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12  Abstract

13 The past decade has seen rapid development in DNA methylation (DNAm) microarrays, including
14  the lllumina HumanMethylation27 and HumanMethylation450 (450K) chips, which have played
15 anessential role in identifying and evaluating age-related (AR) DNAm markers in different tissues.
16  Recently, a new array, the lllumina MethylationEPIC (EPIC) was introduced, with nearly double
17  the number of probes as the 450K (~850,000 probes). In this study, we test these newly added
18  probes for age association using a large cohort of 754 DNAm profiles from blood samples assayed
19  onthe EPIC BeadChip, for individuals aged 0-88 years old. 52 AR CpG sites (Spearman’s abs(rho)
20  >0.6 and P-value <10™%) were identified, 21 of which were novel sites and mapped to 18 genes,
21 nine of which (LHFPL4, SLCI2A8, EGFEMIP, GPRI158, TALI, KIAA1755, LOC730668,
22 DUSPI6, and FAM65C) have never previously been reported to be associated with age. The data
23 were subsequently split into a 527-sample training set and a 227-sample testing set to build and
24 validate two age prediction models using elastic net regression and multivariate regression. Elastic
25  netregression selected 425 CpG markers with a mean absolute deviation (MAD) of 2.6 years based
26  on the testing set. To build a multivariate linear regression model, AR CpG sites with R* > 0.5 at
27  FDR < 0.05 were input into stepwise regression to select the best subset for age prediction. The
28  resulting six CpG markers were linearly modelled with age and explained 81% of age-correlated
29  variation in DNAm levels. Age estimation accuracy using bootstrap analysis was 4.5 years, with
30  95% confidence intervals of 4.56 to 4.57 years based on the testing set. These results suggest that
31  EPIC BeadChip probes for age estimation fall within the range of probes found on the previous

32 Illumina HumanMethylation platforms in terms of their age-prediction ability.
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1 Introduction

Aging can be described as the decline in a set of vital cellular functions that occur over time [1].
This consequently disrupts the homeostatic regulation of the body, which leads to various age-
related (AR) diseases such as cancer, and cardiovascular disease. Due to its significant association
with chronological age, DNA methylation (DNAm) has been the focus of much attention in the
field of epigenetics, and in particular forensic epigenetics, which has proven a more significant
association than those found with other factors such as telomere length, mitochondrial dysfunction,
loss of proteostasis, and stem cell exhaustion [2]. Thus, age-related (AR) DNAm sites have become
important and robust biomarkers for accurately measuring biological age. Aging has a profound
effect on DNAm pattern, and so this also affects gene expression, which results in susceptibility
to diseases and various health outcomes. Predicted age, also known as “DNAm age” or “epigenetic
age” has been found to be related to frailty [3], cognitive/physical fitness in the elderly [4],
Parkinson’s disease, Alzheimer’s disease-related neuropathology [5], and can predict overall
mortality in humans [6]. In addition to clinical applications, DNAm age has also received a great
deal of attention in forensic epigenetic studies, because of its accuracy in age estimation. This can
be implemented in forensic investigations to predict the age of unknown individuals, using their
biological samples recovered from the crime scenes, which can provide extremely valuable

intelligence information for a police investigation [7-9].

DNAm is an epigenetic mechanism that involves the addition of a methyl group to the 5’ position
of cytosine residues that are mostly found in form of cytosine-guanine dinucleotide sequences
(known as CpG sites). Historically, the only way to study the association between chronological
age and DNAm level was to measure the global decrease in the content of the 5’-methylated
cytosine in aged cultured cells [10]. However, technologies to analyse DNAm in gene-specific and
genome-wide manner have developed significantly in recent years. For instance, gene-specific
assays such as EpiTect, SNaPshot, EpiTYPER and targeted bisulfite sequencing have become

prevalent in DNAm-related studies for their sensitive and reliable quantification of the DNAm
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level [11-14]. However, genome-wide assays that provide the opportunity to quantify methylation
level at a single base level, such as the Illumina Infintum HumanMethylation BeadChip
technology, have become the main choice for many research groups carrying out epigenome-wide
association studies (EWAS). The introduction of two Illumina HumanMethylation BeadChips,
namely the HumanMethylation27 (27K), and HumanMethylation450K (450K) BeadChips, was
crucial for identifying a huge number of AR CpG sites and genes in the literature. In addition, the
public genomic databases have become a rich source of epigenome-wide DNAm data, from a large

body of epigenetic studies based on different human tissues [7].

