by DNA methylation were not covered by the Illumina HT-12
arrays and therefore remain undetected in this study. In mouse brains demethylation of the DDO
promoter correlated with increased DDO mRNA and treatment of neuronal cells with the DNA-
methylating agent, azacitidine, caused a moderate increase in mRNA levels [28]. Here we have

observed the same trend in demethylation in the DDO promoter in humans, but did not see the



association with mRNA expression. One possible explanation is that while the methylation signal in
whole blood is able to be identified in humans, the specific cell type expressing the mMRNA may be
masked by the heterogeneity of the cells withinin blood. Alternatively, the observation by Punzo et
al., of increased DDO mRNA with promoter demethylation was reported in murine brains, and it may
be that we have identified biomarkers in the cells that make up whole blood which tag
methylation/expression interactions in other tissues, i.e. the brain. This type of biomarker
identification in biologically relevant tissues is well documented by Dick et al., 2014. In this study
an association with CpG sites within whole blood was observed with BMI [35]. When looking in
several different tissues (adipose tissue, skin epithelium), the same association was observed in
subcutaneous adipose tissue but not in the skin, suggesting that blood is potentially a biologically

relevant source of biomarkers for BMI interaction in adipose [35].

In this study we demonstrate the ability of the NI population to detect age-associated methylation
sites. Aside from the benefit of the NI genetic isolate as a discovery cohort, there are a number of
additional potential reasons for this. Firstly, the majority of studies to date have examined specific
age intervals, i.e. fetal/newborn, adulthood, old age, rather than encompassing the full age spectrum.
In this study we obtained a large amount of public data ranging across ~100 years of human life, and
utilized both the increase in power from the number of samples as well as the increase in phenotypic
trait variation (age) to our advantage. Secondly, it is important to consider the methodology used to
test for association. In this study we used a machine-learning approach implemented in the R package
GLMnet [17]. There have been several MWAS publications that have used the GLMnet approach to
identify CpG-DNA methylation:trait associations [9,41-43]. The GLMnet package provides benefits
to the identification of associations in genomic data through the implementation of an elastic-net
routine. The elastic-net framework brings together two established approaches, ridge regression and
LASSO, and by applying specific tuning parameters is able to overcome limitations of either method.
Here we demonstrate that the GLMnet method has identified both robust DMRs and single CpGs
with potential biological relevance and statistical significance which clearly validate in a separate
independent cohort of public data. Further validation of our approach is demonstrated by the very
good and consistent overlap of both CpG sites and genes in our analysis with those from multiple

previous studies and meta-analyses.

CONCLUSIONS

It is well established that isolated populations and large pedigrees have been beneficial for performing
GWAS of complex traits. Here we have demonstrated the utility of isolated populations in the
identification of methylation/epigenetic associations. Using an elastic-net framework we identifed a



panel of age associated DMRs in a sample of healthy NI females. This list is largely consistent with
genes previously associated with aging. Interestingly our approach revealed a robust DMR in the
promoter of DDO, a gene not previously reported in aging studies of healthy individuals. Our
observations were validated in a large number of public blood samples, suggesting that this
association exists in the methylomes of white blood cells, making it a potentially valuable biomarker
for aging. Additionally, both DDO and MYOF are potentially relevant from a biological perspective
to the mechanisms regulating aging. Further work is required to establish a role for these genes in
aging, as well as additional modelling in other tissues to explore the potential of more systemic age-
associated methylation profiles.

MATERIALS AND METHODS
Sample/cohort collection and Ethics

The Norfolk Island Health Study (NIHS) was established in 2000 [16], and several collections have
since occurred as part of an extended health survey [44,45]. To reduce the possibility of confounders
we selected 24 individuals using a stringent criteria, and investigated age at time of collection (aged
24-47 years). The NI samples in this study were restricted to females to exclude potential
complications of sex in the analysis. All 24 female samples were selected as being 'healthy’, meaning
all selected individuals: had never smoked throughout the course of their life to date; were not on
medications (i.e. hypertensive or lipid lowering), and had no adverse health events recorded in the
extensive questionnaire. Additionally, as all samples belong to an extended pedigree we ensured
selected individuals were as unrelated as possible, the closest relationships are second-cousins (an F
0.015625 relatedness), to reduce the influence of relatedness on association. All individuals gave
written informed consent. Ethical approval was granted prior to the commencement of the study by
the Griffith University Human Research Ethics Committee (ethical approval no: 1300000485) and
the project was performed in accordance with the relevant guidelines, which complied with the

Helsinki Declaration for human research.

