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ABSTRACT
Epigenetics links perinatal influences with later obesity. We identifed differentially methylated 
CpG (dmCpG) loci measured at 17 years associated with concurrent adiposity measures and 
examined whether these were associated with hsCRP, adipokines, and early life environmental 
factors. Genome-wide DNA methylation from 1192 Raine Study participants at 17 years, identified 
29 dmCpGs (Bonferroni corrected p < 1.06E-07) associated with body mass index (BMI), 10 with 
waist circumference (WC) and 9 with subcutaneous fat thickness. DmCpGs within Ras Association 
(RalGDS/AF-6), Pleckstrin Homology Domains 1 (RAPH1), Musashi RNA-Binding Protein 2 (MSI2), 
and solute carrier family 25 member 10 (SLC25A10) are associated with both BMI and WC. 
Validation by pyrosequencing confirmed these associations and showed that MSI2 , SLC25A10 , 
and RAPH1 methylation was positively associated with serum leptin. These were  also associated 
with the early environment; MSI2 methylation (β = 0.81, p = 0.0004) was associated with 
pregnancy maternal smoking, SLC25A10 (CpG2 β = 0.12, p = 0.002) with pre- and early pregnancy 
BMI, and RAPH1 (β = −1.49, p = 0.036) with gestational weight gain. Adjusting for perinatal factors, 
methylation of the dmCpGs within MSI2, RAPH1, and SLC25A10 independently predicted BMI, 
accounting for 24% of variance. MSI2 methylation was additionally associated with BMI over time 
(17 years old β = 0.026, p = 0.0025; 20 years old β = 0.027, p = 0.0029) and between generations 
(mother β = 0.044, p = 7.5e-04). Overall findings suggest that DNA methylation in MSI2, RAPH1, 
and SLC25A10 in blood may be robust markers, mediating through early life factors.
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Introduction

Studies suggest that susceptibility to obesity in 
later life may be influenced by the early life envir
onment. In animal models, variations in maternal 
body composition and diet can induce persistent 
changes in metabolism and body composition in 
the offspring [1], while in humans, higher mater
nal BMI and excessive gestational weight gain 
(GWG) independently increase obesity risk in the 
offspring [2].

Mechanisms by which the environment influences 
adiposity are suggested to involve the epigenetic reg
ulation of genes. In animal models, variations in 

maternal diet induced changes in the methylation of 
key metabolic genes, which often persist through the 
lifecourse, accompanied by changes in gene expres
sion and the metabolic proceses they control [3]. 
Human studies also suggest a role for epigenetics in 
mediating the effects of the early life environment on 
later disease risk. For example, maternal carbohydrate 
intake and offspring adiposity have been associated 
with differential methylation of the promoter of the 
RXRA gene in the umbilical cord [4], while perinatal 
methylation of CpGs within the promoter of the long 
non-coding RNA ANRIL is associated with antenatal 
growth faltering and higher adiposity at age 6 years 
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[5]. Although initial studies suggest that the epigen
ome is most susceptible to environmental factors in 
early life, there is increasing evidence that the epigen
ome retains a degree of plasticity throughout life [6]. 
Thus, modulation of the epigenome may represent 
a key mechanism by which the environment influ
ences disease risk across the lifecourse.

Epigenome-wide DNA methylation association 
studies (EWAS) have identified differentially methy
lated CpG (dmCpG) loci in blood that are associated 
with concurrent adiposity [3,7–18] and related mea
sures of inflammation [19,20]. Most studies have been 
carried out during adulthood, rather than in adoles
cence/childhood [3,16–18] when the influences of 
early life exposures and plasticity of the epigenome 
may be stronger. Few studies have explored the long
itudinal nature of these associations or the associations 
across generations. Here, we have undertaken EWAS 
on whole blood from 1192 participants of the Raine 
Study (www.rainestudy.org.au) at age 17 years (gen
eration 2), to identify dmCpGs associated with con
current measures of adiposity in adolescence, and 
their relationship with early life environmental factors. 
Subsequent pyrosequencing of the adiposity- 
associated dmCpGs at 17 and 20 years of age, and in 
matched mother–child pairs, was undertaken in order 
to determine whether variation in CpG methylation 
levels was associated with multiple measures of adip
osity, serum levels of the adipokine leptin and adipo
nectin, and C-reactive protein as a marker of 
inflammation. We also assessed whether the associa
tions between DNA methylation levels and anthropo
metry remain stable over a 3-year time period in the 
same individuals and consistent between mother and 
offspring. Further, we assessed stability with adjust
ments for genetic and early life factors.

Methods

The Raine study

The Raine Study (www.rainestudy.org.au) recruited 
pregnant women between 1989 and 1991 
(N = 2,900) in Perth, Australia. Women were invited 
if they were between 16 and 20 weeks pregnant, had 
sufficient proficiency in English, were expected to 
deliver at the hospital, and intended to remain in the 
jurisdiction [21]. There were 2868 live births (includ
ing 2 742 singletons, 60 sets of twins, and 2 sets of 

triplets.) By the 17-year follow-up, there had been 
attrition (36 deaths, 480 withdrawn, 598 lost or 
deferred) [22].

Maternal (Gen1) data

Maternal weight was obtained from medical 
records at mean 16.5 ± 2.2 and mean 
34.1 ± 1.5 weeks’ gestation. GWG was defined as 
the weight gained from 16 to 34 weeks. Maternal 
smoking during pregnancy was assessed from 
questionnaires (yes/no) (validated against serum 
cotinine) [23], and a stress score ascertained 
using the 11-item questionnaire derived from the 
Life Stress Inventory at 18 and 34 week gestation. 
Total life event index scores were calculated 
throughout pregnancy from the sum of events 
[24]. Breast feeding duration was obtained from 
questionnaires 12-months post-partum.

Offspring (Gen2) data

Details of anthropometry (weight, height, waist cir
cumference (WC), and skinfold thicknesses) at 17 
and 20 years old are previously described [25]. At 17 
years old, ultrasound (Siemens Antares, Mountain 
View, CA, USA) adipose thickness was measured by 
ultrasonographers using standardized criteria [26]. 
At 20 years old, dual-energy x-ray absorptiometry 
(DEXA) (Norland XR-36 densitometer, Norland 
Medical Systems, Fort Atkinson, WI, USA) mea
sured whole body fat, lean, and soft tissue mass (g). 
Venous blood was sampled after overnight fasting; 
serum high-sensitivity C-reactive protein (hsCRP), 
leptin, and adiponectin were measured at the 
PathWest Laboratory (Royal Perth Hospital) as pre
viously described [27].