The first two blood specific EWAS looking for an association with age, conducted by Rakyan et
al. [15] and Bell et al. [16], were based on Illumina Infinium 27K BeadChip. A total of 775 age-
differentially methylated regions (aDMRs) were identified, 90% of them located within promoters
of genes [15]. Moreover, it was demonstrated that AR CpG markers were predominantly
hypermethylated with age, which may indicate that aberrant hypermethylation of the promoter
regions of genes is associated with cancer, and AR diseases [17]. The aDMRs identified in both
studies were limited to the methylation sites that were covered by the 27K probes (~27,000 CpG
sites), which were relatively sparse and promoter-specific [16]. Thus, Illumina developed a new
chip, the Infinium 450K BeadChip, which targeted ~450,000 CpG sites covering 99% of RefSeq
genes [18], and a greater number of CpG islands, shores, FANTOM4 promoters [19], and
enhancers [20]. This has allowed researchers to interrogate more genomic regions spanning a wide

range of genes.

Garagnani et al. [21] were the first to study aging in whole blood using the 450K BeadChip, and
their study consisted of a small cohort of 64 individuals aged from 9 to 83 years old. Although
they stated that they identified 163 AR CpG sites, only the top nine of these were reported in their
paper [21]. These CpG sites were mapped to CpG islands located in the promoter region of three
genes, namely, ELOVL2, FHL? and PENK. Furthermore, a cross-sectional study of 965
participants (aged 50-75 years), conducted by Florath et al. [22] also found 162 AR CpG sites,
eight of which were the same to the nine CpG markers that were reported by Garagnani et al.
(2012). The strong relationship between age and methylation level for the identified AR CpG sites
prompted other researchers to exploit them for various applications, such as age estimation for

forensic and health purposes [6,23-26]. For example, the first blood specific DNAm age prediction
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model was built by Hannum et al. [27]. Their model consisted of 71 CpG markers and was trained
on 482 DNAm profiles (from individuals aged 19 to 101 years) assayed on the 450K BeadChip,
along with clinical variables such as sex and Body Mass Index (BMI). The mean absolute deviation
(MAD) between chronological age and estimated age for their model was 3.9 years when based

on the training samples, and 4.9 years based on independent 174 testing samples [27].

Recently, a new array, the Illumina MethylationEPIC (EPIC) BeadChip was introduced,
containing over 860,000 probes, nearly double the number on the 450K. Not all the 450K probes
were included in the new EPIC BeadChip, ~90% of them were included, but others were removed
as a result of reports of poor performance [28]. The newly added probes provide a higher coverage
of various genomic regions, such as RefSeq genes, ENCODE [29] and FANTOMS enhancers [30],
DNase hypersensitive sites, miRNA promoter regions, differentially methylated sites in tumor
tissues, and non-coding regions such as CpG islands, shores, shelves, and open sea [31]. The EPIC
BeadChip is a promising tool to further our understanding of DNAm mechanisms in human
development and disease, and in particular the DNAm landscape of distal regulatory elements. In
this paper, we perform a comprehensive evaluation of blood-specific AR CpG sites found on the
new EPIC BeadChip, and identify their associated genes, which will provide new insights for
researchers in various epigenetic and genetic disciplines. Enhancing the accuracy of DNAm based
age-prediction models, by searching for new AR CpG sites on the EPIC BeadChip with better age
prediction accuracy, will aid forensic investigations in criminal cases where biological samples of
unknown origin have been recovered. For this reason, we build an age prediction model using the
probes on the EPIC BeadChip, which we test to determine how well it performs in comparison to
other models constructed using the previous I[llumina HumanMethylation platforms (27K and

450K).

2 Materials and methods

2.1 EPIC data sets

A total of 756 DNAm profiles assayed on the EPIC BeadChip in individuals aged 0-88 years old,
were assembled by combining three separate data sets retrieved from the National Centre for
Biotechnology Information (NCBI) Gene Expression Omnibus (GEO), which is an online genomic

data repository. The accession number of each data set and brief description of the samples can be
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found in Table 1. To ensure identification of AR CpG sites was not biased towards a specific range
of chronological ages, whole cord blood samples were included in this study, which represent time

zero in human age (Figure 1).

Table 1 Description of the three data sets used in this study.