Publicly Available Methylation Data

A total of >4700 blood samples were extracted from the Illumina 450k methylation repository,
MARMAL-AID [11]. These data was filtered based on the presence of age phenotype information,
reducing the final number to 2316 for which beta values for the probes of interest were obtained.

These samples had an age range of 0 to 103 years of age, with a mean of 54 years of age.



Methylation Arrays and Quality Control

EDTA anticoagulated venous blood samples were collected from all participants enrolled in the
NIHS. Genomic DNA was extracted from blood buffy coats via standard phenol-chloroform
procedures. Prior to the array procedures 0.5 pg DNA from each sample was bisulfite-converted using
EZ DNA methylation kits (Zymo Research Corp., USA). DNA methylation was measured at 485K
CpG sites using the Illumina Human Methylation 450k BeadChip arrays. Raw intensity data (Illumina
450k idats) were loaded into R [46] using the Bioconductor minfi package [47]. Background
correction and control normalisation was implemented in minfi. A further custom filter for probe
quality was applied; probes were classed as failed if the intensity for both the methylated and
unmethylated probes was <1,000 (based on intensities observed for negative control probes). Any
probe which failed in at least one sample, was removed from the entire dataset. All probe sequences
were mapped to the human genome (hg19) using BOWTIE?2 [48] to identify potential hybridisation
issues. 33,457 probes were identified as aligning greater than once and these were removed from the
entire dataset. Additionally, we removed all previously identified cross-reactive probes [49].
Furthermore, as our sample cohort was female, Y chromosome probes were filtered from the dataset.
The final number of probes after QC and filtering was 446,455. We chose to retain probes annotated
to contain SNPs, with the view that SNP effects could be further explored if found to be present. All
analysis was performed on beta values, calculated as the intensity of the methylated channel divided
by total intensity including an offset ((methylated + unmethylated) + 100). All analyses was
performed in R 3.2.3 [46], using a range of Bioconductor packages and custom scripts.

Age association profiling

GLMnet penalised ridge-regression mixed with lasso in an elastic-net framework was used as
implemented via the R package glmnet [17] to explore methylation association with age at time of
collection in 24 health NI females. It is accepted that conventional statistical analysis procedures that
test each CpG within an independent regression model suffer from multiple testing burden and
reduced statistical power. To overcome this issue we choose to use the penalised regression
procedures of GLMNet, which tests all markers simultaneously, i.e. in a single regression model.
GLMNet was specifically designed to overcome issues of large variable number (k) and small sample
size (n) and has been successfully applied to several genome-wide association studies of SNPs [50—
52] and recently methylation [12]. Briefly, glmnet fits a generalized linear model via penalized
maximum likelihood. The regularization path is computed for the lasso or elastic-net penalty at a grid
of values for the regularization parameter lambda A. The elastic-net penalty is controlled by o, and
bridges the gap between lasso (a=1, the default) and ridge a=0. The tuning parameter ( a=1) controls
the overall strength of the penalty. The ridge penalty shrinks the coefficients of correlated predictors



towards each other while the lasso tends to pick one of them and discard the others. The elastic-net
penalty mixes these two; if predictors are correlated in groups, an 0=0 tends to select the groups in or
out together. We selected an alpha at the lower end of the range (0.05) to shift the elastic-net model
more towards the penalised-regression (ridge regression), allowing us to retain more related features
(CpG sites which share variance), meaning we were able to reliably detect differentially methylated
regions. For the GLMnet modelling we used cross-validation to determine the optimal value of
regularization parameter A with both minimum mean squared error (MSE) and minimum MSE + ISE
of minimum MSE. The optimal A values were then used for predictor variable selection. Equation 1

shows our implementation of the GLMnet equation in R:
age.model < -glmnet(x = t(beta.matrix), y = age, alpha = 0.05, nlambda = 425) (1)