Diet was assessed at 17 years old using 
a semi-quantitative food frequency question
naire (FFQ) developed by the Commonwealth 
Scientific and Industrial Research 
Organization (CSIRO) in Adelaide, Australia, 
to assess study adolescents’ usual dietary 
intake over the previous year. The FFQ was 
able to correctly rank most nutrient intakes 
when compared with a 3-day food diary [28]. 
Factor analysis was used to reduce the food 
group intakes measured by the FFQ into 
a smaller number of underlying factors or 
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dietary patterns that could explain variations 
in dietary intake. Two major dietary patterns 
were identified: a ‘Healthy’ pattern, high in 
fresh fruit, vegetables, whole grains, and 
grilled or canned fish, and a ‘Western’ pat
tern, high in take-away foods, confectionery, 
soft drinks, and chips [29].

Steps in the study

Shown in Figure 1, the steps of recruitment and 
follow-ups of the Raine Study are depicted, along
side the subpopulations within which the multiple 
epigenetic analyses were performed.

Infinium HumanMethylation 450 K BeadChip 
array

In step 1 (Figure 1), DNA was extracted from 5-ml 
samples of ethylenediaminetetraacetic acid 

(EDTA) blood from 17 years old adolescents 
from the RAINE study using a Puregene DNA 
isolation kit based on a simple salting out techni
que [30]. 1 µg of the genomic DNA was treated 
with sodium bisulphite using Zymo EZ DNA 
Methylation-Gold kit (ZymoResearch, Irvine, 
California, USA, D5007), and processing of the 
HumanMethylation450K (Infinium Methylation 
450 K; Illumina, Inc. CA, USA) platform was 
carried out by the Centre for Molecular Medicine 
and Therapeutics (CMMT) (http://www.cmmt. 
ubc.ca).

Infinium HumanMethylation 450 K BeadChip 
array data processing

QC used R and Bioconductor packages 
shinyMethyl [31], MethylAid [32], and RnBeads 
[33]. Four participants (3 outliers, 1 gender mis
classification) were removed. Three outliers were 

Figure 1. Study steps shown, including recruitment and follow-ups of the Raine Study. The epigenetic analyses, specifically Infinium 
450 K array and pyrosequencing at different time points and generations is shown in highlighted red font.
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removed due to poor probe quality and were iden
tified as outliers using principal components for 
both methylAID and shinymethyl using default 
thresholds. These default thresholds for the 
450 K array correspond to [1] median of methy
lated/unmethylated ratio = 10.5 [2], overall sam
ple-dependent ratio = 11.75 [3], bisulphite 
conversion = 12.75 [4], hybridization control 
probe quality = 13.25 [5], detection p-value = 0.95. 
The fourth sample was removed as there was sex 
chromosome discrepancy based on the average 
signal intensity for those participants. Sixty-five 
intentional SNP CpGs, 11,648 sex chromosome 
CpGs, and 10,777 CpGs with a detection p-value 
>0.05 in any sample were removed. One hundred 
and sixty probes with bead counts <3 in >5% 
samples were removed. Beta-mixture quantile nor
malization [34] was applied to each CpG. As the 
batch effects were still present, technical covariates 
(plate, slide, and well number) were included in all 
statistical models performed.

Infinium HumanMethylation 450 K BeadChip 
array data analysis

As cellular heterogeneity is known to influence 
DNA methylation profiles and drive some of the 
observed differences across individual blood sam
ples, we adjusted methylation values for cell counts 
using the estimated Housman method [35] as 
implemented in the R statistical package, minfi 
[36] for six cell types (CD8T, CD4T, NK, B cell, 
monocytes, and granulocytes). Linear mixed 
effects examined the association of each autosomal 
CpG with adiposity measures, accounting for age, 
sex, cell count, well, and row, with plate number as 
the random effect. Changes in BMI per unit 
change in methylation (0–1 scale, corresponding 
to 0–100% change in methylation) were reported.

Differentially Methylated Regions (DMRs)

For the identification of DMRs, we utilized two 
methods, Comb-p [37] and DMRcate [38]. Comb- 
p and DMRcate utilize one-step Sidak correction 
[39] and the Benjamini–Hochberg method for 
false-discovery rate (FDR) [40], finding significant 
CpGs <1,000 nucleotides. For the DMR analysis, 
the Stouffer correction was applied to calculate the 

p-value. Within a genomic region, we set the 
minimum number of CpGs at 2. To maximize 
robustness, we only considered a DMR significant 
when it was detected in both Comb-p and 
DMRcate. Resulting DMRs were annotated with 
the UCSC Refgene panel from the Illumina anno
tation file in DMRcate [37].

Pathway analysis

Gene set enrichmnent analysis used the 
Bioconductor package missMethyl [41]. Pathways 
enriched by CpGs with p< 0.001 were reported as 
significant, with FDR corrected p-value <0.05. 
These CpGs with p< 0.001 were annotated with 
the nearest UCSC hg19 human genome reference 
panel to determine their Entrez Gene ID. To 
account for potential probe number bias, where 
a gene with more CpGs is likely to be associated 
with a gene, we employed a modified hypergeo
metric test as implemented in missMethyl. We also 
accounted for ‘multi-gene bias’ as approximately 
10% of CpGs on the 450 K are associated with 
more than one gene and is accounted for within 
the gene set testing function within missMethyl. 
Pyrosequencing

Bisulphite pyrosequencing was undertaken on 
DNA from 17 (n = 1050) and 20 (n = 817) year 
olds (gene2)(Step 4 in Figure 1) and their mothers 
(n = 406) (gen1) (Step 5 in Figure 1). It measured 
DNA methylation (%) of each CpG (Pyro Q-CpG 
1.0.9 software). Bisulphite conversion, PCR, and 
primer design details are provided in supplemen
tary Table 1. Pyrosequencing covered two adjacent 
CpG loci in MSI2 locus and one additional CpG in 
the SLC25A10 locus (Supplementary Table 2).