Accession number DNA origin n (Prop. female) Median Age(range) Citation
GSE103189 Whole cord blood 8 (0.38) 0(0) Dou et al. [32]
GSE123914 Whole blood 69 (1) 59 (51-65) Zaimi et al. [33]
GSE116339 Whole blood 679 (0.59) 53 (23-88) Curtis et al. [34]

200
|

Age range 0 - 88
Median 54
Female Prop. 0.68

150

Sample Size
100
|

T I I 1 1
0 20 40 60 80 100

Chronological Age

Figure 1 Distribution and descriptive statistics relating to the chronological
ages of individuals who provided the samples used in this study.

The first data set (GSE103189) was obtained from the study conducted by Dou et al. [32], which
aimed to evaluate the cell composition and DNAm differences between cord blood buffy coat and
whole cord blood samples, which revealed no significant differences between them and thus they
can be analytically combined and compared. The next data set (GSE123914) was obtained from a
longitudinal study by Zaimi et al., which aimed to examine the variation in DNAm level over a 1-

year period in whole blood samples collected from 35 healthy women [33]. It was shown in this
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study that the median intraclass correlation coefficient across all CpG sites was 0.19, which
suggests a wide variation in DNAm stability over a 1-year period. The last data set (GSE116339)
contained 679 whole blood samples, retrieved from a study conducted by Curtis et al. [34], which
aimed to investigate whether exposure to polybrominated biphenyl (PBB) was associated with
DNAm changes in peripheral blood samples. In this study, a total of 1,890 CpG sites were
identified that were associated with total PBB levels [34].

2.2 EPIC data processing

The raw files of each data set were downloaded using GEOquery package, which runs in R
software [35]. The downloaded files consist of raw signal intensities of the red and green channel.
The files were imported into R and converted into methylated and unmethylated signals by
applying the ‘read.metharray.exp’ function in the minfi package [36]. Although the number of
CpG probes on the EPIC BeadChip is 865,918, the raw file comes with an additional 186,782
probes (giving a total of 1,052,641 probes). These additional probes were designed for quality
control measures, such as background correction, negative controls, bisulfite conversion controls,

and hybridisation controls [37].

As was the case on the 450K BeadChip, probes on the EPIC BeadChip also have two chemistry
designs, Infinium I and II, which possess different DNAm value distributions, introducing
unwanted variation into the methylation values [20]. Thus, the two probe designs need to be
normalised to render them comparable to each other, which was done using subset quantile
normalisation implemented in the preprocessQuantile function in the minfi package [38]. In
addition to the probe type correction, the same function also filtered out probes that did not meet
the quality control threshold and had a detection P-value > 0.05 in at least one sample. In addition,
it filtered out samples with significantly lower values in one of the two signal intensities (red/green
channels) compared to the other, which is a quality control measure used to identify sample
outliers. The data consist of DNAm signals represented by a Beta value that varies between 0
(hypomethylated) to 1 (hypermethylated), with a bimodal distribution. To ensure that the samples
and probes were high quality, any sample that deviated from the normal bimodal pattern was

removed from the data set. Finally, probes associated with SNPs and cross-reactive CpGs were



168
169

170

171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186

187

188
189
190
191
192
193
194

removed from downstream analysis using the dropLociWithSnps and dropCrossReactiveProbes

functions in the minfi package [36].

2.2.1 Testing for potential confounders

Given that variation in DNAm has been found to be associated with various factors such as cell
type, gender, alcohol intake, smoking, obesity, and certain drugs, it is important to account for
these factors as they may cause a confounding effect in EWAS [39]. One of the methods used to
discover any hidden relationship between these covariates and the samples is Singular Value
Decomposition (SVD). After implementing SVD on the combined data set, segregation was found
between the samples, which was based on gender (Figure S2A). For this reason, CpG probes
targeting sex chromosomes were filtered out from the downstream statistical analysis (Figure
S2B). Another potential confounder in this study was the PBB level, which was measured in the
blood samples in the third data set (GSE116339). Since it has been shown that the level of PBB in
blood has a significant effect on 1,890 CpG sites, this could also have a confounding effect if it is
found to be associated with chronological age. Thus, regression analysis was conducted between
PBB level and chronological ages to reveal any linear association between them. Although the P-
value of the test was significant (P-value = 1.4x107), the R? was extremely low (0.05), which
indicates that age only explains 5% of the variation in the level of PBB in blood. Finally, batch
effects were removed in the data set using a nonparametric empirical Bayes framework method

implemented in the Combat function within the SVR package that runs on R software [40,41].