It is important to highlight a key distinction between conventional regression modelling and the
penalised regression (PR) model used in our paper: CpGs retained in the final PR model are not
assigned a statistical significance (P) value as they would be in a single-marker analysis using
conventional regression modelling. Instead GLMNet includes bootstrapped cross-validation for
tuning and selecting the optimal lambda, as well as the selection of alpha (the penalisation parameter).
Under the penalised-regression routine all predictor variables which aren’t penalised to zero are
retained in the overall model in the elastic-net framework. In order to 'rank’ the sites we defined the
absolute range for each CpG site, that is the absolute value of the largest observed beta minus the
smallest observed beta for a given CpG site (Additional File: Table S1.), under the assumption that
the ‘larger absolute range’ loci have more biological relevance. Additionally we ran bayesglm
(bayesian generalized linear models) from the arm package [53] for all 497 sites extracted from the

model. The regression model was implemented as below:
age.bayesglm < -bayesglm(age @ CpG.site) (2)

This provided regression coefficients (signifying effect size) and p-values for each of the 497 CpG
sites (Additional File: Table S1.). To test the association of the specific methylation probes in the

additional public blood data the inbuilt general linear regression (Im) model within R was used.
Gene expression and age in the NI cohort

We have previously reported on the collection, processing and analysis of Illumina HT-12 gene
expression data for 330 NI individuals [18]. Correlation between the expression of the three available
DDO transcripts (ILMN_1790329, ILMN_1790329, ILMN_2393461) and age was performed in R
using the inbuilt pearsons correlation method (cor). This was also performed for the three available
MYOF transcripts (ILMN_1810289, ILMN_3302919, ILMN_2370976).



Overlap with previous studies

To further explore biological significance of our associated genes with aging, we downloaded the
latest build of the GenAge Database of Ageing-Related Genes [20], build 18 October 11 2015. This
build contained 305 human genes previously associated with age. We explored the overlap between
the genes identified in our study with the 305 from this GenAge database. In addition we also
compared our results to those detailed by Horvath in his 'epigenetic clock’ algorithm [9], as well as a
list of 1497 age associated genes recently identified in a large meta-analysis [19].

Pathways enrichment analysis

Functional enrichment of the 422 genes representing the 497 age-associated CpG sites was performed
in the ToppGene Suite webserver [21] using the ToppFun function. Bonferroni adjusted correction
was used in the reporting of all pathways results (adjusted P<0.05).
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Figures

Figure 1. Four promoter associated DDO CpG age-associations for the 24 healthy female Norfolk
Island samples showing statistically significant reduction in methylation with age. Regression
statistics are displayed within each panel..
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Figure 2. Four DDO promoter CpG sites associated with human age in white blood cells from 2316
samples sourced from the MARMAL-AID methylation repository. Each association is fitted with an
overall loess regression model, with the regression statistics shown in the top right of each panel.
Points are coloured and shaped to represent both males (black, circles) and females (grey, triangles)
separately.
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Figure 3. Public blood data age categorised for 4 promoter associated DDO probes, portrayed in the
same fashion as demonstrated in Bacalini et al., 2015. Mean methylation values in 10 age classes are
reported for each CpG probe within the DDO promoter.
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Figure 4. A single MYOF CpG site associated with age in: A) the 24 healthy female Norfolk Island
samples, and B) 2316 public blood samples sourced from MARMAL-AID.
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Additional Files

Additional File: Table S1. List of all GLMnet reported 497 CpG sites associated with age in the 24
healthy female Norfolk Island samples. Description of columns: IImnID = label of Illumina 450k
probe; direction = direction of effect; CHR = chromosome; MAPINFO = physical position on
chromosome; gene = gene symbol; feature = genomic feature (i.e promoter, exon, etc.); Estimate =
bayesglm coefficient; Std..Error = standard error; t.value = bayesglm t statistic; Pr...t.. = bayesglm p-
value; range = absolute range of methylation

Additional File: Table S2. List of all significant ToppGene pathways results passing a Bonferroni
threshold (adjusted p < 0.05). Description of columns: Category = GO category; ID = GO ID; Name
= name of GO annotation; p-value = unadjusted p-value; g-value Bonferroni = Bonferroni adjusted;
g-value FDR B&H = Benjamini and Hochberg adjusted FDR; g-value FDR B&Y = Benjamini and
Yekutieli adjusted FDR; Hit Count in Query List = number of genes from study that match GO
annotation; Hit Count in Genome = number of genes in specific GO pathway; Hit in Query List =
specific gene symbols which match the GO annotation

Additional File: Figure S1. All DDO probes present on the Illumina 450k, showing CpG
associations with age from the available 2316 blood samples. Probes are ordered according to
genomic feature. Fitted models represented are linear regression (blue line of best fit) and loess
regression (red line of best fit). The original 4 promoter CpG sites associated in the NI cohort are
present.