Statistical analysis of pyrosequencing data

Statistical analysis was carried out using SPSS 
(v24.0) and R (v3.3). Where appropriate, outcomes 
were transformed using natural logarithms to 
satisfy the assumption of normality. Agreement 
between methylation from pyrosequencing and 
Infinium arrays was assessed by Bland-Altman 
plots [42]. The same tests were used to assess 
agreement between pyrosequenced methylation 
within corresponding loci in mother and offspring.
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Table 1. General characteristics of participants. Number of participents, general characteristics, phenotypic information, and DNA 
methylation levels of pyrosequenced MSI2, SLC25A10, and RAPH1.

All Males Females

17 year old

N 1050 532 518
Age (years) 17.1 (0.3) 17.1 (0.3) 17.1 (0.3)
Family Income (n = 858)
<$35,000 125 (15%) 62 (14%) 63 (15%)
$35,001 to $70,000 222 (26%) 114 (26%) 108 (26%)
>$70,000 511 (60%) 269 (60%) 242 (59%)
Maternal Ethnicity (Caucasian) 929 (88.5%) 467 (88%) 462 (89%)
Paternal Ethnicity (Caucasian) 924 (88%) 463 (87%) 461 (89%)
Weight (kg) 68.8 (14.9) 73.0 (15.0) 64.4 (13.6)
Height (cm) 172.3 (9.2) 178.3 (7.2) 166.2 (6.5)
BMI (kg/m2) (n = 878) 23.1 (4.5) 22.9 (4.3) 23.3 (4.7)
BMI Categories
<25 kg/m2 670 (78%) 347 (79%) 323 (76%)
Overweight (25–29.9 kg/m2) 122 (14%) 63 (14%) 59 (14%)
Obese (≥30 kg/m2) 72 (8%) 30 (7%) 42 (10%)
Waist circumference (cm) (n = 847) 79.5 (11.5) 80.9 (11.0) 78.0 (11.7)
Fasting Insulin (mIU/L) 9.3 (10.8) 8.5 (6.6) 10.2 (14.0)
Glucose (mmol/L) 4.7 (0.5) 4.8 (0.5) 4.6 (0.4)
HOMA (molar units) 2.1 (2.7) 2.2 (3.2) 2.2 (3.2)
hsCRP (mg/L) 2.0 (5.4) 1.5 (4.0) 2.5 (6.5)
Leptin (µg/L) 19.3 (22.5) 6.7 (10.0) 32.7 (24.4)
Adiponectin (mg/L) 9.5 (5.3) 7.9 (3.8) 11.4 (6.1)
Exercise (n = 643)
< 1 time/week 130 (20%) 45 (14%) 85 (26%)
1–3 times/week 342 (53%) 170 (53%) 172 (54%)
≥ 4 times/week 170 (26%) 106 (33%) 64 (20%)
Dietary Patterns (n = 626)
Healthy 0.00 (0.90) −0.14 (0.86) 0.12 (0.88)
Western −0.03 (0.83) 0.30 (0.86) −0.31 (0.69)
Adolescent smoking (in last 4 weeks) (n = 787) 134 (17%) 62 (15%) 72 (19%)
DNA methylation
MSI2 CpG 1 (%) 82.5 (4.5) 83.1 (4.0) 81.8 (4.8)*
MSI2 CpG 2 (%) 73.6 (3.4) 74.2 (3.3) 72.9 (3.4)*
MSI2 CpG 3 (%) 60.5 (5.0) 60.9 (5.1) 72.9 (3.4)*
SLC25A10 CpG 1 (%) 79.2 (6.0) 79.2 (6.2) 79.2 (5.8)
SLC25A10 CPG 2 (%) 77.9 (5.4) 77.9 (5.4) 77.8 (5.3)
Raph1 CpG 1 (%) 78.9 (4.5) 79.5 (4.9) 78.3 (4.0)
20 year old follow-up
N 817 414 403
Weight (kg) 72.9 (17.0) 78.5 (16.2) 67.2 (15.8)
Height (m) 172.0 (9.4) 179.0 (7.2) 166 (6.4)
BMI (kg/m2)(n = 817) 24.5 (5.1) 24.5 (4.5) 24.5 (5.7)
BMI Categories
(<25 kg/m2) 580 (71%) 290 (70%) 291 (72%)
Overweight (25–29.9 kg/m2) 131 (16%) 74 (18%) 56 (14%)
Obese (≥30 kg/m2) 106 (13%) 50 (12%) 56 (14%)
Waist (cm) (n = 823) 80.2 (12.9) 82.7 (12.1) 77.1 (13.1)
Total fat mass (kg) (n = 749) 22.380 (12.450) 17.885 [11,279] 27,061 [11,886]
Total soft tissue mass (kg) 69.385 (15.442) 74.790 (14.907) 63,758 [13,920]
Total lean mass (kg) 47.003 (12.090) 56.904 (7.883) 36,696 [5,017]
DNA methylation
MSI2 CpG 1 (%) 82.1 (4.2) 83.0 (3.9) 81.2 (4.3)*
MSI2 CpG 2 (%) 73.8 (3.0) 74.6 (2.6) 72.9 (3.2)*
MSI2 CpG 3 (%) 60.1 (4.4) 60.8 (4.1) 59.2 (4.5)*
SLC25A10 CpG 1 (%) 78.5 (5.0) 78.4 (4.8) 78.5 (5.1)
SLC25A10 CpG 2 (%) 77.0 (5.2) 76.9 (5.0) 77.1 (5.4)
Mother and Newborn/Infant Early life
N 1050 532 (51%) 518 (49%)
Birthweight (kg) 3307 (585) 3368 (569) 3244 (595)
Birth Length (cm) 50.0 (2.7) 49.4 (2.6) 48.5 (2.7)
Gestational Age (weeks) 39.2 (2.1) 39.4 (1.9) 39.1 (2.3)
Prepregnancy BMI (n = 1031) 22.4 (4.4) 22.3 (4.4) 22.6 (4.5)
Gestational weight gain rate (g/wk) (n = 992) 502 (195) 503 (193) 501 (197)
Maternal stress (n = 1031) 1.18 (1.23) 1.15 (1.25) 1.21 (1.22)
Smoking during pregnancy 137 (13%) 62 (11.7%) 75 (14.5%)
Breast feeding duration (months) (n = 998) 8.1 (7.3) 8.2 (7.1) 8.1 (7.4)

(Continued )
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Multivariate linear regression was undertaken 
with the outcome being adiposity or inflammatory 
marker (hsCRP, leptin, adiponectin) and indepen
dent variable being the pyrosequenced CpG(%). 
Adiposity was measured as BMI (kg/m2), WC 
(cm), subcutaneous and visceral fat thickness, fat, 
and lean mass (g). Coefficients (β) represent the 
log-transformed unit of change in outcome/SD 
change in methylation with associated FDR 
adjusted p-value (q-values). Analyses adjusted for 
age, sex, cell count where available [43], and SNPs 
identified as affecting CpGs. SNPs associated with 
CpGs were evaluated by the Gene Environment 
Methylation (GEM) package [44], which detects 
genome-wide, methylation markers associated in 
cis and trans genetic polymorphisms according to 
the model M = α + βG + age + sex + cell count +ε 
(where M is the methylation matrix and G is the 
genotype matrix). Collinearity was avoided by 
removing covariates with high variance inflation 
factors [45]. All models were tested for sex inter
action and reported separately if a significant 
interaction was detected.

