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Abstract
Background  Childhood obesity is a major global public-health challenge. Insulin resistance (IR) is a critical driver of 
later cardiometabolic alterations. A comprehensive understanding of the molecular mechanisms underlying the initial 
development of childhood IR is essential for timely prevention and intervention. In this study, we aimed to assess the 
association between IR and blood DNA methylation in a longitudinal study from childhood into adolescence.

Methods  The PUBMEP study included a longitudinal core of 90 children with paired blood samples collected at both 
pre-pubertal and pubertal stages. For cross-sectional analyses, this sample was expanded to 99 pre-pubertal and 129 
pubertal participants. IR status was defined according to clinically relevant sex- and pubertal stage specific HOMA-IR 
cut-offs, as recommended by pediatric expert clinicians. Genotype data was obtained with the Infinium Global 
Screening Array, and blood DNA methylation sites with the Infinium MethylationEPIC BeadChip. Epigenome-wide 
associations with IR status and trajectories were tested using linear models in the longitudinal and cross-sectional sets. 
FDR-adjusted significant CpG sites were assessed with sex- and age-standardised cardiometabolic z-scores (adiposity, 
lipids, blood pressure, glycaemia and IR) at each stage. mQTL analyses were performed to identify genetic variants 
that drive IR-associated methylation signals.

Results  We identified 120 CpG sites related to obesity-associated IR in the context of pubertal transition that 
remained significant after global FDR correction (FDR < 0.05). These CpG sites showed distinct methylation profiles 
that tracked IR trajectories from prepuberty to puberty, with consistent differences across children whose IR 
improved, worsened or remained stable, with several of them also related to cardiometabolic traits at pubertal 
stage, including adiposity measures, blood pressure and glycaemic indices. Among the FDR-significant CpG sites 
with biological relevance for IR, methylation at CpG sites annotated to SLC2A9, PEPD, TSC2, EGLN3, EHD2 and VASN 
showed consistent associations with pubertal HOMA-IR z-score and, for several loci, with adiposity and blood pressure 
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Research insights
What is currently known about this topic?

 	• Insulin resistance is the gateway to youth-onset 
diabetes and later cardiovascular disease.

 	• Blood methylome trajectories of obesity and insulin 
resistance trajectories from childhood to adolescence 
remain unprofiled.

What is the key research question?

 	• Could epigenetic marks explain diverging insulin 
resistance trajectories during the pubertal transition 
in children with obesity?

What is new?

 	• This longitudinal study identified novel epigenetic 
marks that parallel insulin resistance trajectories in 
children with obesity during pubertal transition.

 	• mQTL analysis shows that some of these epigenetic 
marks might be partially genetically influenced.

 	• Our findings also suggest that methylation patterns 
linked to adult cardiometabolic risk may be 
established during childhood in the context of insulin 
resistance.

How might this study influence clinical practice?

 	• The dynamic nature of these marks suggests 
their reversibility upon metabolic improvement, 
identifying them as potential epigenetic therapeutic 
targets.

 	• Epigenetic stratification could refine monitoring of 
cardiometabolic risk.

Introduction
Insulin resistance (IR) is a prior condition to the devel-
opment of glucose intolerance  [1], which not only con-
tributes to the development of type 2 diabetes mellitus 
(T2DM) but also plays a significant role in the pathogen-
esis of hypertension, dyslipidaemia, metabolic syndrome 
(MetS) and cardiovascular disease (CVD) in both chil-
dren and adults  [2, 3]. In particular, obesity is the most 
frequent driver of IR in children and adolescents  [3]. A 
substantial number of prepubertal children with over-
weight or obesity continue to exhibit excess adiposity into 
early adulthood, a condition associated with increased 
morbidity and mortality  [4–7]. Elevated mortality rates 
in individuals with obesity are predominantly attribut-
able to the development of T2DM and an increased risk 
of CVD  [8]. Consequently, early prevention and treat-
ment of obesity and IR are essential [9–12].

Puberty is a process of maturation characterized by the 
activation of the hypothalamic pituitary gonadal axis, 
which drives gonadal growth, coordinates the physical 
and psychological transition to adulthood, and confers 
reproductive capacity  [13]. This stage of development is 
associated with markedly different IR trajectories, high-
lighting its lasting impact on lifelong health  [14, 15]. 
Nonetheless, the impact of puberty is not uniform across 
individuals  [16, 17]. In healthy normal-weight youths, 
insulin sensitivity declines during mid-puberty, only to 
recover upon its completion. Conversely, in adolescents 
with obesity, there is evidence that IR persists  [18, 19], 
potentially leading to an increased cardiometabolic risk 
later in life [20]. In fact, persistent pubertal IR is closely 
associated with youth-onset T2DM  [21]. A comprehen-
sive understanding of the molecular and biological pro-
cesses underpinning these metabolic changes, and the 
additional influence of obesity, is crucial for the preven-
tion of T2DM [22–24].

measures, with methylation changes paralleling IR worsening, improvement or stability across puberty. An mQTL 
look-up in GoDMC identified 25 cis SNP CpG associations corresponding to 20 of the 120 CpG sites, including CpG 
sites in SLC2A9 and TSC2, indicating that only a fraction of these IR-associated CpG sites is likely to be partly influenced 
by nearby genetic variants.

Conclusion  This longitudinal EWAS in children with obesity shows that specific blood DNA methylation signatures 
mirror IR status and track its evolution across the pubertal transition, with opposing methylation trajectories 
distinguishing improving from persistent IR. The identification of CpG sites at VASN, SLC2A9, PEPD, EGLN3, EHD2 
and TSC2 links IR trajectories to pathways involved in vascular signalling, urate transport, extracellular matrix 
remodelling, and hypoxia sensing and nutrient signalling. Complementary mQTL analyses suggest that while some 
of this epigenetic variation is influenced by local genetic factors, a substantial component is likely acquired in 
response to metabolic and external exposures. If replicated and functionally characterised, these findings may help 
refine our understanding of the early molecular architecture of obesity-related IR and inform future strategies for 
cardiometabolic risk assessment and timing of preventive interventions.

Keywords  DNA methylation, Epigenetics, Epigenome-wide association study, EWAS, Insulin resistance, 
Cardiometabolic risk factors, Longitudinal study, Pediatric obesity, Puberty, Whole-genome genotype, mQTL
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Although genome-wide association studies (GWAS) 
have identified numerous single nucleotide polymor-
phisms (SNPs) associated with T2DM and its related 
traits  [25–31], these genetic variants explain only a 
modest fraction of the estimated heritability (15–18%), 
suggesting that additional genetic and regulatory fac-
tors still need to be elucidated  [32]. DNA methylation 
(DNAm) is an epigenetic modification that involves the 
covalent addition of a methyl group to a cytosine fol-
lowed by a guanine, forming a CpG dinucleotide. As a 
dynamic and potentially reversible mark, DNAm is sus-
ceptible to modulation by environmental factors, which 
can lead to alterations in gene expression and thus estab-
lish a crucial link between disease susceptibility and 
external exposome  [33–36]. Crucially, a foundational 
epigenome-wide association study (EWAS) using data 
from nine cohorts accounted for up to 32% of BMI vari-
ance in adults, underscoring the role of complex genetic 
and epigenetic interactions in metabolic traits [37]. One 
plausible mechanism that may explain this observation is 
the interplay between SNPs and DNAm regulatory pro-
cesses—referred to methylation quantitative trait loci 
(mQTL)—which has attracted increasing attention. Fur-
thermore, previous research has demonstrated that such 
interactions can modulate mRNA expression and insulin 
secretion in adult human pancreatic islets [38].

Differential DNAm patterns at several loci have been 
associated with metabolic disorders, including obe-
sity [39–41], systemic IR [42–46] and T2DM [47–51], in 
both blood and others metabolically active tissues. Given 
the central role of epigenetic mechanisms in metabolic 
regulation, elucidating DNAm dynamics during critical 
developmental windows is imperative. Puberty has been 
recognised as a key stage during which DNAm remains 
stable at certain CpG sites while undergoing significant 
modifications at others, potentially influencing long-
term metabolic health outcomes  [52–54]. Although 
progress has been made in characterising the epigenetic 
mechanisms underlying obesity-related IR  [55–60], our 
understanding remains limited during the metabolically 
critical transition of puberty. Previous EWAS examin-
ing IR in children have relied predominantly on cross-
sectional designs [61–63], which preclude the evaluation 
of dynamic methylation changes and therefore overlook 
the potential impact of pubertal development  [64, 65]. 
Whereas previous studies have not examined whether 
mQTLs contribute to DNAm variation relevant to the 
IR phenotype, complementary mQTL analyses can 
address this gap by assessing the extent to which geneti-
cally driven methylation differences may reflect potential 
causal mechanisms rather than downstream metabolic 
effects [66]. This will further enrich our molecular under-
standing and help delineate clinically relevant molecular 
subtypes [67, 68].