€g26155617 DDO TSS1500 ¢g14956327 DDO TSS1500 cg07164639 DDO TSS1500 ©g00804078 DDO TSS200

- © ©
s o~ ] 8 o 3 S &
o o _| 0] 7] [}
m M m m
< ] N o
S e ©
T 1 T T 1
0 20 60 100 0 20 60 100 0 20 60 100 0 20 60 100
age (years) age (years) age (years) age (years)
cg06413398 DDO TSS200 ©g02872426 DDO TSS200 ©g20011134 DDO Body ©g14038731 DDO Body
@ g o @ s 2
[ [o5] [05] @
@ o oM m o ~
(= o
1 1T 1T T 1 1 T 1T T 1
0 20 60 100 0 20 60 100 0 20 60 100
age (years) age (years) age (years) age (years)
cg12618475 DDO Body cg11645539 DDO Body ©g22577120 DDO Body cg23891903 DDO Body
© e
s ] -
g @ © o] - ©
T © © o 2 ] o =2
m m m o ] m ©°
[aV] —
o N o :
T 1 1T T 1 © T T T T T 1 o T T T T T 1
0 20 60 100 0 20 60 100 0 20 60 100 0 20 60 100
age (years) age (years) age (years) age (years)
©¢07236939 DDO Body ©g12078872 DDO Body ©g01119278 DDO Body ©g00083206 DDO Body
g N o~ g < g @
v © ] T o ] ° © o ©
m _ m — m m
< —~ ol o
c g S S
T T T T T I o T T T T T T
0 20 60 100 0 20 60 100 0 20 60 100 0 20 60 100
age (years) age (years) age (years) age (years)
cg19196401 DDO Body €g 13266496 DDO Body cg00847453 DDO Body ©g17295389 DDO Body
o s @ g o b o
[ [oo] o [o] o @
m m L m | . m
N R [
e T T T I I I <o T T T T T I T T T T T T
0 20 60 100 0 20 60 100 0 20 60 100 0 20 60 100
age (years) age (years) age (years) age (years)

Additional File: Figure S2. UCSC hg19 track snaphot of chromosome 6 centered on DDO. The 5
promoter associated CpG sites are indicated by a red astrix and a red box.

UCSC Genome Browser on Human Feb. 2009 (GRCh37/hg19) Assembly

move | <<< | < >> zoomin 15x | 3x | 10x | base |zoom out| 16x | 3x | 10x | 100x

chré: 110,707 540-110,742,596 35,057 bp. | DO (Homo sapiens D-aspartate oxidase (DDC), transcript variant 1 || go

e cazt) [ SS TETNEY Em B i | ICTEREN DR T WO PO e BCOTONW DN e W TR TR o TR R suce ]|




References

1.

Jones MJ, Goodman SJ, Kobor MS. DNA methylation and healthy human aging. Aging Cell.
2015. p. 924-32.

Ali O, Cerjak D, Kent JW, James R, Blangero J, Carless MA, Zhang Y. An epigenetic map
of age-associated autosomal loci in northern European families at high risk for the metabolic
syndrome. Clin Epigenetics [Internet]. 2015 [cited 2015 Aug 13]; 7: 12. Available from:
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=4372177&tool=pmcentrez&rend
ertype=abstract

Zannas AS, Arloth J, Carrillo-Roa T, lurato S, R6h S, Ressler KJ, Nemeroff CB, Smith AK,
Bradley B, Heim C, Menke A, Lange JF, Bruckl T, et al. Lifetime stress accelerates
epigenetic aging in an urban, African American cohort: relevance of glucocorticoid
signaling. Genome Biol [Internet]. 2015; 16: 266. Available from:
http://genomebiology.biomedcentral.com/articles/10.1186/s13059-015-0828-5

Bell JT, Tsai PC, Yang TP, Pidsley R, Nisbet J, Glass D, Mangino M, Zhai G, Zhang F,
Valdes A, Shin SY, Dempster EL, Murray RM, et al. Epigenome-wide scans identify
differentially methylated regions for age and age-related phenotypes in a healthy ageing
population. PLoS Genet. 2012; 8.

