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ABSTRACT

The current study was designed to use an epigenome-wide association approach (EWAS) to
identify potential systemic DNA methylation alterations that are associated with obesity using
22 discordant twin pairs. Buccal cells (from a cheek swab) were used as a non-obesity relevant
purified marker cell for the epigenetic analysis. Analysis of differential DNA methylation regions
(DMRs) was used to identify epigenetic associations with metabolic and dietary measures related Twin; epigenetics; obesity;
to obesity with discordant twins. An edgeR analysis provided a DMR signature with p < 1e-04, but  p\'methylation; WGCNA;
statistical significance was reduced due to low sample size and known multiple origins of obesity. EWAS

A weighted gene coexpression network analysis (WGCNA) was performed and identified modules

(p < 0.005) of epigenetic sites that correlated with different metabolic and dietary measures. The

DMR and WGCNA epigenetic sites were near genes (e.g., CIDEC, SPP1, ZFPG9, and POMC) with

previously identified obesity associated pathways (e.g., metabolism, cholesterol, and fat diges-

tion). Observations demonstrate the feasibility of identifying systemic epigenetic biomarkers for

obesity, which can be further investigated for clinical relevance in future research with larger

sample sizes. The availability of a systemic epigenetic biomarker for obesity susceptibility may

facilitate preventative medicine and clinical management of the disease early in life.
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KEY HIGHLIGHTS

® Analysis of differential DNA methylation regions (DMRs) was used to identify epigenetic
associations with metabolic and dietary measures related to obesity with discordant twins.

® A weighted genome coexpression network analysis (WGCNA) was performed and identified
modules of epigenetic sites that correlated with different metabolic and dietary measures.

® Observations demonstrate the feasibility of identifying systemic epigenetic biomarkers for
obesity, which can be further investigated for clinical relevance in future research with larger
sample sizes.

® The availability of a systemic epigenetic biomarker for obesity susceptibility may facilitate
preventative medicine and clinical management of the disease early in life.

Introduction
has been observed in several populations [2,5,6],

No nation has been spared from the worldwide obe-
sity epidemic [1], with some countries like the United
States having a prevalence near 50% of the adult
population [2,3]. Nutrition and exercise are corner-
stones of obesity prevention and treatment efforts, but
an increased susceptibility for obesity (e.g., obesity
gene alterations) in some individuals and populations
has also been observed [2]. Environmental epigenetics
is known to have a critical role in metabolic disease
and obesity [4,5]. For example, the role of epigenetic
transgenerational inheritance of obesity susceptibility

including humans [7-10].

Epigenetics is defined as ‘molecular factors and
processes around DNA that regulate genome activ-
ity, independent of DNA sequence, and are mitoti-
cally stable’ [11]. The processes include DNA
methylation, histone modifications, chromatin
structure, non-coding RNA (ncRNA), and RNA
methylation [11,12]. Epigenetics is critical for early
developmental processes of all organisms, and each
cell type has unique cell-specific epigenetics to estab-
lish the cell specificity identity and function [13,14].
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Environmental factors impact early development
more dramatically due to epigenetic programming.
The developmental origins of health and disease
(DOHAD) hypothesis for pathologies such as obe-
sity involve alterations in epigenetics [15].

Epigenetics has evolved in part as a mechanism for
the environment to alter genome activity, given DNA
sequence is not environmentally responsive [11,16].
Nearly all environmental factors from temperature to
nutrition can alter developmental epigenetic program-
ming and subsequent related gene expression [17].
When epigenetic programming impacts the germline
(sperm or egg), this can impact the physiology and
disease susceptibility of subsequent generations
through epigenetic inheritance [11,18]. When this
epigenetic inheritance is transmitted to generations
without direct exposure impacts, this is defined as
epigenetic transgenerational inheritance [17,18]. This
non-genetic form of inheritance is the primary
mechanism for the environment to impact
a population's phenotypic variation or pathology
[17]. When epigenetic inheritance occurs the germline
transmission to stem cells in the embryo subsequently
impacts all developing somatic cell types to cause
systemic effects in all cells and tissues [11]. These
systemic effects can be assessed in non-relevant cell
types and used to diagnose disease susceptibility and
allow for improved clinical management of the
pathology.

Twin studies are an ideal experimental approach
to help control for genetic background impacts on
phenotypic or disease conditions [19]. Many twins
develop discordant diseases and phenotypes later in
life through environmental and behavioural factors
acting through epigenetics as the molecular
mechanism that regulates these discordant condi-
tions [19]. Therefore, epigenetic biomarkers for
early life environmental impacts on later life disease
have been identified for pathologies such as arthritis
[20], preterm birth [21], paternal transmission of
autism susceptibility [22], and male infertility [23],
among others. The current study was designed to
identify systemic alterations in buccal cells to
develop a potential biomarker for obesity suscept-
ibility. Although the buccal cell are not relevant to
obesity etiology, it can be used as a systemic bio-
marker cell to assess obesity susceptibility.