This investigation is part of the prospective PUBMEP 
study, which evaluated the progression of cardiometa-
bolic risk factors from pre-puberty to puberty in Span-
ish children  [14, 15]. Given the above considerations, 
the present study analyzed epigenomic and genomic 
data specifically, DNAm at CpG sites and mQTLs inter-
actions, associated with IR in children with obesity, 
assessed before and after the onset of puberty. The objec-
tives are to clarify the molecular pathophysiology and 
identify epigenetic biomarkers and mQTLs that could 
support early risk stratification.

Methods
Study population and experimental design
In the PUBMEP study, all participants were initially 
recruited as prepubertal children and were subsequently 
recalled for follow-up medical consultations. Participants 
aged between 4 and 12.1 years recruited in three Spanish 
centres: Lozano Blesa University Clinical Hospital (Zara-
goza), Santiago de Compostela University Clinical Hospi-
tal (Santiago de Compostela) and Reina Sof ía University 
Clinical Hospital (Córdoba) between 2012 and 2015. At 
the follow-up visit, participants aged between 9.72 and 
18.07 who exhibited clinical signs of the onset of puberty 
(Tanner > 1) were ultimately included in the longitudinal 
study between 2017 and 2020. The average time between 
baseline and follow-up visit was 5.84 years (median 6.19 
years). Pubertal stage was assessed according to the Tan-
ner classification [69]. Throughout the study period, par-
ticipants were under regular medical monitoring by the 
same pediatric expert clinicians. The exclusion criteria 
were the use of any drug that could alter blood glucose, 
blood pressure or lipid metabolism, inability to comply 
with study procedures, and current or recent participa-
tion (within the last three months) in another research 
project.

The main inclusion criterion for this subcohort was the 
availability of high-quality DNA samples obtained during 
the prepubertal stage to perform whole-genome genotyp-
ing and array-based DNAm analysis. A total of 138 chil-
dren were included in this subcohort with genomic and 
epigenomic assessments. Of these, 90 participants were 
evaluated at both the prepubertal and pubertal stages 
and therefore constitute the longitudinal population. 
The remaining participants correspond to independent 
cross-sectional samples: 9 children assessed only at the 
prepubertal stage (prepubertal cross-sectional popula-
tion) and 39 assessed only at the pubertal stage (pubertal 
cross-sectional population). Accordingly, the prepuber-
tal cross-sectional population comprised 99 participants 
and the pubertal cross-sectional population comprised 
129 participants. Further details on the PUBMEP study 
can be found in [14, 15, 67].
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A general overview of the study design, populations, 
omic analyses and findings performed is provided in Fig. 
1. The main analysis undertaken in this work comprised: 
(1) an EWAS of IR; (2) the evaluation of the association 
between identified CpG sites and cardiometabolic risk 
outcomes; and (3) mQTL analysis.

Anthropometrics, blood pressure, biochemistry and 
inflammation biomarkers
Anthropometric measurements such as body weight 
(kg), height (cm) and waist circumference (WC) (cm) 
were measured at each time point using standardized 
procedures  [70]. Fat mass was quantified at each time 
point using dual-energy X-ray absorptiometry (DXA) 
(General Electric, Lunar EnCore and QDR-Explorer 
TM 4500, Hologic Inc, Bedford, MA). Body mass index 
(BMI, weight (kg)/height (m)2) and fat mass index 
(FMI, fat mass (kg)/height (m)2) were calculated. BMI 
and WC z-scores was estimated based on the Span-
ish reference standards published  [71, 72]. Blood pres-
sure was measured three times for each individual by 
the same examiner using an electronic manometer (M6, 
HEM-7001-E, Omron, Tokio, Japan) and following inter-
national recommendations  [73]. More detailed informa-
tion about the blood pressure measures could be found 
in  [74]. Measures of lipid and glucose metabolism, hor-
mones, and classical biochemical parameters were per-
formed at the laboratories of each participating hospital 

following internationally accepted quality control proto-
cols [14, 15].

Blood samples from both time points were collected 
in overnight fasting conditions, centrifuged, and plasma 
and serum were stored at −80◦C. Plasma adipokines, 
inflammation, and cardiovascular risk biomarkers (adi-
ponectin, leptin, resistin, tumor necrosis factor alpha 
(TNF-α), high-sensitivity C-protein reactive (hs-CRP), 
interleukin-8 (IL-8), tissue plasminogen activator inhibi-
tor-1 (tPAI-1), myeloperoxidase (MPO), monocyte che-
moattractant protein 1 (MCP-1), and soluble intercellular 
cell adhesion molecule-1 (sICAM-1) were analyzed in 
all samples and time points using XMap technology 
(Luminex Corporation, Austin, TX) and human mono-
clonal antibodies (Milliplex Map Kit; Millipore, Billerica, 
MA) as previously reported [15, 75, 76].

Homeostasis model assessment of IR (HOMA-IR) 
and quantitative insulin sensitivity test index (QUICKI) 
were computed as surrogate markers of IR  [3]. Since 
HOMA-IR strongly varies between ages, sexes and dis-
eases and no reference values have been yet established 
in either children or adult populations  [77], own cut-off 
points were extracted from a previous well-described 
Spanish cohort composed of 1669 children and adoles-
cents [75, 78]. For the prepubertal stage, a single cut-off 
value of HOMA-IR=2.5 was considered for IR  [75, 78]. 
For the pubertal stage instead, sex information was con-
sidered and different cut-off points were adopted for IR 

Fig. 1  Study overview
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according to the 95th HOMA-IR percentile. Extracted 
from a subset of 778 pubertal Spanish children, cut-off 
values corresponded to HOMA-IR = 3.38 in boys and 
HOMA-IR = 3.905 in girls. These cut-off points have 
already been tested and validated as good metabolic risk 
classifiers in our population according to the results from 
a previous paper  [79]. The obesity status was defined 
using the cut-offs proposed by International Obesity 
Task Force (IOTF)  [80]. Also, we constructed age- and 
sex-specific z-scores for the classical cardiometabolic 
components, including systolic and diastolic blood pres-
sure (SBP, DBP), triacylglycerols (TAG), HDL-cholesterol 
(HDL-c), LDL-cholesterol (LDL-c), glucose, insulin, and 
HOMA-IR. All calculations used to define obesity/IR sta-
tus categorizations and z-scores were performed through 
ObMetrics [81].

Whole-genome genotyping
Whole-genome genotyping and EWAS were performed 
in all participants (Fig. 1). Buffy coat fractions from blood 
samples were selected for genomic and epigenomic anal-
ysis. DNA was extracted from peripheral white blood 
cells (PWBC) using two automated kits, the Qiamp DNA 
Investigator Kit for coagulated samples and the Qiamp 
DNA Mini & Blood Mini Kit for non-coagulated samples 
(QIAgen Systems, Inc., Valencia, CA, USA). All extrac-
tions were purified using the DNA Clean and Concentra-
tor kit from Zymo Research (Zymo Research, Irvine, CA, 
USA). Whole-genome genotyping was performed on the 
i-SCan platform using the Infinium HTS Assay (Illumina, 
San Diego, CA, USA). The BeadChip selected for the 
project was the Infinium Global Screening Array (GSA) 
24v3.0 Kit, which includes 654,000 genetic variants. 
After the quantification of DNA samples by fluorimetry, 
they were normalized to 200-400 ng of DNA per sample 
in deep well plates, as established in the Infinium HTS 
Assay Protocol.

The first step of the bioinformatic pipeline consisted of 
the extraction of genotype calls from fluorescence data 
and the construction of work data files for data manipu-
lation and analysis. Using the Illumina GenomeStudio 
software, we obtained genotype calls for all individuals 
and generated the standard format files (.ped and .map). 
Data were then imported into PLINK 1.9 software  [82], 
and converted into binary format files using the –make-
bed flag. These binary formats (.bed, .bim and .fam) are a 
more compact representation of the data that saves space 
and speeds up subsequent analyses. We implemented a 
quality control (QC) process in PLINK 1.9 software, in 
accordance with the literature, by applying standard QC 
filtering criteria as follows: 1) Exclusion of SNPs and indi-
viduals with a missing data rate ≥ 10%, and 2) Exclusion 
of SNPs with a minor allele frequency (MAF) < 1% or a 
Hardy-Weinberg Equilibrium (HWE) p-value < 1 × 10−5 

in controls. As a result, 471,192 SNPs remained in the 
dataset. These filters were selected following procedures 
described in [83] to minimize the influence of genotype-
calling artefacts. Further details on the preprocessing of 
whole-genome genotyping data can be found in [67, 84].