2.2.2 Estimating and adjusting for cell type composition

It has been demonstrated that the constituents of blood change with aging, thus many DNAm
studies adjust for it by including the change in cell composition over time as a covariate in the
regression model for statistical analysis [33-35]. The blood cell composition was estimated using
an approach proposed by Housemen et al. [42], which is implemented in the estimateCellCounts
function in the minfi package [36]. This function estimated the proportion of the six blood-cell
types in each sample: CD8T, CDA4T, natural killer cell, B cell, monocyte and granulocyte. The

estimated cellular proportions were included in the final multivariate linear regression model.
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2.3 Statistical analysis
2.3.1 Identifying AR CpG sites

The DNAm Beta values in the data set were converted to M values (M= log> Beta/(1-Beta)) using
the M2Beta function in the wateRmelon package. This transformation was done in order to satisfy
the normality and homoscedasticity assumptions of the downstream statistical analyses [43].
Spearman’s correlation coefficients between DNAm at each CpG probe and the chronological ages
of the samples were calculated using R software. The selection criteria for AR CpG probe
candidates were based on two criteria: absolute Spearman’s rho >0.6, and false discovery rate
(FDR) at <0.05. The adjusted P-value was calculated using compute.FDR implemented in the
brainwaver package. The resulting AR CpG probes were annotated using “Infinium
MethylationEPIC v1.0 B4 Manifest File,” released by Illumina, which is based on the
hg19/GRCh37 human genome assembly.

2.3.2 Building age prediction models

The EPIC BeadChip data were then used to build an age prediction model to determine whether
the CpG probes it possesses have better age estimation capabilities compared to the probes found
on the old [llumina HumanMethylation platforms such as 27K and 450K. The intended application
of the age prediction model will determine the type of method that should be used to build it. For
example, if the model will be used for health applications, the number of markers in the model
would not pose an issue since the DNA in the sample would usually be in adequate quantities.
However, for forensic applications, the number of markers in the model should be kept to a
minimum as the quantity of DNA in the majority of forensic samples is low and surveying large
numbers of makers requires reasonably large amounts of DNA, due to the destructive procedures
involved in DNAm analysis. Therefore, two methods were used to build prediction models, elastic

net regression, and multivariate linear regression.

Using the sample function in R, the data set was randomly split into a training set and a testing set,
with equal relative representation of the various age groups within the sets. The number of samples
in the training set was 527, which is 70% of the original set, and 227 samples in the testing set

(30%). The sample size of both the training and testing sets in these types of study are important
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considerations. The sizes of these data sets in this study were considered to be sufficient, as
demonstrated and suggested by Horvath [44] who studied the factors that influence the accuracy
of age prediction. They found that the sample size is not significantly (P-value = 0.21) correlated
with the accuracy of age prediction, as long as it is 100 or greater. That is, the prediction accuracy
reaches plateau when the sample sizes of both training and testing sets exceed 100 samples. Elastic
net regression was performed using the glmnet package in R, and the parameters used were those
recommended by Horvath (2013). The feature (CpG marker) selection was based on ten-fold cross-
validation, that is, in each fold the training set was split into ten parts, one part served as training
set and the rest as validation sets. Then the average error and standard deviation over the ten-folds
was computed, and the best subset of markers was determined as the set with the lowest estimation
error. The selected subset of CpG markers was then validated on the 227 independent testing
samples, and the mean absolute deviation (MAD) between the predicted and chronological age

was calculated.

To build an age prediction model with a minimum number of CpG markers, age was linearly
regressed on the DNAm level at each CpG site in the training data set, and then markers with R?
>0.5 at FDR <0.05 were selected. The selected markers were input into a stepwise regression to
select the best subset for use in the age prediction model. The stepwise regression was carried out
using the /eaps package in R, which constructs predictive models with all possible subsets of the
input CpG sites, then selects the model with the lowest Bayesian Information Criterion (BIC)
value, which would have the best predictive ability. The selected CpG markers were then
combined in a multivariate linear regression to build the model, and then validated on the testing
data set. The model was re-evaluated by bootstrap analysis to ensure its prediction robustness. This
involves sampling the testing data set with replacement 10,000 times and calculating MAD values
between the predicted age and the chronological age for each bootstrap cohort. From the
distribution of the bootstrap observations, the mean of the MAD value was calculated along with

the 95% confidence intervals around that mean.
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3 Results
3.1 EPIC data sets