In assessing effects of early environment, 
linear regression was undertaken with CpG 
methylation as the outcome. Environmental 
factors from early life (prepregnancy BMI, 
GWG, smoking during pregnancy, maternal 
stress, and breast feeding duration) were 
independent variables. A final model predict
ing BMI at 17 years old considered the cov
ariates of all pyrosequenced CpGs, cell 
counts, age, sex, and environmental factors 
(associated with CpGs at p < 0.05). 

Backward selection determined maximal par
simony with variables removed if the signifi
cance level of its F value is greater than the 
removal value of 0.10. The model summary R2 

was taken to indicate the variance in BMI at 
17 years old that is predicted by the variables 
in the model.

Results

Participants

Of 1192 individuals with DNA methylation 
profiles, 1050 (51% males) with anthropome
try measurements were analysed. Participants 
had a mean (SD) age of 17.1 (0.3) years, BMI 
23.1 (4.5) kg/m2, and WC 79.5 (11.5) cm. At 
age 20 years, 817 of these had anthropometry, 
DEXA (mean BMI 24.5 (5.1) kg/m2, WC 80.2 
(12.9) cm), and DNA methylation measured 
(Table 1). Additionally, 406 mothers had con
current BMI and DNA methylation measured.

Identification of dmCpGs and DMRs associated 
with adiposity measures at 17 years

DNA from peripheral blood of the 17 year old 
adolescents from The Raine study was interrogated 
for genome-wide DNA methylation using the 
Infinium 450 K array. Adjusting for cell count 
heterogeneity and batch effects, there were associa
tions (Bonferroni corrected p < 1.06e-07) between 
DNA methylation and concurrent BMI, WC, and 
subcutaneous fat (SC) (supplementary Table 3), 

Table 1. (Continued). 

All Males Females

17 year old

Mother at time of DNA collection
N 406
Age (yrs) - - 45.3 (5.5)
BMI(kg/m2) - - 27.38 (6.2)
DNA methylation
MSI2 CpG 1 (%) - - 86.3 (3.9)
MSI2 CpG 2 (%) - - 77.1 (2.5)
MSI2 CpG 3 (%) - - 64.4 (3.9)
SLC25A10 CpG 1 (%) - - 77.8 (5.0)
SLC25A10 CPG 2 (%) - - 76.0 (5.7)

* indicates that males and females are statistically different with P-value <0.05 for that variable. 
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c                                                                            d

Figure 2. Epigenome Wide Association Study (EWAS) results which show DNA methylation associations with adiposity at 17 years of 
age.
Figure 2 Manhattan (a) and volcano plots (b) showing the – log10 p-values for individual autosomal CpG probe associations for BMI, 
WC, subcutaneous and visceral fat thickness. The value of the dotted line in Panel A is the Bonferroni cut-off of P-value = 1.06e-07. 
(C/D) Venn Diagrams showing overlap between CpGs associated with BMI, WC and subcutaneous fat; C) includes CpGs that are 
significant after Bonferroni.) includes CpGs that are significant by the threshold p < 0.001. 8 CpGs were shared between BMI and 
subcutaneous fat thickness, 8 between WC and subcutaneous fat thickness, and 3 (cg21139312 [MSI2], cg07390598 [RAPH1] and 
cg10773745 [intergenic region]) between all three adiposity measurements 
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but no associations between CpG methylation and 
visceral fat thickness. Manhattan and volcano plots 
(Figure 2(a,b) show the –log10 p-values for indivi
dual autosomal CpG probe associations for BMI, 
WC, SC, and visceral fat thickness. Q–Q plots for 
evaluation of model fit are shown in 
Supplementary Figure 1. The lambda values for 
BMI, WC, subcutaneous fat, and visceral fat were 
1.5, 1.7, 1.1 and 3.2, respectively. Twenty-nine 
dmCpGs were associated with BMI, the top 2 
dmCpGs were located within pleckstrin homology 
domains containing protein 1 (RAPH1) 
(cg07390598) and Musashi RNA-binding protein 
2 Ras-associated (MSI2) (cg21139312) genes. Ten 
dmCpGs were associated with WC, the top 2 being 
cg07390598 and cg21139312, the same dmCpG 
sites within RAPH1 and MSI2 that were most 
strongly associated with BMI. Nine dmCpGs asso
ciated with SC fat thickness, the top dmCpG being 
cg21139312 located within MSI2. Overlap was 
observed between dmCpGs associated with BMI, 
WC, and SC; 8 dmCpGs were shared between BMI 
and SC fat thickness, 8 between WC and SC fat 
thickness, and 3 (cg21139312 [MSI2], cg07390598 
[RAPH1], and cg10773745 [intergenic region]) 
between all three adiposity measurements 
(Figure 2c).

Regional methylation associations were 
explored using DMRcate and Comb-p, identifying 
9 and 22 (6 overlapping) DMRs, respectively, asso
ciated with BMI; 8 and 2 (2 overlapping) DMRs 
associated with WC, and 8 and 6 (2 overlapping) 
with SC (supplementary Table 4). The DMR in 
a 60 bp region within MSI2 was associated with 
BMI by DMRcate (p-value = 7.01E-12) and Comb- 
p (p-value = 1.23e-09), and with WC by DMRcate 
(p-value = 4.42e-06). Both DMR models identified 
the MSI2 region in association with SC fat 
(DMRcate: p-value = 4.42 e-06, comb-p: 
p-value = 7.0eE-12) .