Epigenome-wide association study of IR
Quality control and preprocessing
DNAm was measured with the Infinium Methylation 
EPIC 850K array using BeadChip technology (Illumina, 
San Diego, CA, USA) in high-quality DNA samples (≥ 
500 ng) from PWBC prior treatment with bisulfite using 
the EZ-96 DNAm Kit (Zymo Research Corporation, 
Irvine, CA). Raw intensity signals from .IDAT files were 
loaded into the R environment  [85] using the minfi R 
package [86]. As a result, we obtained an RGChannelSet 
object containing all the raw intensity data, from both the 
red and green color channels, for each of the samples and 
time points. We generated a detection p-value for every 
CpG site in each sample by comparing the total signal 
for each probe to the background signal, which was esti-
mated from the negative control probes. To minimize 
the unwanted variation within and between samples, we 
applied Beta-Mixture Quantile (BMIQ) intra-array nor-
malization [87], including all individuals and time points. 
Poor performing probes were filtered out according to 
different criteria: probes with a detection p-value above 
0.01 in more than 10 % of the samples to identify probes 
that have failed to hybridize (number of probes = 230) 
using the detectionP function, probes with SNPs (num-
ber of probes = 30,432) using the dropLociWithSnps 
function, cross-reactive probes aligning to multiple loca-
tions (number of probes = 25,570), as reported by  [88], 
and probes located on the Y chromosome (number of 
probes = 246). After applying all these filters, 809,381 
probes remained in the dataset.

Intensity values were used to determine the propor-
tion of methylation at each CpG site. Methylation levels 
were reported as either β-Values 

(
β = M

M+U

)
 or M-val-

ues 
(
M = log2

(
M
U

))
, where M  and U  correspond to 

the methylated and unmethylated signals, respectively. 
β-values and M-values are related through a logit trans-
formation 

(
M = log2

(
β

1−β

))
  [89]. Because percent-

age methylation is easily interpretable, β-values in the 
present paper were employed for describing the level of 
methylation at each locus and for graphical presentation 
of results. On the other hand, due to their distributional 
properties, M-values were selected for statistical test-
ing [90, 91].

DNAm is inherently cell-type specific, and mea-
surements obtained from mixed cell populations such 
as PWBC can be confounded by variations in cell 
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proportions. To mitigate this, surrogate estimates of cell 
proportions were obtained using the Houseman method 
and incorporated as covariates in our models  [92]. We 
also performed a correlation analysis  [93] between the 
principal components and potential confounders, detect-
ing a batch effect in DNAm data (Supplementary Figs. 1 
and 2). To address this, we removed the variance attribut-
able to batch by extracting residuals from a linear mixed-
effects model in which batch was included as a random 
effect  [94–96]. This residuals’s method based correction 
effectively eliminated the batch effect [97], as confirmed 
by post-correction assessments (Supplementary Figs. 1 
and 2). All subsequent EWAS models were then fitted 
using these batch-corrected methylation values and were 
adjusted for age, sex, recruitment centre and estimated 
white blood cell proportions.

Throughout the bioinformatics pipeline, each stage—
encompassing QC, preprocessing, normalisation, and 

the estimation of blood cell proportions—was conducted 
in accordance with the recommended protocols  [65, 
67, 84]. All described pipeline were performed in R 
environment [85].

Bioinformatic analysis
After pre-processing, 809,381 CpG site probes that 
passed quality filters were selected for analysis. The 
experimental design adopted for DNAm bioinformat-
ics analysis of IR is presented in Fig. 2. Participants were 
classified into five longitudinal groups (G1–G5) accord-
ing to their obesity and IR status at the prepubertal base-
line and pubertal follow-up visits. For clarity, we use the 
following abbreviations throughout the manuscript: Nw 
(normal-weight) and Ov/Ob (overweight/obesity). The 
five longitudinal groups were defined as follows: G1: Nw 
and non-IR at both time points, G2: Ov/Ob and non-IR 
at baseline remaining non-IR at follow-up, G3: Ov/Ob 

Fig. 2  Longitudinal and pubertal cross-sectional analytical designs in EWAS of IR. The longitudinal approach included 90 Spanish children (42 males and 
48 females), classified into five experimental groups (G1 G5) based on their obesity and IR trajectories from prepuberty (baseline) to puberty (follow-up). 
G1 comprises normal-weight, non-IR children at both time points, serving as a control group. G2 and G4 consist of children with overweight/obesity who 
were non-IR at baseline and either remained non-IR (G2) or developed IR (G4) by follow-up. In contrast, G3 and G5 include children with overweight/
obesity who were IR at baseline and either transitioned to non-IR (G3) or remained IR (G5) by follow-up. The pubertal cross-sectional approach included 
129 pubertal children (58 males and 71 females) classified into three groups based on their obesity and IR status: normal-weight non-IR, overweight/
obesity non-IR, and overweight/obesity IR. Additionally, a comparison was conducted between all non-IR children and those with IR. Longitudinal and 
pubertal cross-sectional comparisons were performed to assess epigenetic differences associated with IR. All analyses were adjusted for age, sex, recruit-
ment centre, and white blood cells proportions
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and IR at baseline; improving to non-IR at follow-up, G4: 
Ov/Ob and non-IR at baseline; progressing to IR at fol-
low-up and G5: Ov/Ob and IR at both time points. Addi-
tional body weight-trajectory patterns (e.g., Nw to Ov/
Ob or the reverse), as well as a few cases of Nw children 
with IR, were observed only in a small number of partici-
pants and, due to their insufficient representation, these 
individuals were excluded from the analyses. The primary 
objective of this analysis was to identify the DNAm pat-
terns associated with improvement, worsening or stabil-
ity of the IR status in children with Ov/Ob during the 
onset of puberty.

In the longitudinal approach (N = 90), methylation 
changes between the prepubertal baseline and the puber-
tal follow-up were evaluated through both within-group 
and between-group comparisons. The within-group 
analysis performed in G1 (Nw non-IR to Nw non-IR) was 
used to identify CpG sites whose methylation changes 
reflect normal growth and pubertal development rather 
than metabolic alterations. CpG sites identified in this 
comparison were therefore excluded from all subsequent 
analyses. All remaining longitudinal comparisons were 
designed to investigate DNAm patterns associated with 
IR during pubertal development, each one addressing a 
distinct biological question. The within-group analyzes 
in G3 (Ov/Ob IR to non-IR) and G4 (Ov/Ob non-IR to 
IR) evaluate intra-individual methylation changes linked 
to IR improvement and IR worsening across puberty, 
respectively. These comparisons capture epigenetic shifts 
that accompany opposite IR transitions within the same 
individuals. Complementary between-group compari-
sons were performed to assess whether children starting 
from the same baseline IR status diverge epigenetically 
according to their IR trajectory. The comparison between 
G2 (Ov/Ob non-IR remaining non-IR) and G4 (Ov/Ob 
non-IR to IR) identifies methylation differences associ-
ated with the worsening of IR among children initially 
classified as non-IR. Conversely, the comparison between 
G3 (Ov/Ob IR to non-IR) and G5 (Ov/Ob IR remaining 
IR) reveals CpG sites associated with IR improvement 
among children who were IR at baseline. Additionally, 
the G3 (Ov/Ob IR to non-IR) versus G4 (Ov/Ob non-
IR to IR) comparison contrasts children with opposite 
IR transitions, providing insight into methylation pat-
terns specifically related to the directionality of IR change 
over puberty. In addition to the longitudinal analyses, 
we also performed cross-sectional comparisons in the 
pubertal population (N = 129). Three comparisons were 
conducted to capture complementary aspects of IR-
associated methylation: Nw non-IR versus Ov/Ob IR 
to identify CpG sites reflecting the combined signature 
of adiposity and IR; Ov/Ob non-IR versus Ov/Ob IR to 
isolate CpG differences specifically linked to IR under 
similar degrees of adiposity; and all non-IR versus all IR 

participants to evaluate methylation changes associated 
with IR irrespective of adiposity.

