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Abstract
Background  Pediatric obesity is the most prevalent nutritional disorder in children and adolescents and is associated 
with multiple comorbidities. Understanding epigenetic mechanisms, particularly DNA methylation, offers potential for 
early risk prediction, prevention, and personalized interventions. In this study, genome-wide DNA methylation profiles 
in blood from children with obesity and matched controls were compared using Oxford Nanopore Technologies. 
Two independent analytical tools were applied to identify differentially methylated regions. Clinical data included 
family history, weight, BMI, and age at first examination. Participants with monogenic obesity, identified via short-read 
whole-exome sequencing, were excluded.

Results  The cohort included five girls and five boys with obesity (median age 14.33, IQR 1.65; median BMI SDS 
3.42, IQR 0.55) and matched controls (median age 13.94, IQR 0.52; median BMI SDS 0.26, IQR 1.71). Seven consensus 
differentially methylated regions were consistently identified, overlapping genes involved in metabolism and 
obesity-related comorbidities. Hypermethylation was observed in PM20D1, PM20D1-AS1, AC119673.2 (26.05% ± 
0.78%), and GM2A (33.60% ± 1.10%) in children with obesity, primarily affecting metabolic and adipogenic pathways. 
Hypomethylation was detected in genes linked to obesity and its comorbidities, including S100A14, S100A16 (− 25.4% 
± 0.48%), SNTG2 (− 25.55% ± 0.18%), ADARB2, LINC00200 (− 21.35% ± 0.98%), LRRC32, AP001189.1 (− 27.25%), CBLN3 
and KHNYN (− 23.20% ± 0.80%).

Conclusions  Long-read genome-wide methylation profiling can detect obesity-associated epigenetic loci in 
children. Blood-based markers in genes regulating metabolism and obesity comorbidities could support early risk 
prediction, patient stratification, and targeted prevention. Extending this work to larger and more diverse cohorts will 
be necessary to evaluate the robustness of these results and their potential translational relevance.
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​​Background
Obesity results from excessive fat accumulation that 
poses significant health risks. Among children and ado-
lescents worldwide, pediatric obesity has become the 
most widespread nutritional disorder [1], defined by a 
body mass index (BMI) at or above the 95th percentile for 
age and gender in children aged two and older [2]. Once 
primarily affecting high-income nations, the prevalence 
of pediatric obesity has surged globally, now impacting 
many low- to middle-income countries [3]. This growing 
trend is particularly concerning due to its serious long-
term consequences. Obesity is strongly linked to a range 
of comorbidities such as hypertension, dyslipidemia, and 
prediabetes. Additionally, it is associated with disorders 
such as obstructive sleep apnea, osteoarthritis, type 2 
diabetes (T2D), liver disease, coronary heart disease, 
kidney diseases, depression, cancer, low self-esteem, and 
other psychological challenges [4,5].

Obesity is influenced by both genetic predisposi-
tion and environmental factors. Studies suggest that up 
to 80% of the heritability of obesity is genetically deter-
mined, with the highest heritability observed in cases of 
severe obesity [6–8]. However, despite this strong genetic 
contribution, fewer than 10% of severe obesity cases can 
currently be attributed to known genetic variants [9]. 
There is growing interest in epigenetics as a key regula-
tor of gene–environment interactions in obesity and its 
complications. DNA methylation, in particular, is a major 
contributor and may link obesity to its clinical manifesta-
tions [10]. Blood is the most commonly used tissue for 
DNA methylation analysis because it is easily accessible 
and moderately invasive. While it may not fully capture 
tissue-specific changes, a recent study comparing blood, 
subcutaneous, and omental adipose tissues before and 
after bariatric surgery found similar methylation changes 
[11].

Studies comparing DNA methylation in obese and nor-
mal-weight children have revealed distinct epigenetic dif-
ferences. Differentially methylated CpG loci are enriched 
in pathways related to development, immune regulation, 
cell signaling, cytoskeleton organization, cardiac and stri-
ated muscle cell proliferation, neuronal function, and 
cancer [8,12–14]. Most of these studies have used array-
based technologies.