The goal and logic of the current study was to
identify potential systemic epigenetic associations or

‘signatures’ for obesity susceptibility using twins dis-
cordant on obesity status (i.e., one twin has normal
weight and the co-twin is obese). Twin studies are
ideal to control for genetic differences and twin dis-
cordance allows for ideal control for the absence or
presence of the disease [24]. However, genetic muta-
tions associated with twins or general population stu-
dies occur at low frequencies of only a few percent of
the population [25,26]. Therefore, the current study
used a twin study to do an epigenome-wide associa-
tion study (EWAS) for obesity. Since each cell type has
a unique epigenetics, purified cell populations are
required for epigenetic analysis [13]. We used buccal
cells from a cheek swab for the systemic epigenetic
analysis in the present study, because they are one of
the easiest purified cell populations to collect for
humans. Buccal cell swabs are greater than 90%
pure, with the primary contaminant being bacterial
cells and immune cells [27]. DNA methylation is very
stable and found to be useful for the identification of
systemic epigenetic biomarkers associated with var-
ious pathologies [20,21]. Homozygotic and heterozy-
gotic twin pairs who were discordant on obesity status
using standard body mass index (BMI, kg/m®) mea-
sures from the Washington State Twin Registry
(WSTR) were used for the primary analysis. We also
examined waist size and nutritional factors as addi-
tional parameters. Since genetic variation is not antici-
pated to impact environmental epigenetics, the
comparisons of homozygotic and heterozygotic
twins were not anticipated to show differences and
correlations of the twins could be made. The objective
was to identify potential systemic epigenetic biomar-
kers for obesity susceptibility in humans. The current
study was not designed to use an obesity relevant cell
to assess obesity etiology but instead used a non-
relevant cell to assess systemic epigenetic alterations.
Observations allow the potential contributions of epi-
genetic inheritance and early life developmental ori-
gins in obesity to be considered.

Results

Descriptive information for selected characteristics
of the study participants are presented in Table 1
by zygosity, sex, and BMI category. The partici-
pants were on average 41.7 +12.0years, 54.5%
female, and all participants identified as non-
Hispanic White. The majority of the participants



were married or living with a partner (63.6%). The
average BMI for normal weight twins was 24.3 +
2.1 kg/m?, while the average BMI for obese twins
was 35.3 + 4.6 kg/m’. The average BMI difference
within pairs was 8.9 + 3.2 kg/m” for homozygotic
twins and 13.4 + 5.1 kg/m” for heterozygotic twins.
Waist circumference was 33.2 + 3.4 inches for nor-
mal weight twins and 43.6 + 6.2 inches for obese
twins. Normal twins averaged 135.0 + 125.4 min of
neighbourhood walking and 136.8 £92.8 min of
moderate-to-vigorous physical activity (MVPA)
weekly. Obese twins averaged 107.7 £127.6 min
of neighbourhood walking and 89.1 £ 93.0 min of
MVPA weekly (Table 1).

Buccal cell swabs were collected as outlined in
the Methods section and shipped to the laboratory
for analysis and are summarized in Supplemental
Table S1. DNA was extracted from the samples for
subsequent epigenetic analysis. The twin samples
for each homozygotic, heterozygotic, male, and
female are presented in Supplemental Table S1.
Methylated DNA immunoprecipitation (MeDIP)
was performed on the buccal cell DNA samples.
The MeDIP was followed by DNA sequencing
(MeDIP-Seq) by the Washington State University
Genomics Core Laboratory, Spokane, WA.
Differential DNA methylation regions (DMRs)
were identified as outlined in the Methods and
previously described [28]. The DMRs were
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identified for homozygous males and females, het-
erozygous males and females, and all males and
females combined (Figure 1). The DMRs at edgeR
p-value of p < le-04 were selected for subsequent
analysis, but various edgeR p-value DMR numbers
are listed to provide better context for the DMR
analysis (Figure 1). The majority of DMRs involve
a single 1 kb window, but the heterozygous twin
pairs had some multiple 1 kb window DMRs
(Figure 1). The genomic locations of the DMRs
at edgeR p < le-04 are presented in Figure 2 for all
the datasets and demonstrate a genome-wide dis-
tribution of DMRs. The genomic features of the
DMRs demonstrated a CpG density of one or two
CpG/100 bp and DMR length of predominantly 1
kb for all the datasets for both male and female
twins, Figure 3. A principal component analysis
for each of the datasets using the specific DMR
sites shows good separation between both the male
and female discordant twins, Figure 4.