To evaluate whether the study was adequately powered 
to detect DNAm differences, we performed post-hoc 
power simulations using the pwrEWAS R package  [98]. 
These simulations were used to estimate the minimum 
sample size required for detecting significant differen-
tial CpG sites under varying effect-size assumptions, and 
they indicated that statistical power is strongly dependent 
on the magnitude of the expected methylation changes 
(Supplementary Fig. 3). Although the longitudinal cohort 
comprised 90 participants, each individual contributed 
repeated measurements at two time points (180 observa-
tions), which provides additional power intrinsic to the 
within-subject design and enhances our ability to detect 
biologically meaningful DNAm differences.

These analyses were implemented using linear mod-
els from the limma R package [99], with M-values as the 
outcome and experimental group as a categorical pre-
dictor. The limma models were appropriately adjusted 
for confounders, including age, sex, recruitment centre, 
and white blood cell proportions. For each CpG site, 
an iterative linear model was fitted using lmFit func-
tion, and contrasts corresponding to the specific com-
parisons of interest were applied through contrasts.fit 
function. In the longitudinal analyses, we accounted for 
within-subject variability using the duplicateCorrela-
tion function. This method estimates the intra-subject 
correlation in repeated measures through a mixed linear 
model fitted for each CpG site, and provides a consen-
sus correlation used as input for the lmFit function. The 
subsequent fitting of the model was performed using 
generalized least squares to appropriately account for 
the correlation between repeated observations of the 
same individual. Finally, statistical inference was per-
formed using eBayes function, which computes moder-
ated t-statistics by shrinking probe-wise standard errors 
toward a global empirical Bayes estimate. This modera-
tion improves the stability of variance estimates, particu-
larly in small to moderate sample sizes. Moderated t-tests 
were used to evaluate each contrast, while moderated 
F-statistics tested whether all contrasts for a CpG were 
simultaneously equal to zero, analogous to ANOVA but 
with empirically moderated residual variances  [99]. In 
addition, genomic inflation factors (λ) were computed 
for each comparison, using bacon R package  [100], 
to assess the presence of test-statistic inflation and to 
ensure that our results were not driven by systematic bias 
or deviations from the expected null distribution. These 
quality-control metrics substantiate that the observed 
associations reflect true biological differences rather than 
analytical artifacts, confirming the absence of inflation or 
systematic bias (Supplementary Table 1). Given the large 
number of statistical tests performed, false discovery 
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rate (FDR) was controlled using the Benjamini Hochberg 
procedure  [101] applied once to the pooled set of raw 
p-values from all comparisons, including all longitudi-
nal and cross-sectional analyses. This approach ensured 
control of the expected FDR across the entire set of CpG 
site comparison tests, while exploiting the information 
contained in the global p-value distribution and thereby 
minimising the risk of false-positive findings arising from 
multiple testing.

Beyond single CpG level associations, commonly 
referred to as differentially methylated positions (DMPs), 
we also explored regional methylation differences to 
capture coordinated DNAm changes across contigu-
ous CpG sites. Differentially methylated regions (DMRs) 
are genomic segments composed of multiple adjacent 
DMPs that often share regulatory functions and can 
provide stronger biological insights than isolated CpG 
sites. To identify DMRs, we fitted linear models using 
a design matrix that included pubertal IR status as the 
main outcome and age, sex, recruitment centre and esti-
mated white blood cell proportions as counfounders. 
Analogous to the modelling strategy applied in the limma 
framework, we contrasted M-values between non-IR 
and IR pubertal children. We defined candidate DMRs 
as genomic windows of 1,000 bp containing at least two 
adjacent DMPs, a commonly used criterion that captures 
most regulatory gene features  [65]. Following current 
recommendations for DMR identification  [65], regional 
analysis was conducted using the DMRcate  R package 
[102]. P-values are computed by modelling the kernel-
smoothed test statistic as a scaled chi-square variable 
(via the Satterthwaite approximation), comparing it to 
the corresponding chi-square distribution, and applying 
Benjamini Hochberg correction to obtain the smoothed 
FDR [102].

After, we applied iterative linear models to examine 
the association between DNAm levels of the statistically 
significant CpG sites and continuous measures of obesity 
(BMI, WC and FMI) and cardiometabolic health (glucose, 
insulin, HOMA-IR, QUICKI, DBP, SBP, TAG, HDL-c and 
LDL-c), analysing the prepubertal and pubertal cross-
sectional groups separately. These additional analyses 
aimed to identify CpG sites that, beyond their association 
with IR, also exhibited statistical relationships with other 
obesity-associated cardiometabolic alterations. To reduce 
the risk of spurious associations driven by presence of 
outliers, cardiometabolic outcomes were winsorized. For 
this analysis, we used the lm and Winsorize functions. 
All analyses were adjusted for age, sex, recruitment cen-
tre, and white blood cell proportions. Due to the number 
of outcomes analysed, FDR correction was applied using 
the Benjamin Hochberg procedure  [101] to adjust for 
multiple hypothesis testing.

Pathway enrichment analysis
Selected CpG sites were further annotated using the Illu-
minaHumanMethylationEPICanno.ilm10b4.hg19 R 
package [103]. Genes associated with each CpG site were 
obtained using the getMappedEntrezIDs function from 
missMethyl R package  [104]. Genomic and epigenomic 
datasets were functionally annotated based on GO and 
KEGG ontologies, utilising Entrez gene identifiers and 
the database org.Hs.eg.db [105].

The gometh function was employed to determine the 
enrichment of CpG-annotated genes in KEGG (Kyoto 
Encyclopedia of Genes and Genomes) terms, biological 
pathways, and cellular and molecular functions  [106]. 
This function accepts a character vector of significant 
CpG sites, maps these sites to Entrez Gene IDs, and 
tests for GO (Gene Ontology) term or KEGG pathway 
enrichment using a Wallenius’ noncentral hypergeomet-
ric test  [107, 108], considering the number of CpG sites 
per gene on the Infinium Methylation EPIC 850K array. 
All GO and KEGG terms were tested and FDR correction 
was calculated [101].

mQTL analysis
Although DNAm serves as an epigenetic mark that 
modulates gene expression in response to environmental 
stimuli, certain SNPs may influence the methylation of 
CpG sites, whether they are located proximally or distally 
to their genomic positions. This interplay between SNPs 
and DNAm is crucial for deciphering epigenetic signa-
tures related to IR, particularly in instances where the 
external exposome may not serve as the primary causal 
mediator but rather interacts with genetic factors. Con-
sequently, mQTL analysis was conducted to elucidate the 
genetic regulation of DNAm associated with IR. Impor-
tantly, no GWAS was performed in this work; genotyp-
ing data were used exclusively to evaluate whether the 
DNAm levels of the CpG sites identified in the EWAS 
analyses were influenced by genetic variants through 
mQTL analysis.

To investigate whether the methylation levels of 
the selected CpG sites were influenced by underlying 
genetic variation, we explored their association with 
SNPs through mQTL analyses. First, we queried the 
GoDMC (Genetics of DNA Methylation Consortium) 
catalogue  [109], a large-scale reference resource that 
aggregates harmonized mQTL results from multiple 
population-based studies and provides robust evidence 
for cis- and trans-mQTL effects across the epigenome. 
This external lookup allowed us to evaluate whether the 
CpG sites associated with IR in our EWAS analyses had 
been previously reported as genetically regulated. In par-
allel, we performed an internal mQTL analysis within our 
own cohort to assess the presence of SNP CpG associa-
tions in our study population. These two complementary 
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approaches—external validation using the GoDMC atlas 
and internal testing using our genotyping data—enabled 
a comprehensive assessment of the genetic contribution 
to DNAm variation at the CpG sites identified in this 
study.

For internal mQTL analysis within our own cohort, we 
used a linear model implemented with the MatrixEQTL 
R package [110]. In the linear model, DNAm values were 
modelled as the outcome and SNPs were encoded as 0, 1, 
or 2 according to the number of minor alleles (following 
the additive genetic model), and age, sex, and recruitment 
centre was included as covariates. To distinguish between 
cis-mQTLs and trans-mQTLs associations, a boundary 
of 500 bp between SNPs and CpG sites was used to define 
cis-mQTLs; all other SNP-CpG pairs were considered 
as trans-mQTLs. P-values were adjusted using a cor-
rection factor for multiple testing that accounts for the 
dependency among SNPs due to linkage disequilibrium 
(LD) via LD-based pruning, reflecting the total number 
of independent tests. The correction value for the trans-
analysis was calculated as the total number of analysed 
CpG sites multiplied by the number of SNPs in the whole 
dataset, after FDR correction for such number of tests 
correction was calculated [101].