In this study, we performed a comparative analysis of 
DNA methylation profiles in blood samples from chil-
dren with and without obesity using Oxford Nanopore 
technology (ONT). Our objective was to identify and 
characterize differentially methylated positions (DMPs) 
and regions (DMRs), leveraging the advantages of long-
read, genome-wide methylation detection without the 
need for bisulfite treatment. Unlike array-based plat-
forms that interrogate predefined loci and depend on 
probe selection, ONT enables an unbiased, genome-wide 

survey of the methylome, simplifying the workflow while 
preserving native DNA modifications for broader and 
more accurate DMP and DMR detection [15].

Methods
Samples selection
Children and adolescents referred for obesity evaluation 
between 2012 and 2024 at the central tertiary outpatient 
clinic were considered for inclusion in the study (Fig. 1A). 
Data from the first examination were analyzed, including 
the family history of obesity and anthropometric mea-
surements (weight, body mass index (BMI), age), based 
on international reference values.

First, screening for single nucleotide variants (SNV) 
was performed using the Severe Early-Onset Obesity 
Panel (HP:0001513, April 2024) and short-read whole 
exome sequencing data [16]. Participants with mono-
genic obesity were excluded. BMI standard deviation 
scores (BMI SDS), adjusted for sex and age, were calcu-
lated using UK-WHO growth charts (R package childsds). 
From this cohort, five girls and five boys without known 
monogenic variants for obesity and with BMI SDS > 2.0 
were selected.

The control group included participants without obe-
sity, metabolic syndrome, hypopituitarism, or hypothy-
roidism. Controls were matched to the obese group by 
sex, age, and size, and group comparability was tested 
using the Wilcoxon rank-sum test for age and BMI SDS.

Ethics statement
Informed consent was obtained from all participants 
and/or guardians. The study followed the Declaration 
of Helsinki with all amendments, and was approved by 
the National Medical Ethics Committee of Slovenia (No. 
0120 − 37/2024-2711-6).

DNA extraction, Library preparation and nanopore 
sequencing
DNA was extracted from whole blood using FlexiGene 
DNA Kit (QIAGEN, Hilden, Germany). Nanopore librar-
ies were prepared with the ONT SQK-LSK114 protocol, 
starting with 10 µg DNA for short fragment elimination, 
followed by end-repair, and adapter ligation (Fig.  1B). 
Final libraries were loaded onto R10 PromethION flow 
cells, washed and reloaded after approximately 20 h, and 
sequenced for 46–72  h. DNA concentration was mea-
sured at each step using a Qubit fluorometer with the 
Qubit 1X dsDNA HS Assay (Kit, Thermo Fisher Scien-
tific, Waltham, MA, USA).

Basecalling of nanopore reads, variant calling and 
coverage analysis
Raw ONT signals were basecalled using the EPI2ME 
Labs wf-basecalling pipeline v1.3.0 [17] using Remora 
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high-accuracy model (dna_r10.4.1_e8.2_400bps_hac@
v5.0.0_5mCG_5hmCG@v1), filtering out reads with 
Q < 10. Samples were processed with the EPI2ME Labs 
wf-human-variation pipeline v2.3.0 [18]. Reads were 
aligned to the GRCh38 reference genome using mini-
map2, small variants called with Clair3, structural vari-
ants with Sniffles2, and modified bases aggregated using 
Modkit (Fig. 1B). Strand collapsing was disabled, and the 
--ignore “h” parameter merged 5hmC and 5mC signals, 
allowing the analysis of both current methylation and 
recent 5mC-to-5hmC transitions. Coverage was esti-
mated per sample from BAM files, with average depth 
calculated using samtools depth -a and breadth using 
samtools coverage [19].

The presence of SNV associated with obesity was used 
as an exclusion criterion (see section “Sample selection”). 
After ONT sequencing, all participants were confirmed 
negative for SNVs and screened for structural variants, 
which were annotated with AnnotSV, and none met 
pathogenicity criteria or plausibly accounted for the obe-
sity phenotype.