The purpose of this investigation was to identify AR CpG markers on the EPIC BeadChip. The
analysis initially included 756 samples from three different data sets, however two blood samples
(samples GSM3228582, and GSM3228722) from GSE116339 had abnormal Beta value
distributions, as shown in the density plot (Figure S1), and thus were removed from the
downstream analysis. The number of samples remaining for analysis was 754 samples, and the
number of CpG sites after probe filtration was 816,127 probes. Testing for confounding variables
was performed by examining how PBB level variation can be explained by age. The results (Table
2) showed that age only explains 5% (P-value <1.4x10") of the variation in PBB levels in blood.
Batch effects were removed using the Combat function in R and then visualised using SVD to

ensure there was no hidden structure in the data set (Figure S2).

Table 2 Linear regression analysis between PBB levels in each sample and
the chronological age of the individual donor.

Estimate
Term (n = 673) P-value R-squared P-value
(Intercept) -2.20 0.00 0.05 0.00
Age 0.03 0.00

3.1.1 Estimating and adjusting for cell type composition

The composition of different cell types in each sample was estimated and then tested for
association with chronological age. As can be seen in Figure 2, CD4+ T cells, and natural killer
(NK) cells had the strongest correlation with age (rtho =-0.35 and 0.32 respectively) compared to
the other cell types (monocytes, CD4+, granulocytes, and B-cells), which gave rho values of <0.19.
Therefore, if not adjusted, the change in DNAm level at AR CpG sites could be explained by the
change in cell composition, rather than by aging in individuals. For this reason, and to avoid
identifying false positive AR markers, each identified AR CpG site in this study was adjusted for

cell composition using multivariate linear regression.
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Figure 2 Blood cell composition change with age. The estimated proportions of the six blood cells; (A) monocytes (Mono), (B)
B cells, (C) natural killer (NK) cells, (D) granulocytes (Gran), (E) CD8+ T cells, and (F) CD4+ T cells in the samples are plotted
against age. Spearman’s correlation coefficients are reported for each composition proportion estimate and age. The red lines
are weighted regression (Loess) lines fit to the data.
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3.2 AR CpG markers on the EPIC BeadChip

AR CpG sites were selected on the basis of the Spearman’s rank correlation test between
chronological age and DNAm level, based on M values. The cut-off value for selecting AR
markers was an absolute Spearman’s coefficient (rho) > 0.6 at FDR <0.05, as recommended by
various studies [45-47]. A total of 52 AR CpG sites passed these conditions (Figure 3A), 19 of
which were positively correlated (hypermethylated) and 33 negatively correlated
(hypomethylated) with age (Table S1). The AR CpG sites with the top two highest correlation
coefficients, were located in the ELOVL?2 gene, which is the most prominent gene associated with
age in various tissues, as found in a number of studies (Figure 3B) [21,25,48]. Many of the markers
we identified were also identified in other studies that used a similar study design but using the
[Nlumina HumanMethylation450K BeadChip. For example, of the nine AR markers discovered by
Garagnani et al. (2012), five were also identified in our study. However, of the remaining four
sites, one was dropped by SNP filtration and three had abs(rho) <0.5. In another study, Florath et
al. (2015) identified 162 AR CpG sites, of which ten were absent from the EPIC BeadChip, two
were dropped after SNP filtration, and only 53 were found with abs(rho) >0.5. In comparing the
correlation coefficients of the same AR probes on the two different platforms (450K and EPIC), it
was observed that the magnitude of the coefficient values was smaller on the EPIC platform, and
for some probes their age association is no longer observed. For instance, nine markers identified
by Xu et al. (2015) as highly AR CpG sites (with at least 0.8 abs(rho)) on the 450K platform, were
found to have abs(rho) <0.38 on the EPIC BeadChip, which is under the threshold for significant

association with age.
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Figure 3 (A) Manhattan plot of P-values from Spearman’s correlation test between DNAm level at each CpG site and
chronological ages in the data set. (B) Scatter plots for the top three AR CpG sites found on the EPIC BeadChip.