Statistical analysis
Statistical analysis was performed using the R environ-
ment (version 4.3.1). Normality of all continuous non-
omics variables was assessed using the Shapiro Wilk test 
[111]. Categorical variables were evaluated with Pearson’s 
Chi-squared test and Fisher’s exact test, while differences 
in continuous variables between experimental groups 
were examined using one-way analysis of means (not 
assuming equal variances) and the Kruskal Wallis rank 
sum test, as appropriate  [112]. Differences were evalu-
ated for both the longitudinal groups (G1 G5) and the 
cross-sectional groups (Nw Non-IR, Ov/Ob Non-IR, and 
Ov/Ob IR) at baseline and follow-up. Descriptive statis-
tics are available in Supplementary Tables 2 (longitudinal 
approach), 3 (prepubertal cross-sectional approach) and 
4 (pubertal cross-sectional approach).

Results
Clinical and biochemical profile of participants
We observed five experimental groups, each charac-
terized by a distinct trajectory of obesity-related IR. 
Descriptive statistics for the longitudinal approach 
are presented in Supplementary Table  2. At both time 
points, there were no statistically significant differences 
in terms of age or sex distribution among the experimen-
tal groups. In line with the study design, the groups that 
developed or maintained IR during the onset of puberty 
(G4: Ov/Ob non-IR → Ov/Ob IR and G5: Ov/Ob IR 
→ Ov/Ob IR) displayed the highest increases in FMI, 

fasting serum insulin levels and HOMA-IR compared to 
the non-IR groups (G1: Nw non-IR → Nw non-IR, G2: 
Ov/Ob non-IR → Ov/Ob non-IR and G3: Ov/Ob IR → 
Ov/Ob non-IR). Although SBP z-score did not differ sig-
nificantly between groups at baseline, significant differ-
ences were evident at follow-up, with the highest values 
observed in groups (G4: Ov/Ob non-IR → Ov/Ob IR) 
and (G5: Ov/Ob IR → Ov/Ob IR). This finding highlights 
the importance of puberty as a critical period influencing 
metabolic health.

Additionally, G4 (Ov/Ob non-IR → Ov/Ob IR) exhib-
ited the most pronounced increases in leptin, hs-CRP, 
and t-PAI-1 concentrations. In contrast, G3 (Ov/Ob IR 
→ Ov/Ob non-IR) showed reductions in these biomark-
ers. Overall, the experimental groups clearly reflected 
the intended clinical trajectories in IR status. As would 
be expected with pubertal progression, LDL-c and adipo-
nectin concentrations declined across all groups follow-
ing pubertal maturation onset. Cross-sectional groups 
similarly demonstrated coherent and expected differ-
ences across anthropometric, metabolic, inflammatory, 
and cardiovascular biomarkers (Supplementary Tables 3 
and 4).

White blood cells DNAm associated with IR
To comprehensively characterise epigenetic marks asso-
ciated with IR, we evaluated multiple longitudinal and 
cross-sectional comparisons, each addressing a comple-
mentary aspect of the clinical evolution of IR across the 
pubertal transition (Fig.  2). Although all comparisons 
targeted the same overarching scientific question, DNAm 
associated with IR during puberty, they captured dis-
tinct IR trajectories (improvement, worsening, or stabil-
ity) as well as cross-sectional differences in the pubertal 
population.

Given the large number of statistical tests performed, 
FDR was controlled using the Benjamini Hochberg pro-
cedure [101] applied once to the pooled set of raw p-val-
ues from all comparisons, including all longitudinal and 
cross-sectional analyses (see Section 3.4.2, Bioinformatic 
analysis, for details). In total, 120 CpG sites surpassed 
the global FDR threshold (FDR < 0.05) and were con-
sidered associated with IR. These CpG sites are listed in 
Supplementary Table 5, whereas Supplementary Table 
6 presents the complete output for all CpG sites and all 
comparisons, including both significant and non-signifi-
cant results.

For interpretative clarity, the FDR-significant CpG sites 
were grouped into three categories: (1) 22 CpG sites from 
longitudinal within-group comparisons, (2) 93 CpG sites 
from longitudinal between-group comparisons and (3) 9 
CpG sites from pubertal cross-sectional contrasts. These 
results are summarised in Fig.  3. Notably, 85 out of the 
120 significant CpG sites belonged to the comparison 
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between group G3 (Ov/Ob IR → non-IR) vs. G5 (Ov/
Ob IR → IR). Within the longitudinal analyses, children 
whose IR worsened (G4: Ov/Ob non-IR → IR) tended 
to exhibit increasing hypermethylation at several CpG 
sites, whereas those whose IR improved (G3: Ov/Ob IR 
→ non-IR) showed opposite hypomethylation trajectory 
patterns. These trends were consistent with cross-sec-
tional findings, where all FDR-significant CpG sites were 
hypomethylated in non-IR pubertal children.

Among the 120 global FDR-significant CpG sites, 
42 were located in CpG islands, of which only six were 
annotated to promoter regions. These promoter-associ-
ated CpG sites were cg16147221 annotated in SLC2A9, 
cg03994651 annotated in LMTK3, cg20196543 anno-
tated in SACM1L, cg14166149 annotated in ZNF341, 
cg03962365 annotated in NR4A1, and cg15063951 anno-
tated in FAR1 (Supplementary Table  5). A region-level 
analysis of the CpG sites identified, comparing pubertal 

non-IR vs. IR children, yielded 195 FDR-significant 
DMRs, mapping 174 loci (Supplementary Table  7). GO 
and KEGG pathway enrichment analyses of the genes 
annotated to the 120 FDR-significant CpG sites high-
lighted several biologically relevant pathways, includ-
ing cortisol synthesis and secretion, ATP-dependent 
chromatin remodelling, and aldosterone synthesis and 
secretion. These pathways met the nominal significance 
threshold (p<0.05) but did not remain significant after 
FDR correction (Supplementary Tables  8 and 9).

Associations between DNAm and overall metabolic health
Cross-sectional associations between DNAm levels at the 
120 IR-associated CpG sites and continuous cardiometa-
bolic outcomes (BMI z-score, WC z-score, FMI, glucose 
z-score, insulin z-score, HOMA-IR z-score, QUICKI, 
DBP z-score, SBP z-score, TAG z-score, HDL-c z-score, 
and LDL-c z-score) were cross-sectionally evaluated in 

Fig. 3  Multipanel volcano plots illustrating the results of the EWAS analyses (longitudinal within-group, longitudinal between-group, and pubertal 
cross-sectional comparisons) fully described in Fig. 2. A Longitudinal within-group comparisons: G3 (Ov/Ob IR → Ov/Ob non-IR) and G4 (Ov/Ob non-IR 
→ Ov/Ob IR). B Longitudinal between-group comparisons, showing each contrast explicitly: 1) G2 (Ov/Ob non-IR with no change) vs. G4 (Ov/Ob non-IR 
→ IR), 2) G3 (Ov/Ob IR → non-IR) vs. G4 (Ov/Ob non-IR → IR), 3) G3 (Ov/Ob IR → non-IR) vs. G5 (Ov/Ob IR with no change)(C) Pubertal cross-sectional 
comparisons: non-IR (Nw) vs. IR (Ov/Ob); non-IR (Ov/Ob) vs. IR (Ov/Ob); and all non-IR vs. all IR participants. In each plot, the x-axis represents the log2 
fold change, and the y-axis shows the − log10 of the global FDR. CpG sites surpassing the significance threshold (global FDR < 0.05) are highlighted. For 
simplification, only the top 10 hypermethylated and top 10 hypomethylated CpG sites meeting the global FDR threshold are labelled with their CpG ID 
and mapped gene symbol, when available. All analyses were adjusted for age, sex, recruitment centre and white blood cells proportions
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both the prepubertal and pubertal populations. These 
analyses were designed to further explore the relation-
ship between the 120 global FDR-significant CpG sites, 
IR and other adiposity and cardiometabolic complica-
tions tipically observed in children with obesity. Global 
FDR-significant associations (FDR < 0.05) were observed 
for BMI z-score, WC z-score, glucose z-score, insulin 
z-score, HOMA-IR z-score, QUICKI, DBP z-score, and 
SBP z-score outcomes. Supplementary Table 10 report all 
findings, and Fig. 4 illustrates the heatmap for CpG sites 
that displayed at least a FDR-significant association with 
one continuous outcome.