Florath I, Butterbach K, Muller H, Bewerunge-hudler M, Brenner H, Muller H, Bewerunge-
hudler M, Brenner H, Miller H, Bewerunge-hudler M, Brenner H. Cross-sectional and
longitudinal changes in DNA methylation with age: An epigenome-wide analysis revealing
over 60 novel age-associated CpG sites. Hum Mol Genet [Internet]. Oxford University Press
(OUP); 2014 [cited 2015 Feb 25]; 23: 1186-201. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/24163245

Xiao F-H, He Y-H, Li Q-G, Wu H, Luo L-H, Kong Q-P. A Genome-Wide Scan Reveals
Important Roles of DNA Methylation in Human Longevity by Regulating Age-Related
Disease Genes. PL0S One [Internet]. San Francisco: Public Library of Science; 2015; 10.
Available from:
http://gateway.library.qut.edu.au/login?url=http://search.proquest.com/docview/1664930484
?accountid=13380

Gentilini D, Mari D, Castaldi D, Remondini D, Ogliari G, Ostan R, Bucci L, Sirchia SM,
Tabano S, Cavagnini F, Monti D, Franceschi C, Di Blasio AM, et al. Role of epigenetics in
human aging and longevity: Genome-wide DNA methylation profile in centenarians and
centenarians’ offspring. Age (Omaha). 2013; 35: 1961-73.

Heyn H, Li N, Ferreira HJ, Moran S, Pisano DG, Gomez A, Diez J, Sanchez-Mut J V, Setien
F, Carmona FJ, Puca AA, Sayols S, Pujana MA, et al. Distinct DNA methylomes of
newborns and centenarians. Proc Natl Acad Sci [Internet]. Proceedings of the National
Academy of Sciences; 2012; 109: 10522—7. Available from:
http://dx.doi.org/10.1073/pnas.1120658109

Horvath S. DNA methylation age of human tissues and cell types. Genome Biol [Internet].
2013; 14: R115. Available from:



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

http://genomebiology.com/2013/14/10/R115/%5Cnhttp://www.ncbi.nlm.nih.gov/pubmed/24
138928

Marioni RE, Shah S, McRae AF, Chen BH, Colicino E, Harris SE, Gibson J, Henders AK,
Redmond P, Cox SR, Pattie A, Corley J, Murphy L, et al. DNA methylation age of blood
predicts all-cause mortality in later life. Genome Biol [Internet]. 2015 [cited 2015 Jan 31];
16: 25. Available from: http://genomebiology.com/2015/16/1/25

Lowe R, Rakyan VK. Marmal-aid - a database for Infinium HumanMethylation450. BMC
Bioinformatics [Internet]. 2013 [cited 2013 Dec 13]; 14: 359. Available from:
http://www.biomedcentral.com/1471-2105/14/359

Bacalini MG, Boattini A, Gentilini D, Giampieri E, Pirazzini C, Giuliani C, Fontanesi E,
Remondini D, Capri M, Del Rio A, Luiselli D, Vitale G, Mari D, et al. A meta-analysis on
age-associated changes in blood DNA methylation: results from an original analysis pipeline
for Infinium 450k data. Aging (Albany NY) [Internet]. 2015 [cited 2015 Jul 7]; 7: 97-109.
Available from:
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=4359692&tool=pmcentrez&rend
ertype=abstract

Peltonen L, Palotie A, Lange K. Use of population isolates for mapping complex traits. Nat
Rev Genet. 2000; 1: 182-90.

Benton MC, Stuart S, Bellis C, Macartney-Coxson D, Eccles D, Curran JE, Chambers G,
Blangero J, Lea RA, Griffiths LR. “Mutiny on the Bounty”: the genetic history of Norfolk
Island reveals extreme gender-biased admixture. Investig Genet [Internet]. 2015 [cited 2015
Sep 3]; 6: 11. Available from: http://www.investigativegenetics.com/content/6/1/11

Edgecombe J. Norfolk Island - South Pacific: Island of History and Many Delights.
Thornleigh: Australia: J.M. Edgecombe; 1999.

Bellis C, Hughes RM, Begley KN, Quinlan S, Lea RA, Heath SC, Blangero J, Griffiths LR.
Phenotypical characterisation of the isolated Norfolk Island population focusing on
epidemiological indicators of cardiovascular disease. Hum Hered. 2006; 60: 211-9.