Pathways associated with inflammatory 
response and histone modification were enriched 
among dmCpGs associated with adiposity

To explore the functional significance of associa
tions between methylation and adiposity measures, 
pathway analysis was undertaken. For BMI, the 
top pathway in the Gene Ontology category was 

inflammatory response (pFDR = 5.59e-04), for WC, 
there was enrichment for histone modifications 
and methyltransferase activity(pFDR = 0.033). SC 
fat showed no significant pathways (supplemen
tary table 5). For BMI and WC or SC, no KEGG 
(Kyoto Encyclopaedia of Genes and Genomes) 
pathways were significant.

Validation by pyrosequencing of adiposity-related 
dmCpGs
The criteria for choosing CpGs to proceed to pyr
osequencing included prioritizing those that con
sistently passed FDR on three measures of 
adiposity (BMI, WC, Subcutaneous fat), and then 
two measures of adiposity (BMI and WC). Within 
the FDR significant CpGs, those whose associa
tions were less likely to confounded by technical 
factors and more likely to be interpretable and 
clinically meaningful were favoured. For instance, 
we chose those that showed significance within 
pathway analysis, DMRcate and Comb-P. Those 
within CpG islands were also given priority as 
they were more likely to influence transcription. 
We gave lower priority to those CpGs with 
extreme mean methylation (<10% and >90%), as 
technical accuracy of the pyrosequencing method 
is decreased at the limits of the range.

MSI2 cg21139312 and RAPH1 cg07390598 were 
selected for pyrosequencing as the most highly 
ranked dmCpGs for association with BMI and 
WC; MSI2 cg21139312 was also the top ranked 
dmCpG with SC fat. The region of chromosome 
17:55,663,225 to 55,663,284 encompassing the 
MSI2 cg21139312 (chr17:55,663,225) was 
the second ranked enriched region for BMI by 
DMRcate (p = 7.01e-12) and Comb-p 
(p-value = 9.09 e-09), and 7th ranked for WC 
(p-value = 4.4e-06). The third dmCpG chosen for 
validation was SLC25A10 cg09996840, as it was 
associated with both BMI and WC and belonged 
to an enriched 990 base region for WC 
(p-value = 5.58e-07) (supplementary Table 4). 
For MSI2, the pyrosequencing assay covered two 
additional CpG sites, one upstream (CpG1) and 
one downstream (CpG3) of cg21139312 (CpG2). 
For SLC25A10, the pyrosequencing assay covered 
one additional CpG site (CpG2). Bland–Altman 
plots comparing DNA methylation levels 
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measured by 450 K array and pyrosequencing at 
these CpGs are shown (supplementary Figure 2a).

Consistent with the methylation array, pyrose
quencing analysis showed MSI2 cg21139312 
(CpG2) associated with BMI (β = 0.026, 
p-value = 1.3e-04), WC (β = 0.019, 
p-value = 2.1e-04), and SC fat thickness 
(β = 0.068, p-value = 0.003). The two flanking 
MSI2 CpG sites were also associated with BMI, 
WC, and SC fat thickness. All three MSI2 CpGs 
were associated positively with suprailiac, subscap
ular, and triceps skinfold thicknesses (Table 2). 
Methylation of SLC25A10 CpGs measured by pyr
osequencing were associated with BMI (CpG1 
β = 0.020, p-value = 0.011; CpG2 β = 0.030, 
p-value = 1.4e-04), WC (CpG2 β = 0.018, 
p-value = 0.004), and SC fat thickness (CpG1 
β = 0.080, p-value = 0.004; CpG2 β = 0.087, 
p-value = 0.003). RAPH1 methylation was asso
ciated with BMI, WC, or SC fat thickness before 
cell-type adjustment, but there was no association 
with these measures of adiposity after adjustment 
(Table 2, Figure 3). SLC25A10 and RAPH1 methy
lations were not associated with skinfold thick
nesses. No CPSs are associated with visceral fat 
(Table 2).

DNA methylation at 17 years of all three MSI2 
and Raph1 CpGs was positively associated with 
BMI measured at 20 years. Changes in DNA 
methylation between 17 and 20 years were not 
associated with BMI at 20 years of age. 
(Supplemental Table 6)

Association of DNA methylation with serum 
inflammatory markers and adipokines at 
17 years of age

At 17 years, MSI2 methylation was associated with 
hsCRP (CpG1 β = 0.053, p-value = 0.02; CpG3 
β = 0.08, p-value = 0.001) and serum leptin (CpG1 
β = 0.034, p-value = 0.039; CpG2 β = 0.056, 
p-value = 0.0002; CpG3 β = 0.069, p-value = 0.0018) 
(supplementary table 7, Figure 4). Methylation of 
SLC25A10 CpG1 (β = 0.036, p-value = 0.018; 
CpG2 β = 0.06, p-value = 0.00017) and Raph1 
CpG1 (β = 0.138, p-value = 0.00016) were asso
ciated with leptin levels (Figure 4). No associations 
were detected between adiponectin and any of the 

pyrosequenced CpGs. All sex interactions were 
non-significant.

Influence of genotype on dmCpGs associated 
with adiposity

To assess how genotype influences pyrosequenced 
DNA methylation loci, the GEM R package [44] 
was used. SLC25A10 (cg09996840) was associated 
with genotype at 12 cis acting SNPs (supplemen
tary table 8a) all located on the north shore of 
a CpG island at chr17:79,682,525–79,682,767. The 
most significant SNP was rs6565624 (q-value = 2.4 
x 10–152 (FDR)). Neither MSI2 (cg21139312) nor 
RAPH1(cg07390598) were significantly associated 
with genotype at any of the SNP sites measured. 
The identified SNPs were tested alongside the pyr
osequenced SLC25A10 CpGs for predicting BMI 
or WC. Genotype at tSNPs (rs6565624_G, 
rs3830068_G, rs12452184_A) was consistently 
associated with BMI and WC, while abolishing 
the effects of SLC25A10 CpG1 and CpG2. 
(Supplementary table 8b and model 3 in Figure 2).

Early environmental factors are associated with 
altered MSI2 and SLC25A10 methylation in 
adolescence

Methylation of SLC25A10 CpGs 1 and 2 was posi
tively associated with maternal pre-pregnancy BMI 
(CpG1 β = 0.07, p-value = 0.022; CpG2 β = 0.12, 
p-value = 0.002) (Supplementary table 9), while 
MSI2 CpG 2 and 3 methylation was positively 
associated with smoking at 18 weeks (CpG2 
β = 0.81, p-value = 4.8e-04; CpG3 β = 0.76, 
p-value = 0.006) but not with smoking at 
28 week gestation. RAPH1 methylation was asso
ciated with GWG rate (β = −1.49, p-value = 0.036) 
(g/wk).