Several CpG sites showed at least one FDR-significant 
association with pubertal IR-related outcomes (insulin 
z-score, HOMA-IR z-score or QUICKI). These included 
cg16650212 (CACNA1H), cg26810726 (EGLN3), 
cg16860712 (EHD2), cg10531986 (FNBP1), cg155864606 
(LINC00708), cg03994651 (LMTK3), cg08086561 
(PEPD), cg16147221 (SLC2A9), cg17389219 (TJP3), 

cg20681950 (TSC2), cg00041083 (VASN) and cg27416312 
(XPO6). Examination of effect directions revealed a con-
sistent pattern of hypermethylation associated with 
higher pubertal IR across nearly all CpG sites (i.e., posi-
tive associations with insulin and HOMA-IR and nega-
tive associations with QUICKI). The only exception was 
cg16147221 (SLC2A9), which showed the opposite trend, 
displaying lower methylation levels in adolescents with 
greater IR. Curiosly, cg08086561 (PEPD) and cg00041083 
(VASN) were the only CpG sites that showed FDR-sig-
nificant associations with both IR-related measures plus 
adiposity outcomes, highlighting them as key epigenetic 
biomarkers at the intersection of adiposity and IR dur-
ing puberty. Among all genes that emerged consistently 
across longitudinal and cross-sectional analyses and 
showed associations with multiple cardiometabolic out-
comes as EHD2, PEPD, SLC2A9, TSC2 and VASN loci. 
For these five CpG sites, effect directions were consis-
tently aligned with IR severity trajectories (Fig. 5).

Fig. 4  Associations between DNAm and continuous cardiometabolic outcomes. The heatmap displays the standardized coefficients representing the 
associations between DNAm levels at selected CpG sites and various continuous metabolic traits, including BMI z-score, WC z-score, FMI, Glucose z-score, 
Insulin z-score, HOMA-IR z-score, QUICKI, DBP z-score, SBP z-score, TAG z-score, HDL-c z-score and LDL-c z-score. Only CpG sites exhibiting at least one 
significant association (FDR < 0.05) are presented. Statistical significance is indicated using asterisks: * (FDR < 0.05), ** (FDR < 0.01). If no asterisk is present 
but a coefficient is displayed, the association is significant at a nominal p-value < 0.05. Non-significant associations (raw p-value > 0.05) are shown in grey. 
All analyses were adjusted for age, sex, recruitment centre, and white blood cells proportions
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Associations between genetic variants and DNAm (mQTL)
To investigate whether the IR-associated DNAm signals 
were influenced by underlying genetic variation, we que-
ried the 120 FDR-significant CpG sites identified in our 
study against the external GoDMC catalogue, which 
compiles cis-mQTL information from multiple large 
population-based studies (Table 1). Twenty-five cis SNP 
CpG associations were identified in the GoDMC look-up, 
indicating that part of the IR-associated methylation vari-
ation may be explained by nearby genetic variants. These 
corresponded to 20 unique IR-associated CpG sites from 
our list. As suggested by our significant mQTL findings, 
the number of minor alleles of a given genetic variant was 
generally associated with lower methylation at the cor-
responding CpG site, although opposite effects were also 
observed for some loci. Most genetically regulated CpG 
sites (n = 11) had been originally detected in the com-
parison between G3 (Ov/Ob IR → Ov/Ob non-IR) vs. 
G5 (Ov/Ob IR → Ov/Ob IR). In particular, it is notewor-
thy to highlight cg16147221 (SLC2A9) and cg26819590 
(TSC2), two CpG sites associated with IR and with lon-
gitudinal IR trajectories in our study, which showed 
associations with rs62409886 and rs34104130, and with 

rs79518513 respectively. For cg16147221 (SLC2A9), the 
minor alleles of rs62409886 and rs34104130 were asso-
ciated with lower and higher methylation levels, respec-
tively. Whereas for cg26819590 (TSC2), the minor allele 
of rs79518513 was associated with lower methylation. We 
also performed mQTL analyses within our own cohort, 
at both prepubertal and pubertal stages. However, none 
of the SNP CpG associations surpassed the FDR thresh-
old (Supplementary Table 11).

Discussion
In this longitudinal EWAS, we investigated whether 
blood genome-wide DNAm patterns capture divergent 
trajectories of obesity-related IR from childhood into 
puberty. Leveraging a deeply phenotyped cohort of chil-
dren with paired prepubertal and pubertal blood sam-
ples, complemented with cross-sectional analyses at each 
stage, we focused specifically on IR status and trajectories 
within the context of Ov/Ob. Across multiple longitudi-
nal and cross-sectional contrasts, we identified 120 dif-
ferentially methylated CpG sites associated with IR after 
a global FDR correction. These CpG sites delineated clear 
methylation patterns accompanying IR improvement, 

Fig. 5  Multipanel longitudinal trajectories of DNAm and HOMA-IR across longitudinal groups. This figure displays the temporal patterns of DNAm (β-val-
ues) or HOMA-IR at baseline and follow-up, with the x-axis indicating both time points and the y-axis representing either methylation levels for each IR-as-
sociated CpG site or HOMA-IR values. Panels A–E illustrate DNAm trajectories for five IR-associated CpG sites: AEHD2 (cg16860712), BPEPD (cg08086561), 
CSLC2A9 (cg16147221), DVASN (cg00041083), and ETSC2 (cg26819590). Panel F displays the corresponding longitudinal trajectories of HOMA-IR. Faceting 
by longitudinal groups (G1–G5) enables visualization of methylation and HOMA-IR changes according to obesity and IR trajectories: G1 (Nw non-IR → 
Nw non-IR), G2 (Ov/Ob non-IR → Ov/Ob non-IR), G3 (Ov/Ob IR → Ov/Ob non-IR), G4 (Ov/Ob non-IR → Ov/Ob IR) and G5 (Ov/Ob IR → Ov/Ob IR). Across 
CpG sites, these plots reveal consistent patterns of hypo- or hypermethylation that align with the direction of IR change—improvement, worsening, or 
stability—mirroring the metabolic transitions reflected by HOMA-IR during puberty
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deterioration, or stability, and several of them were addi-
tionally associated with cardiometabolic traits such as 
adiposity indices, blood pressure and glycaemic markers. 
Previous evidence from large-scale mQTL studies further 
suggests that only a subset of these IR-associated marks 
is likely to be partially driven by nearby genetic variants. 
Altogether, our findings indicate that DNAm signatures 
in childhood obesity not only mirror current IR status 
but also track its dynamic evolution across the pubertal 
transition, raising the possibility that some of these epi-
genetic alterations might be amenable to modification 
alongside metabolic improvement.

Our study design was explicitly conceived to isolate 
epigenetic marks related to obesity-associated IR in the 
context of pubertal transition. Both the longitudinal 
groupings (G1–G5) and the cross-sectional comparisons 
were defined around clinical IR as the main outcome, 
while BMI, FMI, WC, lipids, blood pressure, glucose and 
IR indices were evaluated as continuous traits to refine 
cardiometabolic interpretation. By pooling all nominal 
p-values from longitudinal and cross-sectional analy-
ses into a single distribution and applying a global FDR 
correction, we obtained a conservative set of 120 IR-
associated CpG sites (Fig.  3). These signals arose from 
three complementary analytical layers: (1) 22 CpG sites 
from longitudinal within-group comparisons, capturing 
intra-individual methylation changes from prepruberty 

to puberty in each trajectory group; (2) 89 CpG sites from 
longitudinal between-group comparisons, predominantly 
arising from contrasts between children with improv-
ing IR throughout puberty development (G3) and those 
with either persistent (G5) or incident IR (G4), thereby 
highlighting loci that distinguish divergent IR trajectories 
across puberty; and (3) 9 CpG sites from cross-sectional 
contrasts of pubertal non-IR versus IR participants. All 
three dimensions relate to IR in the metabolically active 
window of puberty, yet the longitudinal contrasts—espe-
cially the comparison between children who improved 
from IR to non-IR (G3) and those who remained per-
sistently Ov/Ob and IR (G5)—were particularly infor-
mative, yielding the largest number of FDR-significant 
CpG sites. Interestingly, children whose IR worsened 
tended to show hypermethylation at IR-associated CpG 
sites, whereas those whose IR improved showed oppos-
ing hypomethylation patterns, consistent with the cross-
sectional finding that non-IR adolescents were invariably 
more hypomethylated at these CpG sites. Furthermore, a 
subset of 14 from these 120 IR-associated CpG sites were 
also robustly linked to higher adiposity, blood pressure 
or adverse glycaemic profiles at puberty, suggesting that 
these marks lie at the intersection of multiple cardiomet-
abolic disturbances rather than reflecting IR in isolation 
(Fig.  4). In line with this, a region-level analysis com-
paring pubertal non-IR and IR children identified 195 