Friedman J, Hastie T, Tibshirani R. Regularization Paths for Generalized Linear Models via
Coordinate Descent. J Stat Softw [Internet]. 2010; 33: 1-22. Available from:
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2929880&tool=pmcentrez&rend
ertype=abstract

Benton MC, Lea RA, Macartney-Coxson D, Carless MA, Goring HH, Bellis C, Hanna M,
Eccles D, Chambers GK, Curran JE, Harper JL, Blangero J, Griffiths LR. Mapping eQTLs in
the Norfolk Island Genetic Isolate Identifies Candidate Genes for CVD Risk Traits. Am J
Hum Genet [Internet]. Elsevier; 2013 [cited 2014 Jan 20]; 93: 1087-99. Available from:
http://www.cell.com/AJHG/fulltext/S0002-9297(13)00519-3

Peters MJ, Joehanes R, Pilling LC, Schurmann C, Conneely KN, Powell J, Reinmaa E,
Sutphin GL, Zhernakova A, Schramm K, Wilson YA, Kobes S, Tukiainen T, et al. The
transcriptional landscape of age in human peripheral blood. Nat Commun [Internet]. 2015; 6:



20.

21.

22.

23.

24,

25.

26.

27.

28.

8570. Available from:
http://www.nature.com/ncomms/2015/151022/ncomms9570/abs/ncomms9570.html%5Cnhtt
p:/iwww.ncbi.nlm.nih.gov/pubmed/26490707%5Cnhttp://www.pubmedcentral.nih.gov/articl
erender.fcgi?artid=PMC4639797

Tacutu R, Craig T, Budovsky A, Wuttke D, Lehmann G, Taranukha D, Costa J, Fraifeld VE,
de Magalhées JP. Human Ageing Genomic Resources: integrated databases and tools for the
biology and genetics of ageing. Nucleic Acids Res [Internet]. 2013 [cited 2016 Jul 22]; 41:
D1027-33. Available from: http://www.ncbi.nlm.nih.gov/pubmed/23193293

Chen J, Bardes EE, Aronow BJ, Jegga AG. ToppGene Suite for gene list enrichment analysis
and candidate gene prioritization. Nucleic Acids Res. 2009; 37.

Bjornsson HT, Sigurdsson MlI, Fallin MD, Irizarry RA, Aspelund T, Cui H, Yu W, Rongione
MA, Ekstrom TJ, Harris TB, Launer LJ, Eiriksdottir G, Leppert MF, et al. Intra-individual
change over time in DNA methylation with familial clustering. JAMA [Internet]. NIH Public
Access; 2008 [cited 2016 Sep 27]; 299: 2877-83. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/18577732

Heyn H, Moran S, Hernando-Herraez I, Sayols S, Gomez A, Sandoval J, Monk D, Hata K,
Marques-Bonet T, Wang L, Esteller M. DNA methylation contributes to natural human
variation. Genome Res [Internet]. 2013 [cited 2014 Feb 20]; 23: 1363-72. Available from:
http://genome.cshlp.org/content/23/9/1363.long

D’Aniello A, D’Onofrio G, Pischetola M, D’ Aniello G, Vetere A, Petrucelli L, Fisher GH.
Biological role of D-amino acid oxidase and D-aspartate oxidase: Effects of D-amino acids. J
Biol Chem. 1993; 268: 26941-9.

Messner KR, Imlay JA. Mechanism of superoxide and hydrogen peroxide formation by
fumarate reductase, succinate dehydrogenase, and aspartate oxidase. J Biol Chem [Internet].
2002 [cited 2016 Aug 30]; 277: 42563—-71. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/12200425

Zaar K, Kost H-P, Schad A, Volkl A, Baumgart E, Fahimi HD. Cellular and subcellular
distribution of D-aspartate oxidase in human and rat brain. J Comp Neurol. 2002; 450: 272—
82.

Cristino L, Luongo L, Squillace M, Paolone G, Mango D, Piccinin S, Zianni E, Imperatore
R, lannotta M, Longo F, Errico F, Vescovi AL, Morari M, et al. D-Aspartate oxidase
influences glutamatergic system homeostasis in mammalian brain. Neurobiol Aging
[Internet]. 2015; 36: 1890-902. Available from:
http://dx.doi.org/10.1016/j.neurobiolaging.2015.02.003

Punzo D, Errico F, Cristino L, Sacchi S, Keller S, Belardo C, Luongo L, Nuzzo T,
Imperatore R, Florio E, De Novellis V, Affinito O, Migliarini S, et al. Age-Related Changes
in D-Aspartate Oxidase Promoter Methylation Control Extracellular D-Aspartate Levels and
Prevent Precocious Cell Death during Brain Aging. J Neurosci [Internet]. Society for
Neuroscience; 2016 [cited 2016 Oct 17]; 36: 3064—78. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/26961959