The DMR name, genome location, CpG density,
edgeR p-value statistical significance, and gene
associations are all presented for each discordant
twin comparison for males and females in
Supplemental Tables S2-S5. A Venn diagram at
edgeR p <1le-04 demonstrated negligible overlap
between the DMR for the different twin pairs for
male or female, Figure 5a-c. An extended overlap
with a comparison of the edgeR p <1le-04 DMR

Table 1. Descriptive statistics for selected demographic characteristics and outcome measures among discordant twins.

Dz
MZ Male MZ Male MZ Female MZ Female  DZ Male DZ Male DZ Female Female
NW OB NW OB NW OB NW OB
N (individuals) 5 5 7 7 5 5 5 5
Age (years) 46.0 (11.2) 443 (12.9) 33.9 (9.4) 414 (11.7)
Within-pair BMI diff. (Mean SD) 8.1 (2.9) 9.5 (3.5) 12.0 (5.5) 14.9 (4.7)
BMI (Mean +SD) 25.2 (2.0) 33.4 (4.5) 24.0 (2.3) 33.5 (2.3) 24.0 (24) 36.0 (5.4) 24.2 (2.3) 39.1 (5.2)
Waist circumference, in (Mean SD)  35.7 (2.1) 44.2 (6.1) 31.4 (3.0) 39.7 (2.5) 341 (3.5) 477 (7.3) 324 (3.9) 443 (7.1)
WalkScore (Mean +SD) 26.0 (22.2) 28.6 (36.1) 33.0 (25.4) 37.7 (31.2) 59.8 33.6 (30.8) 22.0 (26.5) 26.0
(37.1) (23.5)
Married/Living with Partner, % 80.0 100.0 714 429 40.0 40.0 80.0 60.0
Servings fruit/week* 1.9 (0.9) 1.2 (0.7) 2.1 (1.6) 2.1 (1.0) 1.2 (0.7) 1.6 (1.2) 1.9 (0.9) 2.6 (1.6)
Servings veg/week* 23 (1.1) 1.5 (0.0) 3.6 (1.2) 23 (1.4) 3.1 (0.9) 1.9 (0.9) 3.5 (0.0) 3.5 (1.2)
Servings soda/week* 0.3 (0.7) 0.3 (0.7) 0.5 (1.3) 0.2 (0.6) 0.6 (0.8) 0.7 (1.6) 0.3 (0.7) 1.3 (1.4)
Servings caffeine/week* 3.0 (1.5) 23 (1.1) 2.1 (1.6) 2.1 (1.4) 3.1 (0.9) 3.0 (1.5) 1.2 (0.7) 1.6 (1.2)
1 or more fast food visits/week, 60.0 40.0 143 28.6 80.0 80.0 60.0 80.0
%
Walking minutes per week 137.0 (94.2) 148.0 190.7 (172.7) 126.6 (151.7) 84.0 60.0 (93.7) 106.0 (109.2) 86.0
(168.9) (85.2) (86.2)
Weekly minutes MVPA (Mean 168.0 90.0 (57.9) 164.3 (88.3) 82.9 (109.2) 72.0 136.0 132.0 (69.1) 50.0
SD) (120.1) (80.4) (125.4) (60.8)

NW: Normal Weight (BMI 18-24.9 kg/m2); OB: Obese (BMI =30 kg/m2); MVPA: Moderate to vigorous physical activity; *Categorial food servings

variables recoded to continuous: 0=0, 1-2=1.5, 3-4=3.5, 5+ =5.
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a Male Homozygotic DMR Biomarkers

b Male Heterozygotic DMR Biomarkers

p-value All Window Multiple Window p-value All Window Multiple Window
0.001 494 2 0.001 828 15
1e-04 51 0 1e-04 127 7
1e-05 6 0 1e-05 35 4
1e-06 1 0 1e-06 7 1
1e-07 1 0 1e-07 3 1
Significant windows 1 Significant windows 1 2 3 4
Number of DMR 51 Number of DMR 120 5 1 1

¢ Female Homozygotic DMR Biomarkers

d Female Heterozygotic DMR Biomarkers

p-value All Window Multiple Window p-value All Window Multiple Window
0.001 711 0 0.001 801 15
1e-04 63 0 1e-04 102 5
1e-05 6 0 1e-05 16 1
1e-06 1 0 1e-06 2 0
1e-07 0 0 1e-07 1 0
Significant windows 1 Significant windows 1 2 3 4 5 6
Number of DMR 63 Number of DMR 97 1 1 1 1 1
e Male All DMR Biomarkers f Female All DMR Biomarkers
p-value All Window Multiple Window p-value All Window Multiple Window
0.001 574 0 0.001 656 2
1e-04 46 0 1e-04 81 0
1e-05 6 0 1e-05 6 0
Significant windows 1 Significant windows 1
Number of DMR 46 Number of DMR 81