3.2.1 Novel AR CpG sites on EPIC BeadChip

From the 52 identified AR CpG sites in this study, 21 CpG sites were from the newly added probes
on the EPIC BeadChip, and so these can be considered novel AR CpG sites since they have not
been reported in the literature before (Table 3). In addition, they map to 18 genes, nine of which
(LHFPL4, SLCI248, EGFEMIP, GPRI58, TALI, KIAA1755 LOC730668, DUSPI6, and
FAM65C) have also never been reported in the literature as being associated with age. The majority
of these sites (16) were hypomethylated, and five were hypermethylated with age (Figure 4). The
highest positively correlated novel AR CpG site was cg17268658 with rho =0.76 (P-value 1.9x10
141) “associated with the FHL2 gene, which has been reported in many age association studies

[22,24,26]. The highest negatively correlated CpG site was cg07323488 with rho =-0.69 (P-value
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2.6x1071%) which is linked to a pseudogene known as EGFEMIP. Scatter plots of age versus
DNAm level for the top four most highly correlated AR CpG sites can be seen in (Figure 5).

To account for cell type heterogeneity in blood, the estimated cell composition proportions were
included in the multiple linear regression model, and the adjusted estimate was calculated [49].
For the 21 novel AR CpG markers, the adjusted estimates after the addition of cell compositions
as covariates alongside age in the regression models were within 5% of the original estimates (from
the simple regression model that had only age as predictor). This indicates that the DNAm levels
at the identified CpG sites were associated with age and not confounded by cell type composition

[50].



Table 3 The 21 novel AR CpG sites from the newly added probes on the Illumina EPIC BeadChip, identified by Spearman’s
correlation test with a cutoff value of abs(rho) >0.6 at FDR <0.05. Probes are sorted from the highest positively to the highest
negatively correlated with age.

Probe'sID | UCSC! Ref. Gene name | Genomic Location | Chr.? Pos.? Spearman's rho
cgl7268658 FHL2 TSS200 chr2 106015745 0.76
cg24866418 LHFPL4 Body chr3 9594082 0.66
cgl3206721 GPRI158 TSS1500 chrl0 25463350 0.64
cgl2841266 LHFPL4 Body chr3 9594093 0.63
¢g27099280 CELF6 IstExon chrl5 72612204 0.63
cg03650729 TALI 5'UTR chrl 47692625 -0.6
cgl15109150 FAM65C TSS1500 chr20 49308830 -0.6
cg09240238 LOC730668 Body chr22 46402573 -0.6
cgl6789844 PDEIC TSS200 chr7 32339213 -0.61
cg01855540 DUSPI6 TSS1500 chrl2 12716653 -0.61
cgl7015290 KIAAI755 Exon Body chr20 36850842 -0.61
cg03776853 chr22 36461577 -0.61
cg23719650 chr3 193988507 -0.62
cg25167618 SLCI1248 Body chr3 124840296 -0.63
cgl1218872 chr3 193988737 -0.63
cg08587685 ABLIM1 Body chrl0 116392206 -0.63
cg08745595 F5 TSS1500 chrl 169556012 -0.64
cg05179292 CIR Body chrl2 7244621 -0.64
cgl17403084 PXN TSS1500 chrl2 120704034 -0.64
cg13552692 CCDCI102B S'UTR chrl8 66389447 -0.67
cg07323488 EGFEM1P Body chr3 168185313 -0.69

! Based on UCSC Genome Browser database
2 Chromosome

3 Position based on the human assembly GRCh37, also known as hgl19.
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Figure 4 Heat map illustrating methylation level at 21 novel AR CpG markers for each sample in the training
data set, ordered by chronological age across samples. The methylation level in each sample is indicated by
the Z-score, where red indicates a site is hypermethylated and blue is hypomethylated. Hierarchical clustering
of the CpG markers is presented on the left-hand side of the heat map.
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Figure 5 Scatter plots of M values versus chronological age for the top two positively and two negatively correlated
AR CpG sites from the newly added probes on the EPIC BeadChip.

3.3 Blood specific age prediction models

In several previous studies where age has been modelled as a function of CpG methylation status
for sites in the genome, elastic net regression has been used to perform both feature selection and
model building [27,44]. Elastic net regression is ideal for constructing predictive models in cases
where the training data has many observations relative to the number of samples [27]. Elastic net
regression was performed on the dataset of 816,127 CpG sites and selected 425 AR CpG sites
(Table S2) across 527 blood samples. The prediction model containing the selected markers was
evaluated on the training data set using one round of ten-fold cross-validation. The prediction
accuracy of the model containing the 425 CpG markers based on the training data set was equal to
0.68 years (MAD). Furthermore, its performance was evaluated using an independent validation

data set containing 227 blood samples, which resulted in an MAD of 2.6 years, and a Pearson’s
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correlation coefficient (r) between the predicted and chronological age of 0.97 (95% CI: 0.96—
0.98).