A model was formed by backward selection 
with pre-pregnancy BMI, maternal smoking at 18- 
week gestation and GWG, all pyrosequenced 
CpGs, cell counts and potential me-QTLs 
(rs6565624_G, rs3830068_G, rs12452184_A) for 
the outcome of BMI at 17 years. Variables were 
removed if the significance level of its F value was 
greater than 0.10. The final model (r2 = 0.243 
(SE = 0.15), (Table 3) included independent effects 
of rs6565624_G, MSI2 CpG1, RAPH1, maternal 
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Table 2. Associations of MSI2, RAPH1 and SLC25A10 DNA methylation with anthropometry Associations of MSI2, RAPH1 and 
SLC25A10 DNA methylation with anthropometrical measures of adiposity (BMI, waist, skin folds) at ages 17 and 20 years and 
associations with measures of body composition (subcutaneous and visceral fat thickness at age 17 years, and DEXA measurements 
at age 20 years). All models were adjusted for age, sex and where available for cell count (CD4, CD8, NK, B Cell, Monocytes). 
Covariates with high variance inflation factors were removed to avoid collinearity as well as Granulocytes. All β-coefficients are 
expressed per SD change of CpG. q-values which pass FDR accounting for multiple testing are shown in darker font. # Log 
transformed.

17 Year old 20 Year old

Outcome Gene CpG β P-Value FDR (q-value) β P-Value FDR (q-value)

Anthropometry
BMI# MSI2 CpG1 0.027 2.5 x 10−4 0.003 0.026 4.0 x 10−4 0.003

CpG2 0.026 1.3 x 10−4 0.002 0.027 3 x 10−4 0.003
CpG3 0.032 0.001 0.004 0.027 3 x 10−4 0.003

SLC25A10 CpG1 0.020 0.011 0.028 0.015 0.041 0.068
CpG2 0.030 1.4 x 10−4 0.002 0.016 0.028 0.051

RAPH1 0.013 0.102 0.157
Waist# MSI2 CpG1 0.020 4.3 x 10−4 0.003 0.018 0.002 0.006

CpG2 0.019 2.1 x 10−4 0.003 0.024 0.000 0.000
CpG3 0.028 1.6 x 10−4 0.002 0.014 0.017 0.037

SLC25A10 CpG1 0.009 0.126 0.177 0.014 0.017 0.037
CpG2 0.018 0.004 0.012 0.012 0.035 0.061

RAPH1 −0.001 0.893 0.922
Skinfolds
Suprailiac# MSI2 CpG1 0.070 0.004 0.012 0.050 0.018 0.038

CpG2 0.075 4.7 x 10−4 0.003 0.067 0.001 0.006
CpG3 0.080 0.007 0.018 0.058 0.007 0.018

SLC25A10 CpG1 0.020 0.406 0.488 0.058 0.007 0.018
CpG2 0.024 0.444 0.514 0.044 0.037 0.063

RAPH1 −0.023 0.345 0.426
Subscapular# MSI2 CpG1 0.060 0.001 0.004 0.052 0.001 0.006

CpG2 0.056 0.001 0.004 0.052 0.001 0.006
CpG3 0.071 0.002 0.007 0.039 0.018 0.038

SLC25A10 CpG1 0.023 0.219 0.285 0.029 0.083 0.133
CpG2 0.029 0.158 0.218 0.027 0.102 0.157

RAPH1 −0.012 0.522 0.583
Triceps# MSI2 CpG1 0.055 0.003 0.001 0.023 0.189 0.253

CpG2 0.056 0.001 0.004 0.037 0.033 0.058
CpG3 0.050 0.026 0.049 0.014 0.403 0.488

SLC25A10 CpG1 0.028 0.127 0.177 0.040 0.021 0.043
CpG2 0.056 0.017 0.038 0.039 0.022 0.044

RAPH1 −0.002 0.923 0.937
Measures of body composition
Subcutaneous fat# MSI2 CpG1 0.082 0.001 0.004

CpG2 0.068 0.003 0.001
CpG3 0.028 1.6 x 10−4 0.002

SLC25A10 CpG1 0.080 0.004 0.012
CpG2 0.087 0.003 0.001

RAPH1 0.015 0.577 0.630
Visceral fat# MSI2 CpG1 0.013 0.443 0.514

CpG2 −0.016 0.322 0.402
CpG3 −0.039 0.451 0.516

SLC25A10 CpG1 0.011 0.548 0.605
CpG2 0.000 0.985 0.985

RAPH1 −0.039 0.122 0.176
Lean Mass# MSI2 CpG1 0.013 0.016 0.037

CpG2 0.013 0.014 0.034
CpG3 0.019 4.0 x 10−4 0.003

SLC25A10 CpG1 −0.009 0.110 0.160
CpG2 −0.002 0.690 0.728

RAPH1 0.014 0.026 0.046
Fat mass# MSI2 CpG1 0.026 0.176 0.238

CpG2 0.043 0.026 0.049
CpG3 0.022 0.267 0.343

SLC25A10 CpG1 0.043 0.029 0.053
CpG2 0.031 0.108 0.160

RAPH1 0.013 0.533 0.601
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Figure 3. Linear regression associations with adiposity at age 17 years of age.
Linear regression models between DNA methylation levels at pyrosequenced CpGs (MSI2, SLC25A10, RAPH1) on the outcomes of BMI, 
WC and subcutaneous fat thickness. Beta coefficient and 95% CI are shown, adjusted for age and sex (model 1), adjusted additionally 
for cell count (model 2) and for me-QTL SNP, where identified (model 3). All β-coefficients are expressed per SD change of CpG. For 
SLC25A10, the relevant me-QTL in model 3 is rs6565624. 
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Figure 4. Association between MSI2, RAPH1 and SLC25A10 DNA methylation with inflammation and adipokines at age 17-years.
Linear regression models between DNA methylation levels at pyrosequenced CpGs (MSI2, SLC25A10, RAPH1) on the outcomes of 
hsCRP, leptin and adiponectin. Beta coefficient and 95% CI are shown, adjusted for age, sex, cell count and for me-QTL SNP, where 
identified by GEM package [44]. All β-coefficients are expressed per SD change of CpG. ^For SLC25A10, the relevant me-QTL is 
rs6565624 using the additive model. 
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smoking at 18-weeks, pre-pregnancy BMI, CD8+, 
CD4 + T cells, and granulocytes (Table 3).