Figure 1. DMR identification. the number of DMRs found using different p-value cut-off thresholds. The all-window column shows
all DMRs. The multiple window column shows the number of DMRs containing at least two nearby significant windows (1 kb each).
The number of DMRs with the number of significant windows (1 kb per window) at a p-value threshold of p < 1e-04 for DMR is
bolded. (a) male homozygotic DMRs; (b) male heterozygotic DMRs; (c) female homozygotic DMRs; (d) female heterozygotic DMRs; (e)

male all DMRs; and (f) female all DMRs.

and a p<0.05 DMR comparison is presented in
Figure 5d. Negligible overlap was observed
between the male and female DMR datasets.
There was also negligible overlap between the het-
erozygotic versus homozygotic for the male or
female data sets, as well as for all DMR datasets
for each of the sexes, Figure 5d. When the male
and female data were combined for homozygotic
and heterozygotic twins, the overlaps did not
improve. Therefore, the DMRs identified for the
discordant male or female twins were predomi-
nantly distinct for both the heterozygotic and
homozygotic twins. When the DMR associated
genes presented in Supplemental Table S2-S5
were examined for each of the datasets, both the

male and female DMR associated genes had links
with previously identified obesity associated genes.

Although the DMR analysis for all twins com-
bined identified common DMRs between the het-
erozygous and homozygous datasets for each sex,
the edgeR p <1le-04 used for the DMR analysis
when further analysed with a more classic false
discovery rate (FDR) showed low significance.
The datasets had an FDR of >0.1 for the majority
of DMRs. Few DMRs, approximately 2% and 6%
for the male heterozygous, had FDR<O0.1.
Therefore, the statistical analysis of the DMR ana-
lysis suggests a low significance with FDR consid-
ered. As shown in Table 1, the sample size is
limited with #n=5 homozygous male, n=>5
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Figure 2. DMR chromosomal locations. the DMR locations on the individual chromosomes are represented with an arrowhead and
a cluster of DMRs with a black box. All DMRs containing at least one significant window at a p-value threshold of p < 1e-04 for DMR
are shown. (a) male homozygotic DMRs; (b) male heterozygotic DMRs; (c) female homozygotic DMRs; (d) female heterozygotic DMRs;
(e) male all DMRs; and (f) female all DMRs. The chromosome number versus size (megabase) is presented.
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a Male Homozygotic DMR b Male Homozygotic DMR ¢ Male Heterozygotic DMR
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Figure 3. DMR genomic features CpG density and length. (a) male homozygotic CpG density; (b) male homozygotic DMR length;
(c) male heterozygotic CpG density; (d) male heterozygotic DMR length; (e) female homozygotic CpG density; (f) female homozygotic
DMR length; (g) female heterozygotic CpG density; (h) female heterozygotic DMR length; (i) male all CpG density; (j) male all DMR
length; (k) female all CpG density; and (1) female all DMR length.
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a Male Homozygotic DMR biomarkers b Male Heterozygotic DMR biomarkers
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Figure 4. DMR principal component analysis. (a) male homozygotic DMRs; (b) male heterozygotic DMRs; (c) female homozygotic
DMRs; (d) female heterozygotic DMRs; (e) male all DMRs; and (f) female all DMRs.
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a Venn Overlap DMR p<1e-04

Male
Homozygo

Male

te Heterozygote

Female

Female
Heterozygote

Homozygote

b Venn Overlap Female All p<1e-04 ¢ Venn Overlap Male All p<1e-04

Female Female Male Male
Homozygote Heterozygote Homozygote Heterozygote
Female All Male All
d Extended Overlap
p<0.05 | Female Female Female Male All Male Male
p<1e-04 All Homozygote Heterozygote Homozygote Heterozygote
Female All | 81 (100%) | 71 (87.65%) | 59 (72.84%) 2 (2.47%) 2 (2.47%) 6 (7.41%)
Female
Homozygote |58 (92.06%)| 63 (100%) 2 (3.17%) 3 (4.76%) 1.(1.59%) 6 (9.52%)
Female
Heterozygote |56 (54.90%)| 14 (13.73%) 102 (100%) 8 (7.84%) 1(0.98%) 11 (10.78%)
Male Al 3(6.52%) | 2(4.35%) 1(2.17%) 46 (100%) | 37 (80.43%) | 41 (89.13%)
Male
Homozygote | 0 (0.00%) | 0 (0.00%) 2 (3.92%) 36 (70.59%) | 51 (100%) 3 (5.88%)
Male
Heterozygote | 7 (551%) | 13 (10.24%) 8 (6.30%) 94 (74.02%) | 7 (5.51%) 127 (100%)

Figure 5. Discordant DMR overlaps. (a) DMR p < 1e-04 venn diagram overlap. (b) female all DMR p < 1e-04 venn diagram overlap.
(c) male all DMR p < 1e-04 venn diagram overlap. (d) extended overlaps with p < 1e-04 and p < 0.05 comparisons. DMR number
and percent (%) overlap presented within the rows.