Table 1  Identification of mQTLs from FDR-significant 120 CpG sites using GoDMC catalogue
CpG site SNP Gene Comparison Num studies Sample size P-value Beta
cg10531986 rs56224285 FNBP1 Pubertal non-IR vs. IR 35 27246 0 0.92

cg22099241 chr6:31067074:D MICA G3 vs. G5 26 19095 0 0.08

cg25066224 rs1004490 SLC47A2 G3 vs. G5 35 27232 0 −0.06

cg03138928 rs4653680 EPHX1 G3 vs. G5 31 23646 0 −0.06

cg16147221 rs62409886 SLC2A9 G3 vs. G5 18 13946 0 −0.08

cg22099241 rs28771422 MICA G3 vs. G5 18 13381 0 -0.11

cg18193726 rs73454919 STX2 G3 vs. G5 33 25901 0 -0.12

cg22193385 rs7970078 KRT7 G4: Ow/Ob non-IR to IR 36 27742 0 −0.12

cg02678476 rs75033680 – G3 vs. G5 27 21036 0 −0.15

cg16244711 rs10458345 SIPA1L2 G3 vs. G5 33 25906 0 −0.21

cg03863908 rs7734252 – G3 vs. G5 32 23526 0 −0.70

cg03886085 rs2246614 MUPCDH G3 vs. G5 32 25549 1.59e-223 −0.29

cg14395885 rs3739821 DPM2 G3 vs. G5 35 27257 3.99e-147 −0.26

cg03994651 rs1320401 LMTK3 G3: Ow/Ob IR to non-IR 25 16364 1.53e-130 −0.78

cg08271909 rs201822 LRAT G3: Ow/Ob IR to non-IR 35 27223 6.339e-83 −0.17

cg16147221 rs34104130 SLC2A9 G3 vs. G5 34 26476 2.297e-82 0.19

cg07233343 rs12562076 ARHGEF10L Pubertal non-IR vs. IR 36 27746 1.79e-41 0.15

cg01511232 rs12512714 LRAT G3: Ow/Ob IR to non-IR 34 26339 1.027e-43 −0.12

cg10531986 rs113335566 FNBP1 Pubertal non-IR vs. IR 33 25825 5.767e-42 0.26

cg07219494 rs384227 – G4: Ow/Ob non-IR to IR 29 23335 9.356e-61 0.17

cg22398226 rs1910849 LRAT G3: Ow/Ob IR to non-IR 34 26362 3.246e-32 −0.10

cg02678476 rs6858295 – G3 vs. G5 34 26471 8.034e-15 −0.07

cg26819590 rs79518513 TSC2 G3 vs. G4 19 13013 2.604e-12 −0.14

cg05624582 rs2899319 CACNA1I G3 vs. G5 30 23791 2.438e-08 0.05

cg22099241 chr6:31535381:I MICA G3 vs. G5 18 13765 1.007e-08 0.07
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FDR-significant DMRs highlighting two regions map-
ping to EHD2 and VASN. Consistent with the DMP-level 
findings, our finding indicated that IR is accompanied by 
coordinated methylation shifts across specific genomic 
regions rather than isolated single-site changes.

Our analysis also highlighted several well-established 
epigenetic loci previously linked to obesity and T2DM in 
adults, though these loci did not surpass our predefined 
global FDR threshold (i.e., only significant if we consid-
ered the nominal p-value) (Supplementary Table  5). In 
particular, we identified sites mapping to ABCG1 and 
HDAC4, two of the most consistently replicated DNAm 
markers of adiposity, dyslipidaemia and incident T2DM 
in adult EWAS and candidate-gene studies  [113–116]. 
We also detected PTPRN2, whose methylation has been 
associated with incident CVD and T2DM [117, 118], and 
ADCY5, a canonical T2DM locus repeatedly highlighted 
in adult epigenetic and genetic studies  [119]. Comple-
mentarily, our DMR analysis reported FDR-significant 
differential methylation across regions annotated into 
the ABCG1, and HIF3A whose blood and adipose-tissue 
methylation has been associated with adipose dysfunc-
tion in adults [120–122]. Notably, several CpG sites pre-
viously associated with IR in adult populations  [42, 44, 
45, 56, 58] also showed consistent directions of associa-
tion with IR in our paediatric cohort, though again none 
of these surpassed our global FDR correction (please, see 
Supplementary Table  12 for details). Together, the con-
vergence of these established cardiometabolic loci with 
our paediatric signals suggests that key components of 
the molecular architecture of IR are already present by 
late childhood, and that the weaker statistical evidence 
observed here may reflect the earlier disease stage in our 
cohort, before overt cardiometabolic complications have 
fully developed.

Beyond confirming known biology, our results high-
light a subset of five loci that, to our knowledge, have 
not been previously reported in the context of pediatric 
IR. These loci showed converging evidence across lon-
gitudinal and cross-sectional analyses, as well as across 
multiple cardiometabolic outcomes, and an in-depth lit-
erature review of their biological functions supported a 
plausible link with IR (Figs. 4, 5). These include CpG sites 
annotated to genes involved in hypoxia sensing (EGLN3), 
extracellular matrix remodelling (PEPD), nutrient and 
urate transport (SLC2A9 (also known as GLUT9)), vas-
cular signalling (VASN), mTOR regulation (TSC2), and 
caveolar dynamics (EHD2). Notably, several of these 
loci were discovered in the most biologically informative 
contrasts of our design. CpG sites annotated to VASN, 
SLC2A9 and EGLN3 emerged from the longitudinal com-
parison between G3 (Ov/Ob IR → Ov/Ob non-IR) and 
G5 (Ov/Ob IR → Ov/Ob IR), capturing epigenetic dif-
ferences between children with obesity who improve IR 

versus those who remain persistently insulin-resistant 
during puberty. Furthermore, TSC2 was detected in 
the longitudinal comparison between G3 (Ov/Ob IR 
→ Ov/Ob non-IR) and G4 (Ov/Ob non-IR → Ov/Ob 
IR), directly contrasting opposite IR trajectories within 
the Ov/Ob group. Finally, PEPD and EHD2, and again 
VASN, were identified in the pubertal cross-sectional 
comparison between Nw non-IR and Ov/Ob IR youth, 
thus reflecting methylation differences associated with 
an established IR phenotype at this critical developmen-
tal stage. For all five loci, effect directions were coherent 
with IR severity (Fig.  5) and, in several cases, with adi-
posity, blood pressure and glycaemic traits (Fig. 4), indi-
cating that these CpG sites do not simply tag excess body 
weight but instead mark dynamic biological processes 
underlying the transition between metabolically healthier 
and metabolically unhealthy obesity, and, importantly, 
the reverse transition as well. This tight coupling between 
methylation change and clinical course, together with the 
molecular functions of the implicated genes in nutrient 
signalling, urate transport, hypoxia sensing, extracellular 
matrix remodelling and vascular regulation, suggests that 
these epigenetic marks are plausibly embedded in the 
mechanisms driving obesity-related IR. While we cannot 
infer causality, the observation that DNAm at these loci 
shifts in parallel with IR improvement raises the possibil-
ity that at least part of this epigenetic signature may be 
modifiable alongside metabolic recovery, thereby point-
ing to potential epigenetic entry points for future thera-
peutic or lifestyle interventions.