29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Davis DB, Delmonte AJ, Ly CT, McNally EM. Myoferlin, a candidate gene and potential
modifier of muscular dystrophy. Hum Mol Genet [Internet]. Oxford University Press; 2000
[cited 2016 Jul 25]; 9: 217-26. Available from:
http://www.hmg.oupjournals.org/cgi/doi/10.1093/hmg/9.2.217

Millay DP, Maillet M, Roche JA, Sargent MA, McNally EM, Bloch RJ, Molkentin JD.
Genetic manipulation of dysferlin expression in skeletal muscle: novel insights into muscular
dystrophy. Am J Pathol [Internet]. 2009; 175: 1817-23. Available from:
http://www.sciencedirect.com/science/article/pii/S0002944010606931

Demonbreun AR, Posey AD, Heretis K, Swaggart KA, Earley JU, Pytel P, McNally EM.
Myoferlin is required for insulin-like growth factor response and muscle growth. FASEB J
[Internet]. The Federation of American Societies for Experimental Biology; 2010 [cited 2016
Jul 25]; 24: 1284-95. Available from: http://www.ncbi.nlm.nih.gov/pubmed/20008164

Bernatchez PN, Acevedo L, Fernandez-Hernando C, Murata T, Chalouni C, Kim J,
Erdjument-Bromage H, Shah V, Gratton J-P, McNally EM, Tempst P, Sessa WC. Myoferlin
regulates vascular endothelial growth factor receptor-2 stability and function. J Biol Chem
[Internet]. American Society for Biochemistry and Molecular Biology; 2007 [cited 2016 Oct
17]; 282: 30745-53. Available from: http://www.ncbi.nlm.nih.gov/pubmed/17702744

Nile CJ, Robert CR, Mohammed A, Gordon WD, Anthony GW. Methylation status of a
single CpG site in the <I>IL6</I> promoter is related to <I>IL6</I> messenger RNA levels
and rheumatoid arthritis. Arthritis Rheum [Internet]. 2008; 58: 2686—93. Available from:
http://dx.doi.org/10.1002/art.23758

Furst RW, Kliem H, Meyer HHD, Ulbrich SE. A differentially methylated single CpG-site is
correlated with estrogen receptor alpha transcription. J Steroid Biochem Mol Biol. 2012; 130:
96-104.

Dick KJ, Nelson CP, Tsaprouni L, Sandling JK, Aissi D, Wahl S, Meduri E, Morange PE,
Gagnon F, Grallert H, Waldenberger M, Peters A, Erdmann J, et al. DNA methylation and
body-mass index: A genome-wide analysis. Lancet. 2014; 383: 1990-8.

Muers M. Gene expression: Disentangling DNA methylation. Nat Rev Genet [Internet].
2013; 14: 519. Available from: http://www.ncbi.nIm.nih.gov/pubmed/23797851

Jones PA. Functions of DNA methylation: islands, start sites, gene bodies and beyond. Nat
Rev Genet [Internet]. 2012 [cited 2016 Aug 30]; 13: 484-92. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/22641018

Flores K, Wolschin F, Corneveaux JJ, Allen AN, Huentelman MJ, Amdam G V. Genome-
wide association between DNA methylation and alternative splicing in an invertebrate. BMC
Genomics [Internet]. 2012; 13: 480. Available from:
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3526459&tool=pmcentrez&rend
ertype=abstract

Lev Maor G, Yearim A, Ast G. The alternative role of DNA methylation in splicing
regulation. Trends in Genetics. 2015. p. 274-80.



40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

Yearim A, Gelfman S, Shayevitch R, Melcer S, Glaich O, Mallm JP, Nissim-Rafinia M,
Cohen AH, Rippe K, Meshorer E, Ast G. HP1 Is Involved in Regulating the Global Impact
of DNA Methylation on Alternative Splicing. Cell Rep. 2015; 10: 1122-34.