heterozygous male, n = 7 homozygous female, and
n =5 heterozygous female pairs for each group,
Supplemental Table S1. For the DMR male or
female twin analysis, a paired discordant twin pro-
cedure was used which involved n =3 homozygo-
tic male, n=3 heterozygotic male, n=7
homozygotic female, and n=4 heterozygotic
female pairs for each group, Figure 1. Since genet-
ics will not impact the epigenetics dramatically,
a combination of the homozygotic and heterozy-
gotic twins was used. An unpaired analysis with all
twins within the groups had an FDR of >0.1 for
most sites. Due to the FDR limitation with the
DMR analysis comparison of groups, an alternate
approach using weighted genome co-expression
network analysis (WGCNA) was used [29]. The
WGCNA was originally designed for gene expres-
sion data but recently has been used for epigenetic
data as well [30]. This WGCNA analysis identifies
within the dataset networks of genes or epigenetic
sites that correlate with specific parameters within
the population analysed. For the WGCNA analy-
sis, twin pairings are not considered with each
participant considered independent. The male or
female combination of homozygotic and heterozy-
gotic twins using WGCNA identified different
modules of different epigenetic sites that were
identified with a specific color (colored modules)
and correlated them with physiological para-
meters, providing correlation coefficients and sta-
tistics (Figure 6 & 7). The module correlations
with parameters with a black box boundary iden-
tified p-values and correlation coefficients that
have high significance of p <1le-04 to p<le-07.
A summary of the analysis of DMR-associated
genes from the male or female homozygous and
heterozygous groups was made and is shown in
Figure 8. For both zygosities, sex and age had the
highest correlations among the parameters mea-
sured, as in the DMR analysis. Marital status (mar-
stat), number of living children, and physical
activity-related measures including walk score,
neighbourhood walk time, and moderate to vigor-
ous physical activity MVPA correlated with the
non-obese and obese twin pairs. The obesity para-
meters of BMI and waist circumference, as well as
diet parameters of servings of soda, servings of
caffeine, and fast-food servings per week, were
correlated with WGCNA modules in males
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(Figure 7). For females, waist circumference,
BMI, soda servings, and caffeine servings all cor-
related with identified modules (Figure 8). For
males, energy drink servings and fast-food servings
correlated. Therefore, both male and female dis-
cordant twins had WGCNA measures associated
with obesity parameters. The fast-food obesity-
associated (p <4e-04) gene associations for male
twins in the tan module were near the CIDEC
gene, and the soda servings obesity-associated (p
< 6e-04) gene for female twins in the rosy-brown
module was near the SPP1 gene. Therefore, the
WGCNA analysis identified correlations, epige-
netic sites, and associations with some obesity
genes between the discordant groups.

Discussion

Over the past several decades, there has been
a dramatic increase in the prevalence of obesity
within nearly all human populations [31].
Although this clearly is in part due to nutrition
and activity levels, the heritability of or ‘suscept-
ibility’ to develop obesity is also a major contribu-
tor to these trends. Epigenetics and epigenetic
transgenerational inheritance have been observed
and associated with obesity in a number of species
including humans [2,32]. An example of an
experimental mammalian study is the exposure
of a gestating rat to DDT (dichlorodiphenyltri-
chloroethane) during gonadal sex determination
in the fetus followed by the birth of the F1 gen-
eration offspring, then propagation to the F2
grand-offspring and finally F3 generation great-
grand-offspring. The only generation exposed
was the gestating female FO generation, yet obser-
vations demonstrated dramatic (>50% population)
increased obesity in the F3 generation, which is the
first transgenerational generation [33]. The ability
of environmental toxicants such as DDT to pro-
mote the epigenetic transgenerational inheritance
of obesity, three generations removed from the
exposure, suggests generational toxicology is also
a significant factor in obesity etiology [2,34]. Twin
studies have also shown discordance in DMRs,
with correlations to measures of diet and physical
activity [35]. The current study was designed to
use a twin study with discordance in obesity to
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Figure 6. Female WGCNA module-traits correlations p < 0.005. rows and columns removed if no correlation met threshold.

assess systemic epigenetic alterations between the
twins. The objective was to identify a potential
systemic  epigenetic biomarker for obesity
susceptibility.

The experimental design used a biomarker cell that
is not directly involved in the etiology of obesity, but
that is related to a systemic effect on the individuals’
developmental epigenetics. The buccal cell is an easily

isolated and purified (i.e., greater than 90%) cell popu-
lation that can be used to assess epigenetic biomarkers
for pathology and phenotypic variations [20,21].
Observations further support the use of biomarker
cells such as buccal cells for disease and phenotypic
change susceptibility in the populations studied.