Among these candidates, vasorin (VASN) stands out as 
a particularly attractive translational target. In our data, 
hypermethylation at cg00041083 (VASN) was associated 
with higher pubertal IR and adverse adiposity measures, 
and methylation levels tracked IR trajectories across the 
longitudinal groups (G3 (Ov/Ob IR → Ov/Ob non-IR) vs. 
G5 (Ov/Ob IR → Ov/Ob IR)) (Supplementary Table 5). 
VASN encodes a TGF-β binding type I transmembrane 
glycoprotein implicated in vascular remodelling, protec-
tion against oxidative stress and modulation of inflam-
matory responses, particularly under hypoxic conditions 
relevant for expanding adipose tissue. Although initially 
described in hepatic and vascular disease, its role in met-
abolic tissues is largely unexplored. Importantly, VASN is 
a secreted protein readily measurable in serum, which, 
together with its vascular and adipose-related functions, 
supports its candidacy as a biologically plausible modula-
tor of metabolic health at the interface of vascular func-
tion, inflammation and adipose tissue architecture in 
pediatric obesity. If validated in independent cohorts and 
linked to prospective outcomes, such biomarker might 
help identify children at particularly high risk of pro-
gressing from obesity with compensated IR to overt dys-
glycaemia and cardiometabolic disease.
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Our results also support a role for transport of glucose-
metabolism relevant macromolecules (notably urate) 
and extracellular matrix (ECM) remodelling pathways 
as candidate mechanistic nodes. Hypomethylation at 
cg16147221 in the promoter of SLC2A9 was associ-
ated with greater pubertal IR and, unlike most other 
CpG sites, lower methylation tracked worse metabolic 
profiles. SLC2A9 encodes the urate and fructose trans-
porter GLUT9, a major determinant of serum uric acid 
levels, as demonstrated in large genetic studies showing 
that SLC2A9 variants explain a substantial proportion of 
interindividual variation in uricemia and gout risk [123–
127]. Serum uric acid rises early in youth with obesity 
and has been associated with features of the MetS, IR 
and later hypertension and cardiometabolic risk  [128–
131]. In this context, the presence of cis-mQTL signals 
for cg16147221 in external resources suggests that both 
inherited and acquired factors may converge on this 
locus to shape the urate IR axis. Similarly, cg08086561 in 
PEPD, the gene encoding prolidase, a key enzyme in col-
lagen turnover, was associated with both IR-related mea-
sures and adiposity in pubertal children, suggesting that 
ECM remodelling in expanding adipose tissue is tightly 
linked to systemic insulin sensitivity. Prolidase (PEPD) 
catalyses the rate-limiting step of collagen recycling and 
is essential for collagen metabolism and matrix remodel-
ling [132–136]. Recent experimental work further shows 
that dysregulation of macrophage PEPD in obesity drives 
adipose tissue fibro-inflammation and IR, reinforcing 
the causal link between defective collagen remodelling 
and metabolic dysfunction [137, 138]. Given that PEPD-
generated proline and collagen degradation products 
influence adipose architecture and inflammatory tone, 
methylation or activity readouts at this locus may there-
fore reflect the balance between healthy adipose expan-
sion and fibro-inflammatory remodelling in childhood 
obesity.

Other loci highlighted by our findings further under-
score the involvement of nutrient sensing, oxygen supply 
and cellular architecture in the early stages of metabolic 
dysfunction. Methylation at a CpG within TSC2, a cen-
tral inhibitor of mTORC1 signalling, was associated with 
pubertal IR and IR trajectories, and this site harboured a 
cis-mQTL in GoDMC, consistent with genetic influences 
on the mTOR axis. TSC2 forms, together with TSC1, 
the tuberous sclerosis complex that restrains mTORC1 
activity in response to nutrient and growth factor cues; 
chronic mTORC1 overactivation is known to impair insu-
lin signalling via feedback inhibition of IRS proteins and 
to promote metabolic dysfunction in obesity  [139–143]. 
Epigenetic modulation at TSC2 in blood may therefore 
serve as a surrogate marker of systemic “mTOR tone” and 
chronic nutrient surplus in metabolically stressed chil-
dren. Likewise, CpG sites annotated to EGLN3 (PHD3), 

a key oxygen sensor that regulates HIF stability, align 
with the concept that rapid adipose tissue expansion 
during childhood obesity may outstrip its vascular sup-
ply, creating hypoxic, pro-inflammatory conditions that 
favour IR; PHD/HIF signalling has been implicated in 
adipose tissue hypoxia, inflammation and altered insulin 
sensitivity [144–146]. In addition, loci in EHD2 point to 
complementary mechanisms at the plasma membrane: 
EHD2 stabilises caveolae and regulates their dynamics, 
thereby influencing lipid uptake, membrane organisation 
and insulin receptor signalling at the cell surface; reduced 
EHD2 function has been linked to altered fatty acid 
uptake and obesity-related phenotypes in experimental 
models [147, 148].

The origin of the IR-associated methylation marks 
identified in this study is likely multifactorial, reflecting 
both genetic predisposition and environmental expo-
sures. By querying our 120 FDR-significant CpG sites in 
the GoDMC catalogue, we identified 25 cis SNP CpG 
associations corresponding to 20 unique CpG sites, indi-
cating that a subset of the observed methylation variation 
might be partly influenced by nearby genetic variants. 
Notably, several of these genetically influenced CpG sites 
were located in loci that we highlight as biologically com-
pelling, including cg16147221 (SLC2A9) and cg26819590 
(TSC2), supporting a model in which inherited variants 
in key metabolic genes shape baseline methylation states 
and, potentially, individual susceptibility to IR. How-
ever, our own mQTL analyses within PUBMEP did not 
yield FDR-significant associations, likely due to limited 
sample size, and most of the 120 CpG sites did not show 
robust cis-mQTL signals in external data. Moreover, the 
fact that methylation at several of these loci dynamically 
tracked IR trajectories—worsening, improvement or sta-
bility—across puberty argues against a purely genetically 
predetermined pattern and instead points to an impor-
tant modifiable component. Taken together, this pattern 
suggests that a substantial fraction of the epigenetic sig-
nal is acquired, plausibly in response to energy imbal-
ance, adiposity, inflammation, hormonal changes during 
puberty or other environmental factors. Disentangling 
cause and consequence will require larger, multi-ethnic 
cohorts, repeated methylation assessments at finer tem-
poral resolution, and integrative methods such as Men-
delian randomisation and mediation analyses linking 
exposures, methylation and metabolic outcomes.

Several strengths of our work warrant mention. First, 
the longitudinal design, incorporating well-characterised 
IR trajectories across puberty and defined using sex- 
and pubertal stage- specific HOMA-IR cut-offs, offers a 
unique opportunity to capture dynamic cardiometabolic 
changes during a critical developmental window. Second, 
the use of a global FDR correction across all longitudinal 
and cross-sectional comparisons provides a conservative 
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and robust set of IR-associated CpG sites. Third, integrat-
ing DNAm with a broad panel of cardiometabolic traits, 
together with external mQTL information, enables us to 
move beyond traditional case control frameworks and 
begin delineating the underlying mechanistic landscape. 
From a translational perspective, the study addresses an 
urgent public-health need by linking epigenetic variation 
to clinically defined trajectories of paediatric IR—a rec-
ognised gateway to later T2DM and CVD. Importantly, 
the longitudinal groups were constructed using clinically 
validated HOMA-IR cut-offs already applied in paedi-
atric practice, reinforcing the clinical relevance of the 
potential biomarkers identified.

Nevertheless, several limitations should be acknowl-
edged. The sample size is moderate for EWAS standards, 
which may have reduced our ability to detect smaller 
methylation effects or weaker mQTLs, and our findings 
have not yet been replicated in independent cohorts. 
Although replication was explored in other longitudi-
nal paediatric cohorts  [68, 149], no suitable replication 
cohorts were found, because cohorts lacked repeated 
Tanner stage assessment and/or fasting insulin measure-
ments. DNAm was measured in whole blood, which may 
not fully capture epigenetic variation in others metaboli-
cally active tissues such as liver, muscle, or adipose tissue, 
although systemic metabolic stress would be expected 
to leave at least partial signatures in circulating cells. In 
addition, our models were not adjusted for a number 
of potential confounders—such as smoking exposure, 
maternal BMI, circulating sex hormones, or environ-
mental pollutants—that could also influence DNAm. We 
were likewise unable to assess associations with lifestyle-
related environmental factors, including dietary patterns 
or physical activity, which might have helped clarify the 
potential causal pathways linking DNAm to obesity-
related IR. Finally, a recognised challenge in EWAS 
research, including the present study, is the difficulty 
of replicating individual CpG sites rather than broader 
gene-level methylation patterns. Although multiple 
investigations have repeatedly implicated the same genes, 
replication at the exact CpG-site level remains inconsis-
tent, highlighting the need for targeted validation and 
functional follow-up studies.

Conclusions
In conclusion, this longitudinal EWAS in children with 
obesity demonstrates that specific DNAm signatures 
in blood parallel the clinical evolution of IR across the 
pubertal transition. The contrasting methylation trajec-
tories observed between children who resolve IR and 
those who remain persistently IR support the notion that 
at least part of the epigenetic landscape of IR is dynamic 
and potentially reversible. Within this landscape, we 
identify several loci—most notably VASN, SLC2A9, 

PEPD, EGLN3, EHD2, and TSC2—as promising biomark-
ers and mechanistic candidates that integrate adiposity, 
vascular function, nutrient signalling and tissue remodel-
ling. If replicated and functionally validated, these marks 
could eventually contribute to epigenetic risk stratifica-
tion approaches and help refine interventions that target 
metabolic improvement, potentially complementing tra-
ditional lifestyle and pharmacological strategies in chil-
dren with obesity.
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