Zhuang JJ, Widschwendter M, Teschendorff AE. A comparison of feature selection and
classification methods in DNA methylation studies using the IHlumina Infinium platform.
BMC Bioinformatics [Internet]. BioMed Central Ltd; 2012; 13: 59. Available from:
http://eutils.ncbi.nlm.nih.gov/entrez/eutils/elink.fcgi?dbfrom=pubmed&id=22524302&retmo
de=ref&cmd=prlinks

Fleischer T, Frigessi A, Johnson KC, Edvardsen H, Touleimat N, Klajic J, Riis M,
Haakensen VD, Wirnberg F, Naume B, Helland A, Barresen-Dale A-L, Tost J, et al.
Genome-wide DNA methylation profiles in progression to in situ and invasive carcinoma of
the breast with impact on gene transcription and prognosis. Genome Biol [Internet]. 2014;
15: 435. Available from: http://genomebiology.com/2014/15/8/435

Rijlaarsdam MA, Tax DMJ, Gillis AJM, Dorssers LCJ, Koestler DC, De Ridder J, Looijenga
LHJ. Genome wide DNA methylation profiles provide clues to the origin and pathogenesis
of germ cell tumors. PLoS One. 2015; 10.

Mackey DA, Sherwin JC, Kearns LS, Ma Y, Kelly J, Chu BS, Macmillan R, Barbour JM,
Wilkinson CH, Matovinovic E, Cox HC, Bellis C, Lea RA, et al. The Norfolk Island Eye
Study (NIES): Rationale, Methodology and Distribution of Ocular Biometry (Biometry of
the Bounty). Twin Res Hum Genet [Internet]. 2011; 14: 42-52. Available from:
http://pubget.com/paper/21314255

Rodriguez-Acevedo AJ, Ferreira MA, Benton MC, Carless MA, Goring HH, Curran JE,
Blangero J, Lea RA, Griffiths LR. Common polygenic variation contributes to risk of
migraine in the Norfolk Island population. Hum Genet [Internet]. 2015 [cited 2015 Aug 4]; .
Available from: http://www.ncbi.nlm.nih.gov/pubmed/26220684

R-Development-Core-Team. R: A language and environment for statistical computing
[Internet]. R Foundation for Statistical Computing, Vienna, Austria.; 2015. Available from:
http://www.r-project.org/

Aryee MJ, Jaffe AE, Corrada-Bravo H, Ladd-Acosta C, Feinberg AP, Hansen KD, Irizarry
RA. Minfi: a flexible and comprehensive Bioconductor package for the analysis of Infinium
DNA methylation microarrays. Bioinformatics [Internet]. 2014 [cited 2014 Apr 1]; : btu049-.
Available from:
http://bioinformatics.oxfordjournals.org.libraryproxy.griffith.edu.au/content/early/2014/02/2
7/bioinformatics.btu049.full?sid=6a351e2e-8513-46ab-be28-aabf08091f0d

Langmead B, Salzberg SL. Fast gapped-read alignment with Bowtie 2. Nature Methods.
2012. p. 357-9.

Chen Y, Lemire M, Choufani S, Butcher DT, Grafodatskaya D, Zanke BW, Gallinger S,
Hudson TJ, Weksberg R. Discovery of cross-reactive probes and polymorphic CpGs in the
Illumina Infinium HumanMethylation450 microarray. Epigenetics [Internet]. 2013 [cited
2014 May 29]; 8: 203-9. Available from:



50.

o1.

52.

53.

http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3592906 &tool=pmcentrez&rend
ertype=abstract

Abraham G, Kowalczyk A, Zobel J, Inouye M, Manolio T, Collins F, Cox N, Goldstein D,
Hindorff L, Hunter D, McCarthy M, Ramos E, Cardon L, et al. SparSNP: Fast and memory-
efficient analysis of all SNPs for phenotype prediction. BMC Bioinformatics [Internet].
BioMed Central; 2012 [cited 2016 Oct 13]; 13: 88. Available from:
http://bmcbioinformatics.biomedcentral.com/articles/10.1186/1471-2105-13-88

Waldmann P, Meészaros G, Gredler B, Fuerst C, Sélkner J. Evaluation of the lasso and the
elastic net in genome-wide association studies. Front Genet [Internet]. Frontiers Media SA;
2013 [cited 2016 Oct 13]; 4: 270. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/24363662

Yi H, Breheny P, Imam N, Liu Y, Hoeschele I. Penalized multimarker vs. single-marker
regression methods for genome-wide association studies of quantitative traits. Genetics
[Internet]. 2015 [cited 2016 Oct 13]; 199: 205-22. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/25354699

Gelman A, Hill J. Data analysis using regression and multilevel/hierarchical models. Policy

Anal. 2007; : 1-651.