The twin homozygotic and heterozygotic sam-
ples used were discordant for obesity. Although
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the discordant sample sets were not large, an to the dramatic

differences

in epigenetics

epigenetic analysis was used to identify potential
epigenetic biomarkers for obesity susceptibility.
Males and females were analysed separately due

between the sexes [36]. The differential DNA
methylation region (DMR) analysis between the
obese and non-obese twins identified DMRs for
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the different comparisons and the genomic fea-
tures of the DMRs. A PCA and gene associations
were also supportive of the obesity biomarker.
However, the false discovery rate (FDR) was
primarily >0.1, so the statistical confidence of
these DMRs is poor. Independently, the present
study provides ‘proof of concept’ that such epi-
genetic biomarkers may be identified in larger
sample populations. An additional analysis was
also performed to potentially support the DMR
analysis. The alternate procedure was a weighted
co-expression network analysis (WGCNA) that
uses the genomic information with all samples in
a dataset to identify correlations [29]. The
WGCNA has been used in previous studies for
epigenetic analysis to correlate epigenetic mod-
ifications with phenotypic information [37]. The
WGCNA was also performed on the male and
female samples separately due to the dramatic
sex differences in epigenetics. A number of cor-
related epigenetic modules (p < 0.005) were iden-
tified for obesity measures within the
comparison of the obese and non-obese twins
examined. Nutritional factors such as fast-food
servings per week and soda servings per week
were also correlated. The correlated modules
contained sites near genes associated with obe-
sity. This includes the male tan module gene
CIDEC and female rosy brown module gene
SPP1. For the DMR analysis, the male hetero-
zygotic DMR obesity gene ZFP69 and female
homozygotic DMR obesity gene POMC corre-
lated. Therefore, the WGCNA was supportive
of the DMR analysis correlations, but both ana-
lyses suggest larger numbers of twin pairs would
likely enhance the observations made. Since the
buccal cell is not relevant to obesity etiology,
more extensive gene associations were not inves-
tigated. Associated gene categories and pathways
are presented, Figure 8, and all specific DMR
associated genes identified in Supplemental
Tables S2-S5.

The development and use of early-stage biomar-
kers for disease susceptibility suggests that preven-
tative lifestyle and therapeutic approaches could be
used to facilitate a prevention medicine approach.
The reactionary medicine approach used today is
useful to treat disease, but the detection of disease
prior to its development is more powerful in terms
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of reducing morbidity and mortality from chronic
diseases. Twin studies assist in the control for
genetic and shared environmental factors to allow
more efficient assessment of epigenetic disease
associations in twins who are discordant for con-
ditions of interest [38]. In this obesity focused
study, a statistically significant epigenetic biomar-
ker was not identified with the DMR analysis. This
is likely due to the low sample size, but also likely
because obesity is a multifaceted condition.
Therefore, different causal factors and origins of
obesity would create potential epigenetic variation
between individuals. The multiple origins must be
considered and that may ultimately interfere in the
identification of an epigenetic biomarker. This
information also supports the need for large
patient sample studies to assess the various com-
ponents of the disease in the investigation of epi-
genetic biomarkers.

The current pilot study demonstrates that the
identification of systemic epigenetic biomarkers
for obesity susceptibility is feasible, but further
analysis with larger sample sizes will be required
to obtain a statistically significant signature of
DMRs. The WGCNA analysis also supported the
identification of epigenetic sites associated with
obesity and nutritional measures within the nor-
mal weight and obese groups. Both analyses iden-
tified obesity-associated genes that support the
observations presented. Since metabolic syndrome
and obesity are multifaceted and complex, multi-
faceted disease correlations with epigenetic altera-
tions may be complex. This suggests that a higher
epigenetic variation within diseases, such as obe-
sity, requires increased sample size compared with
other less complex pathologies. Further analysis
will help establish this potential epigenetic
variation.

Considering the limitations discussed, the cur-
rent study does support the feasibility of epigenetic
biomarkers for obesity susceptibility. Such epige-
netic biomarkers could potentially be used to iden-
tify the susceptibility to obesity later in life such
that preventative lifestyle changes and therapeutics
could be considered. A preventative medicine
approach to conditions such as metabolic syn-
drome and obesity will be significantly enhanced
with the availability of epigenetic biomarkers for
disease. In addition, the identification of such
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systemic epigenetic alterations that are associated
with disease provides a better understanding of the
etiology of obesity and suggests a potential role for
epigenetic inheritance and early life developmental
origins of obesity. Clearly, obesity etiology will
involve a combination of environmental and beha-
vioural factors, as well as genetics and epigenetics.