Methylation of MSI2 and SLC25A10 are 
associated with concurrent measures of 
adiposity at 20 years

In the 20 years old participants, DNA was 
extracted from peripheral blood and the three 
MSI2 and two SLC25A10 CpGs were pyrose
quenced. All MSI2 CpGs were positively associated 
with concurrent BMI, WC, suprailiac, and sub
scapular skinfold fat thicknesses and lean mass; 
MSI2 CpG2 was associated with fat mass. 
SLC25A10 CpG1 was associated with WC, suprai
liac, and triceps skinfold thicknesses, and CpG2 
with tricep thickness (all p-values<0.05) (Table 2).

Methylation of MSI2 in mothers is associated 
with maternal BMI and offspring methylation

DNA methylation of MSI2 and SLC25A10 CpGs 
from maternal blood samples was measured by 
pyrosequencing. MSI2 methylation was associated 
with maternal BMI adjusted for maternal age 
(CpG1 β = 0.031, p-value = 3.6e-04; CpG2 
β = 0.044, p-value = 1.2e-04; CpG3 β = 0.043, 
p-value = 1.8e-05); SLC25A10 CpGs were not sig
nificantly associated with maternal BMI (Table 4).

Methylation levels of the CpGs from child and 
mother were compared by Bland–Altman plots 
and showed fixed and proportional bias for all 
CpGs (supplementary Figure 2b). The mean 
value of the difference differed from 0 on one- 
sample t-tests (all p < 0.001). Adolescents had 
overall lower levels of DNA methylation for 

MSI2 CpGs, compared to their mothers (mean 
differences: CpG1 − 4.2 ± 5.1; CpG2 − 3.8 ± 3.7, 
CpG3 − 4.6 ± 5.4). The association of the mean 
MSI2 methylation upon the dependent variable for 
difference in methylation was significant (CpG1 
β = 0.28, p-value = 7.3e-07; CpG2 β = 0.38, 
p-value = 2.9e-12; CpG3 β = 0.44, p-value = 2.5e- 
16). All coefficients were positive, indicating that 
with increasing overall MSI2 methylation, the 
child’s MSI2 methylation was increasingly inflated 
compared to the mother’s.

Discussion

Our EWAS identified novel dmCpGs in peripheral 
blood associated with measures of adiposity in 
adolescents, with a considerable overlap in the 
dmCpGs associated with BMI, WC, and SC fat 
thickness. DNA methylation at three novel 
dmCpG loci related to the genes MSI2, 
SLCA25A10, and RAPH1 was associated with 
a wide range of adiposity/body composition mea
sures in adolescents, and with a number of antena
tal factors including GWG, maternal BMI, and 
maternal smoking. Furthermore, for one locus, 
MSI2, the association with BMI was observed 
over time and between generations, suggesting 
DNA methylation changes in peripheral blood 
may be robust markers of adiposity across the 
lifecourse.

In this study, we identified a consistent positive 
association between MSI2 methylation and multi
ple measures of adiposity. MSI2 is an RNA- 
binding protein which plays a key role in post- 
transcriptional processing [46]. The same CpG site 
within the MSI2 gene has previously been reported 

Table 3. Final linear regression model predicting BMI at 17 years old. Linear regression model for the outcome of BMI at 17- 
years was formed by backward selection with pre-pregnancy BMI, maternal smoking at 18-weeks gestation and GWG, all 
pyrosequenced CpGs, cell counts and potential me-QTLs (rs6565624_G, rs3830068_G, rs12452184_A). The model (r2 = 0.243 
(SE = 0.15), includes independent effects of rs6565624_G, MSI2 CpG1, RAPH1, maternal smoking at 18-weeks, pre-pregnancy BMI, 
CD8+, CD4 + T cells, and granulocytes.

Parameter Beta SE Sig.

rs6565624_G 0.043 0.012 3.8 x 10−4

RAPH1 (Z score) 0.088 0.020 8.4 x 10 −6

MSI2 CpG1 (Z score) 0.021 0.009 0.022
Maternal smoking at 18 weeks pregnancy 0.052 0.018 0.004
Prepregnancy BMI (kg/m2) 0.015 0.002 1.1 x10−17

CD8 + T Cells 0.417 0.220 0.058
CD4 + T Cells 1.069 0.226 2.8 x 10 −6

Granulocytes 0.325 0.143 0.024

Model summary R2 = 0.24 
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by Dhana et al. to be the most significantly asso
ciated dmCpG with BMI in older adults [47], 
while Shah [48] showed a positive association 
between cg21139312 and BMI in Dutch adults 
(n = 750) at 45.5 ± 13.3 years. Our data have 
now demonstrated the same association in adoles
cence and young adults, suggesting that differen
tial methylation of MSI2 may be a robust marker 
of adiposity throughout the lifecourse. MSI2 
methylation was also positively associated with 
leptin, a hormone predominantly made by adipose 
cells which regulates energy balance [49] and 
hsCRP, a marker of systemic inflammation [50]. 
Whether leptin or hsCRP are drivers of the asso
ciations between MSI2 methylation and adiposity, 
or simply bystanders, reflecting the pro- 
inflammatory state and/or leptin-resistant state 
associated with high BMI remains to be 
determined.

Associations between MSI2 methylation and 
BMI in the mothers of the proband were also 
observed. Moreover, the associations were in the 
same direction with a similar or larger estimated 
effect size compared to their children. This may be 
attributed to the mothers being approximately 
17 years older with a higher BMI than their off
spring at the time of the assessment. Compared to 
our adolescent data, in middle-aged participants, 
a larger MSI2 methylation effect size upon BMI 
was reported in the Atherosclerosis Risk in 
Communities (ARIC), and a similar effect size 
was reported in the Rotterdam Study [47], the 
direction of the effect being the same in all these 
studies. These observations suggest that the asso
ciation between MSI2 methylation and BMI is 
generally accentuated with age, possibly due to 
the natural progression of increasing BMI with 
age. The consistent association of MSI2 with 

adiposity in two generations (mother and off
spring) shows further internal replication. Bland– 
Altman analysis showed that with increasing mean 
(mother and child) MSI2 methylation, the child’s 
DNA methylation was relatively higher, compared 
with a dyad with lower mean methylation. This 
suggests that higher familial levels of obesity and 
MSI2 methylation may compound obesity and 
MSI2 methylation in the next generation, poten
tially transmitting across generations. This 
increase in BMI and MSI2 methylation within 
more obese families may be due to shared envir
onment and/or genetics.