To build an age prediction model with the minimum number of AR CpG markers, two steps were
carried out. The first step was regressing age on DNAm level at each CpG site in the training data
set, and then markers with R? >0.5 at FDR <0.05 were selected. Ten CpG markers met this
condition, and only two of them were from the newly added probes on the EPIC BeadChip. The
second step was to select the best subset of these sites to build an age prediction model. The
stepwise regression selected six markers as the best subset for age prediction, which contained
only one newly added EPIC BeadChip probe (Table 4). This model explained 81% of the total
DNAm levels in the blood samples with prediction accuracy of 4.5 years MAD based on the
training data set, and 4.6 years based on the testing data set. The accuracy rate based on bootstrap
analysis was 4.5 years, with 95% confidence intervals (CI) of 4.56 to 4.57 years. The correlation
(r) between predicted age and chronological age was 0.9 (95% CI: 0.88 — 0.93) (Figure 6). Finally,
to avoid gender bias in age prediction, male and female samples in the testing data were separated
and their MAD values were assessed separately, to determine whether the difference between them
was significant. A t-test showed that there was a non-significant (P-value = 0.3) difference in the

prediction accuracy for males (MAD = 4.4 years) compared to females (MAD = 4.9 years).

Table 4 Multivariate linear regression analysis between DNAm levels at six CpG
sites and age in the training data set. The CpG marker in bold is the only site
exclusively found on the EPIC BeadChip.

Estimate

Term (n = 673) P-value R-squared P-value
(Intercept) 56.10 0.00 0.81 0.00
cg18933331 -9.86 0.00
cgl10501210 -2.68 0.00
¢g06639320 6.58 0.00
224866418 5.55 0.00
cgl6867657 7.50 0.00
cgl7110586 8.14 0.00
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Figure 6 Performance of the multivariate linear regression model consisting of six AR CpG markers. The histograms show age
range in the data and the scatter plots show the accuracy of the model in A) The training set of 527 samples, and B) The testing

set of 227 samples.

4 Discussion

In this present study, we examined 754 whole blood DNAm profiles assayed on the EPIC
BeadChip, and found 52 AR CpG sites, of which 31 were from the 27K and 450K platforms, and
21 were novel AR sites added to the EPIC BeadChip. Apart from these novel sites, all identified
AR sites were previously found by different studies who used blood DNAm profiles assayed on
the 450K BeadChip. However, their correlation coefficient values on the EPIC BeadChip were
lower compared to their values on the 450K array. Although these differences between studies are

expected, and may be due to differences in sample size, age range, and the ethnicity of individuals,
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an unexpected outcome was that some AR CpG sites with high correlation coefficients on the
450K platform were not associated with age on the EPIC BeadChip. Probes that completely lost
their association with age in this study were originally identified in studies with sample sizes below
the recommended, which is 100 samples [44]. For example, the number of samples in Xu et al.
(2015) was 16 samples, and all their identified AR CpG sites were found to be weakly (abs(rho) <
0.38) associated with age in our study. This suggests that AR probes identified in studies with a

small sample size would be more likely to be sample-specific than tissue-specific.

The 21 novel AR CpG sites identified in our study map to 18 genes, nine of which have already
been found to be associated with age, namely ELOVL2, FHL2, CELF6, F5, ABLIMI, PXN,
PDEIC, CIR, and CCDCI102B. This indicates that in some cases, adding new probes targeting
different genomic locations within the same gene confirms the results obtained from previous
EWAS, which, in our case, confirmed the association of these genes with age. In contrast, eight of
the remaining nine genes (LHFPL4, SLCI2A8, GPRI58, TALI, KIAA1755, LOC730668,
DUSPI6, and FAM65C) were previously targeted by probes that have been shown not to be
associated with age. However, by targeting different genomic locations within these same genes,
significant age association has been identified. The final gene identified in this study was from a

gene newly-targeted on the EPIC BeadChip, EGFEMIP.