Methods
Twin clinical sample collection and information

Participants in this study were homozygotic and
heterozygotic twins recruited from the commu-
nity-based Washington State Twin Registry
(WSTR). Recruitment procedures and details
about the WSTR have been described elsewhere
[39]. Identical and same-sex fraternal twins were
eligible for participation in this study. We identi-
tied a potential pool of 311 twin pairs using pre-
viously collected data on BMI. Twins were sent an
invitation letter which included a link to complete
an online screening questionnaire. For those who
did not respond to the online questionnaire,
a study coordinator followed up with a phone
call to determine interest and eligibility. Inclusion
criteria for study eligibility included absence of
any gastro-intestinal conditions, not taking pre-
scription medications that would impact the gut
microbiome, not taking medications for obesity,
one twin having a normal BMI (18-24.9) and the
other having an obese BMI (=230), and not preg-
nant. Due to the stringent inclusion criteria, 41%
of twins contacted were ineligible for the study.
A total of 22 pairs of twins were enrolled in the
study and completed all study procedures. The
study protocol was approved by the WSU
Institutional Review Board (#16509), and
informed written consent was obtained from all
participants prior to receiving the study materials.

Once the study coordinator determined that
a twin pair was eligible for the study, they were
sent a kit to collect data at home. Materials
included a stool collection kit (for the gut micro-
biome, not included in the present analysis),
a buccal brush for DNA collection, a tape measure
to measure waist circumference, questionnaires,
and prepaid shipping materials to return the sam-
ples and questionnaires. The materials were

returned to Washington State University after
data collection was completed. Every attempt was
made to obtain the highest number of study sam-
ples from the WSTR.

DNA preparation

Frozen human buccal samples were thawed for analy-
sis. As previously discussed, the purity of the buccal
cell population was >90%, and contaminating bacter-
ial cells were removed from the molecular analysis.
Genomic DNA from buccal samples was prepared as
follows: The buccal brush was suspended in 750 pl of
cell lysis solution and 3.5 pl of Proteinase K (20 mg/
ml). This suspension was incubated at 55°C for 3 h,
then vortexed and centrifuged briefly. The lysis solu-
tion was then transferred to a new 1.5 pl microcentri-
fuge tube. The microcentrifuge tube with the buccal
brush was centrifuged again to retain any remaining
solution which was combined with the transferred
lysis solution. The buccal brush was discarded, and
300 ul of protein precipitation solution (Promega,
A795A, Madison, WI) was added to the lysis solution.
The sample was incubated on ice for 15 min, then
centrifuged at 4 C for 30 min. The supernatant was
transferred to a fresh 2 mL microcentrifuge tube and
1,000 pl ice-cold isopropanol was added along with 2
uL glycoblue. This suspension was mixed thoroughly
and incubated at —20°C overnight. The suspension
was then centrifuged at 4°C for 20 min, the super-
natant was discarded, and the pellet was washed with
75% ethanol, then air-dried and resuspended in 100 pl
H20. DNA concentration was measured using the
Nanodrop (Thermo Fisher, Waltham, MA).

Methylated DNA immunoprecipitation (MeDIP)

Methylated DNA Immunoprecipitation (MeDIP)
is an optimal procedure compared to other ana-
lyses [28], and genomic DNA was performed as
follows: individual DNA samples (2-4 ug of total
DNA) were diluted to 130 ul with 1x Tris-EDTA
(TE, 10mM Tris, 1mM EDTA) and sonicated
with the Covaris M220 using the 300 bp setting.
Fragment size was verified on a 2% E-gel agarose
gel. The sonicated DNA was transferred from the
Covaris tube to a 1.7 ml microfuge tube, and the
volume was measured. The sonicated DNA was
then diluted with TE buffer (10 mM Tris HCI,