A positive association between SLC25A10 
methylation and adiposity was also observed. 
SLC25A10 catalyses transport dicarboxylates 
across the inner mitochondrial membrane provid
ing substrates for the Krebs cycle and fatty acid 
synthesis [51]. Increased expression of SLC25A10 
has been reported in white adipose tissue in obese 
mouse models and decreased expression in 
a fasted mouse model [52]. Moreover, a global 
transcriptome profiling study identified 
SLC25A10 as a modifier of insulin sensitivity in 
adipose tissue in obese women and an inhibitor of 
insulin-stimulated lipogenesis [53]. Me-QTLs were 
also identified with cg09996840, which when 
adjusted for, abolished the association between 
SLC25A10 CpGs and BMI, suggesting that genet
ics, rather than environment determines the rela
tionship between methylation and adiposity at this 
locus. DNA methylation at SLC25A10 may lay on 
the regulatory pathway by which the identified 
SNPs influence BMI, in much the same way Kato 
et al. [54] suggested for SNPs associated with 
blood pressure.

The third dmCpG associated with BMI was 
located within RAPH1, which encodes a protein 

Table 4. Associations of peripheral blood DNA methylation of MIS2, RAPH1 and SLC25A10 with concurrent BMI in mothers 
of RAINE adolescents. Associations are adjusted for maternal age. BMI and maternal age were ascertained at the time of blood 
collection. Total sample size is 406. All β-coefficients are expressed per SD change of CpG. q-values which pass FDR accounting for 
multiple testing are shown in darker font.

Outcome Gene CpG β P value FDR q-value

BMI# MSI2 CpG1 0.031 3.60E-04 0.0017
CpG2 0.044 1.20E-04 0.0008
CpG3 0.043 1.80E-05 0.0003

SLC25A10 CpG1 0.018 0.1 0.1370
CpG2 0.018 0.11 0.1429
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regulating actin and cellular migration [55]. No 
direct association between RAPH1 and energy 
homoeostasis has previously been reported. 
However, the dmCpG site located within RAPH1 
overlaps the cholinesterase 2 locus [56] that codes 
a protein that binds to butyrylcholinesterase, 
which in turn has been linked to adiposity and 
insulin resistance [57]. In contrast with the multi
ple associations observed between DNA methyla
tion and BMI, WC, and SC, there were no 
associations observed between DNA methylation 
and visceral fat, possibly, due to the youth of our 
participants, in which excess adipose tissue is pre
ferentially laid down subcutaneously, increasing 
relative sensitivity for detecting associations with 
subcutaneous fat compared to deeper fat depos
its [58].

Methylation of MSI2, RAPH1, and SLC25A10 
dmCpGs was also associated with antenatal fac
tors including GWG, maternal BMI, and mater
nal smoking, consistent with the paradigm that 
the early environment can influence the epigen
ome with long-term consequences. Interestingly, 
there were differences in the associations 
between the dmCpGs, with RAPH1 methylation 
being associated with GWG, MSI2 with maternal 
smoking, and SLC25A10 with maternal pre- 
pregnancy BMI, suggesting that different envir
onmental exposures may drive associations at 
distinct loci. Interestingly, even after adjusting 
for these perinatal factors, we found that methy
lation of the dmCpGs within MSI2, RAPH1, and 
SLC25A10 independently predicted adolescent 
BMI, accounting for 24% of variance. This sug
gests that differential methylation of the three 
dmCpG loci identified in this study captures 
a significant proportion of the variance asso
ciated with BMI and that such marks may be 
useful indices of adiposity.

The strength of this study is the ability to inte
grate prospectively collected early life environment 
with multiple time points across multiple genera
tions, from which we have identified robust asso
ciations between specific dmCpG sites and 
measures of adiposity across a wide age range. 
Moreover, our study shows a strong link between 
inflammation and dmCpGs related to adiposity in 
adolescence. The most significant gene ontology 
on pathway analysis was ‘inflammatory responses,’ 

and selected pyrosequenced dmCpGs were highly 
associated with hsCRP and leptin, consistent with 
obesity being a chronic inflammatory disease [59]

Limitations of this study include the use of BMI 
which is an inexact approximation of adiposity, 
and which is unable to differentiate between mus
cle and fat tissue. However, we found considerable 
overlap between dmCpGs and DMRs associated 
with BMI, WC, SC, and skinfold thickness which 
increases the validity of the associations. A second 
limitation is that we measured DNA methylation 
in whole blood, and whether similar epigenetic 
changes are present in adiposie tissue is not cur
rently known; however, DNA methylation changes 
in nucleated blood cells may reflect changes in 
immune function or be related to inflammation. 
Consistent with this hypothesis, there was enrich
ment among the dmCpGs in pathways related to 
inflammation. Thirdly, we report associations 
within a single cohort. However, pyrosequencing 
validation was undertaken to increase the accuracy 
of the DNA methylation measurements with inter
nal validation at two separate follow-up time 
points, and within the mothers of the children. 
Finally, although we found that the adiposity- 
associated dmCpGs were also associated with 
a variety of maternal factors, it is not known 
whether these maternal factors drive increased 
adiposity through changes in the DNA methyla
tion at these dmCpG loci, although as the 
dmCpGs within MSI2, SLC25A10, and RAPH all 
predicted adiposity independently of maternal fac
tors, it would suggest that the likely effect is 
increased adiposity resulting in altered methyla
tion. Methylation levels within SLC25A10 are asso
ciated with in cis genotype and may mediate 
a genetic influence on adiposity levels.

In conclusion, MSI2, SLC25A10, and RAPH1 
methylation was identified through EWAS and 
validated in their associations with multiple mea
sures of adiposity. All three independently asso
ciated with adolescent BMI even after adjusting for 
multiple early life factors.

MSI2, in particular, has been shown in this study 
to be particularly robust over time and multiple 
anthropometry measures. Furthermore, the associa
tion replicated in the mother and with serum leptin 
as a marker of adiposity. Such findings suggest that 
certain DNA methylation changes in peripheral 
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blood can be robust markers of adiposity. It is not 
possible to determine whether the DNA methylation 
changes are a consequence or cause of adiposity and 
related inflammation, with the study suggesting both 
direct and indirect mediation through early life 
factors.
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