From the nine newly identified AR genes, two become hypermethylated with age (LHFPL4 and
GPR158), and seven become hypomethylated with age. LHFPL4 is located on chromosome three
and encodes a subset of the superfamily of tetraspan transmembrane proteins, which is a critical
regulator of postsynaptic GABA clustering in hippocampal pyramidal neurons [51]. Its differential
methylation has previously been found to be a biomarker for the early detection of cervical cancer
[52]. GPR158 is located on chromosome ten and encodes a G protein-coupled receptor, which is
implicated in many physiological and disease processes [53]. The protein encoded by DUSP16 on
chromosome 12 is a dual specificity phosphatase, implicated in various cellular processes
including cell differentiation [54]. EGFEMIP is a pseudogene located on chromosome three and
was shown by one study to be differentially methylated in obese asthmatics, and by another to be
significantly hypermethylated in patients with chronic lymphatic leukemia [55,56]. KIAA1755
encodes for an uncharacterised protein, and contains a SNP variant (rs6127471) that has been

associated with individuals who have increased heart rate [57,58]. FAM65C encodes a protein that
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is a member of extracellular complex that generally regulates cellular processes in response to

stimuli, but its main molecular function is still obscure [59].

The hypomethylated CpG site linked to LOC730668, which is a Dynein Heavy Chain-Like
pseudogene located on chromosome 22, has been reported in two different studies to be
differentially hypomethylated in individuals with temporal lobe epilepsy, and in individuals with
psoriatic epidermis [60,61]. Studying genes without knowing how they correlate with
chronological age could introduce false positives. Thus, if not adjusted, age could be a potential
confounder in case-control studies. For example, a study conducted by Fluhr et al. [62] found
SLCI12A48 (which was significantly hypermethylated with age in our study) to be differentially
methylated in children with juvenile myelomonocytic leukemia (JMML). However, this study was
based on children with JIMML versus healthy adults, and the AR markers would be expected to be
differentially methylated between children and adults regardless of JMML-status. Another
example is the 7ALI gene located on chromosome one, which encodes a protein that has been
associated with Precursor T-Cell Acute Lymphoblastic Leukemia and T-Cell Childhood Acute
Lymphocytic Leukemia. In a study conducted by Musialik et al. [63], methylation levels in the
promotor of the TALIgene were found to be slightly elevated in patients aged > ten years with
Precursor B-cell acute lymphoblastic leukemia, suggesting it was a potential predictor for the
disease. Again, since methylation level was not adjusted for age, this association could be

confounded by age.

Recently, the search for AR CpG sites and attempts to build DNAm-based age prediction models
with high accuracy have been of major interest within the fields of forensic science, and
epidemiology. For this reason, this study examined whether the EPIC BeadChip contains AR CpG
markers with a better prediction accuracy than those found on the previous Illumina platforms
(27K and 450K). Two methods were used to build age prediction models, elastic net regression
and multivariate linear regression. The optimum model selected by elastic net regression contained
a set of 425 CpG sites, 160 (38%) of them were probes that were newly-added to the EPIC
BeadChip. This model had a high prediction accuracy, based on the validation set, of 2.6 years
(MAD). Comparing this result with a study conducted by Hannum et al. (2013) that had a similar
experimental design but used Illumina 450K data, their prediction model, also selected by elastic

net regression, consisted of 71 CpG markers with a prediction accuracy of 4.89 years (MAD).
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Building a prediction model for use in forensic investigations requires a small number of markers
due to the minute quantities of DNA that is frequently recovered from forensic samples [64]. The
six AR CpG sites selected by stepwise regression, which contained only one CpG marker that was
newly added to the EPIC BeadChip, had a MAD value of 4.6 years based on the validation set. A
review of the literature shows that the range of MAD values achieved by forensic researchers for
models based on blood samples was 3.2 to 7.9 years, using two to 17 CpG markers [65-67].
Therefore, the prediction accuracy of data generated using the EPIC BeadChip falls within the

MAD values reported in previous studies.

5 Conclusions

The purpose of the study presented here was to use blood-based EPIC BeadChip methylation data
to identify AR CpG markers from probes that were new on this platform. We identified 52 AR
CpG sites, 21 of which were novel AR CpG sites that mapped to 18 genes, nine of which have
never been reported in the literature as being associated with age. This finding will provide new
insights for researchers in both clinical and forensic epigenetics. For instance, in clinical
epigenetics this will allow researchers to account for the aging effect of these genes, which will
significantly limit the false positives in their genome- and epigenome-wide association studies. In
addition, although the newly introduced probes on the EPIC BeadChip did not improve the age-
prediction accuracy when compared to the other models in the literature, the identification of new
genomic sites harboring AR CpG sites can be further studied by forensic geneticists using targeted
bisulfite sequencing, which may result in the discovery of additional AR sites with high age

prediction accuracy, that can be exploited for forensic purposes.
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