pH7.5; 1 mM EDTA) to 400 pl, heat-denatured for
10 min at 95 C, then immediately cooled on ice for
10 min. Then, 100 ul of 5X IP buffer and 5 pug of
antibody (monoclonal mouse anti-5-methyl cyti-
dine; Diagenode #C15200006) were added to the
denatured sonicated DNA. The DNA-antibody
mixture was incubated overnight on a rotator at
4 C. The following day magnetic beads
(Dynabeads M-280 Sheep anti-Mouse IgG;
11201D) were pre-washed as follows: The beads
were resuspended in the vial, then the appropriate
volume (50pl per sample) was transferred to
a microfuge tube. The same volume of Washing
Buffer (at least 1 mL 1XPBS with 0.1% BSA and 2
mM EDTA) was added, and the bead sample was
resuspended. The tube was then placed into
a magnetic rack for 1-2 min, and the supernatant
was discarded. The tube was removed from the
magnetic rack, and the beads were washed once.
The washed beads were resuspended in the same
volume of 1X IP buffer (50 mM sodium phosphate
ph7.0, 700 mM NaCl, 0.25% TritonX-100) as the
initial volume of beads. Fifty microlitres of beads
were added to the 500 ul of DNA-antibody mix-
ture from the overnight incubation, then incu-
bated for 2 h on a rotator at 4 C. After the
incubation, the bead-antibody-DNA complex was
washed three times with 1X IP buffer as follows:
The tube was placed into a magnetic rack for 1-2
min and the supernatant was discarded, then the
magnetic bead antibody pellet was washed with
1X IP buffer 3 times. The washed bead antibody
DNA pellet was then resuspended in 250 pl diges-
tion buffer with 3.5ul Proteinase K (20 mg/ml).
The sample was incubated for 2-3 h on a rotator
at 55 C, then 250pl of buffered Phenol-
Chloroform- Isoamyl alcohol solution was added
to the sample, and the tube was vortexed for 30 sec
and then centrifuged at 14000 rpm for 5min at
room temperature. The aqueous supernatant was
carefully removed and transferred to a fresh
microfuge tube. Then, 250 ul chloroform was
added to the supernatant from the previous step,
vortexed for 30 sec and centrifuged at 14000 rpm
for 5min at room temperature. The aqueous
supernatant was removed and transferred to
a fresh microfuge tube. To the supernatant 2 ul
of glycoblue (20 mg/ml), 20 ul of 5M NaCl and
500 pl ethanol were added and mixed well, then
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precipitated in =20 C freezer for 1 h to overnight.
The precipitate was centrifuged at 14000 rpm for
20 min at 4 C, and the supernatant was removed
while not disturbing the pellet. The pellet was
washed with 500 ul cold 70% ethanol in —-20
C freezer for 15min then centrifuged again at
14000 rpm for 5min at 4 C, and the supernatant
was discarded. The tube was spun again briefly to
collect residual ethanol to the bottom of the tube
and as much liquid as possible was removed with
gel loading tip. The pellet was air-dried at RT until
it looked dry (about 5min) then resuspended in
20l TE. DNA concentration was measured in
Qubit (Life Technologies) with ssDNA kit
(Molecular Probes Q10212).

MeDIP-Seq analysis

The MeDIP DNA samples (50 ng of each) were
used to create libraries for next-generation sequen-
cing (NGS) using the NEBNext Ultra RNA Library
Prep Kit for Illumina (San Diego, CA) starting at
step 1.4 of the manufacturer’s protocol to generate
double-stranded DNA. After this step, the manu-
facturer’s protocol was followed. Each sample
received a separate index primer. NGS was per-
formed at Washington State University (WSU)
Spokane Genomics Core using the Illumina
HiSeq 2500 with a PE50 application, with a read
size of approximately 50bp and approximately 10-
27 million reads per sample, and 11 sample
libraries each were run in one lane.

Molecular bioinformatics and statistics

Basic read quality was verified using information
produced by the FastQC program [40]. Reads were
filtered and trimmed to remove low-quality base
pairs using Trimmomatic [41]. The reads for each
sample were mapped to the GRCh38 human gen-
ome using Bowtie2 [42] with default parameter
options. The mapped read files were then con-
verted to sorted BAM files using SAMtools [43].
Samples with an overall mapping less than 70%
were removed from the DMR analysis along with
the corresponding twin samples. To identify
DMRs, the reference genome was broken into
1000 bp windows. The MEDIPS R package [44]
was used to calculate the differential coverage
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between control and exposure sample groups. The
edgeR p-value [45] was used to determine the
relative difference between the two groups for
each genomic window. Windows with an edgeR
p-value less than 10~* were considered DMRs. The
DMR edges were extended until no genomic win-
dow with an edgeR p-value less than 0.1 remained
within 1000 bp of the DMR. CpG density and
other information were then calculated for the
DMR based on the reference genome. DMRs
were annotated using the NCBI provided annota-
tions. The genes that overlapped with DMRs were
then input into the KEGG pathway search [46,47]
to identify associated pathways. The DMR asso-
ciated genes were then sorted into functional
groups by reducing Panther [48] protein classifica-
tions into more general categories. All MeDIP-Seq
genomic data obtained in the current study have
been deposited in the NCBI public GEO database
(GEO #: GSE218363). Obesity-related genes were
identified using the DisGeNET knowledge plat-
form [49].

Weighted gene coexpression network analysis
(WGCNA)

The weighted gene coexpression network analysis
(WGCNA) [50] was performed using the WGCNA
R package [51]. All samples were considered indepen-
dent for the WGCNA analyses, so twin pairing was
ignored. All MeDIP-Seq genomic windows were
ranked by the mean RPKM read depth across all
samples. The top 100,000 sites were chosen for inclu-
sion in the analysis. The size of this subset was chosen
to allow for a reasonable read depth to be considered
and to limit computational requirements. WGCNA is
a parameter rich analysis, and only limited exploration
of parameter variations was performed. Modules were
calculated using the blockwiseModules function with
the following parameters: maxBlockSize = 15000,
power = 6 (female), 9 (male), TOMType = ‘unsigned,’
minModuleSize =30, reassignThreshold=0, and
mergeCutHeight = 0.25. The Pearson correlation was
calculated for each development stage and module.
The p-value for each correlation was calculated using
the corPvalueStudent function. Sites within each mod-
ule were annotated using the same methods as the
DMRs.
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