Methylation and statistical analysis
Pileup files from the EPI2ME Labs wf-human-variation 
pipeline [18] were used for differential methylation analy-
sis between groups. To reduce potential bias and improve 
downstream analysis accuracy, regions known to produce 
unreliable methylation signals [20] were filtered out. Cen-
tromeric regions, which are highly repetitive and variable, 
were identified using coordinates from the T2T reference 
genome obtained via the UCSC Genome Browser [21] 
and subsequently lifted over to the hg38 assembly. These 
regions were manually reviewed in Integrative Genom-
ics Viewer (IGV) [22]. For the acrocentric chromosomes 
the centromeric regions were extended to encompass 
the entire short arm, as precise boundaries could not be 
reliably defined in the hg38 assembly due to the pres-
ence of extensive satellite DNA and unresolved repeti-
tive sequences [23]. Telomeric regions were removed 
by excluding the first and last 15  kb of each chromo-
some, based on the estimated size range of human telo-
meres [24]. Sex chromosomes (chrX and chrY) were also 
excluded from analysis to prevent potential confounding 

Fig. 1  Study design and analysis workflow. (A) Participant inclusion. Children with obesity undergo clinical examination followed by genetic testing. Par-
ticipants with monogenic obesity are excluded from the study. Remaining participants, along with a control group, undergo DNA methylation profiling. 
(B) Sequencing and analysis. Whole blood samples are collected, followed by DNA extraction and nanopore sequencing. Basecalling is performed and 
modified bases are extracted. Differential methylation analysis is then conducted using two approaches: DSS and Modkit. These analyses identify DMPs 
and DMRs. A Venn diagram shows overlap between results from Modkit and DSS, highlighting 7 consensus DMRs
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Read length and coverage across samples
Read length was assessed using the N50 metric, with 
a median of 29.6  kb (IQR: 9.5  kb) and a range of 17.9–
42.8  kb, showing moderate variability across samples. 
Sequencing depth averaged 20.5–36.9× (± 3.4–6.5×), 
sufficient for robust methylation analysis [30] (Supple-
mentary Fig.  2). Genome-wide breadth of coverage was 
high (median 93.8%, IQR 0.1%), though chromosome-
level variability was noted (Supplementary Fig. 3); chr22 
showed reduced coverage (median 72.7%, IQR 0.2%) 
likely due to repetitive regions and low mapping qual-
ity. This underrepresentation did not affect downstream 
methylation analysis, as the acrocentric short arm of 
chr22 was excluded (Supplementary Table 1).

Differentially methylated regions detection 
between Modkit and DSS tools
Differential methylation was assessed using Modkit and 
DSS. Modkit’s single-site analysis generated genome-
wide p-values (Fig.  2), which were FDR-corrected and 
filtered for ≥ 15% methylation difference and adjusted 
p < 0.05, yielding 44 significant DMPs (17 hypo-, 27 
hypermethylated) across 35 genes and 7 intergenic 
regions (Supplementary Table 2). CpG context analysis 
showed 17.4% of DMPs in CpG islands, 8.7% in shores, 
6.5% in shelves, and 67.4% in open sea regions (Fig. 2C). 
Functional annotation revealed 58.1% of DMPs in 
gene bodies (39.5% intronic), 10.5% intergenic, 11.6% 
in lncRNA and 19.7% in regulatory elements such as 
enhancers, promoters, and proximal upstream regions 
(Fig. 2D).

DMPs were also identified using DSS’s DMLtest with 
p < 0.05 and ≥ 15% methylation difference (Fig.  3), yield-
ing 1543 sites (911 hypo-, 632 hypermethylated), rep-
resenting < 0.64% of all profiled CpGs (Supplementary 
Fig. 4). These mapped to 80 genes, 501 intergenic regions, 
and 81 enhancers (Supplementary Table 3). CpG con-
text analysis showed 47.2% of DMPs in open sea, 35.9% 
in islands, 13.5% in shores, and 3.4% in shelves (Fig. 3C). 
Functional annotation revealed 68.6% in gene bodies 
(22.6% intronic), 14.2% intergenic, and 17.6% in regula-
tory elements including enhancers, promoters, and prox-
imal upstream regions (Fig. 3D).

DMRs were identified using both Modkit and DSS. 
Modkit’s segmentation module detected 50 DMRs with 
a median length 201  bp (IQR: 168  bp). 22 DMRs were 
hypomethylated and 28 hypermethylated. These mapped 
to 49 genes, 14 intergenic regions, and 7 enhancers (Sup-
plementary Table 4). Nine genes showed overlap between 
DMPs and DMRs, the most significant being in FILIP1, 
CDCP1, AP001189.1, GM2A, and RAP1GAP2.

DSS identified 30 DMRs with median length of 
349  bp (IQR: 301  bp). After IGV inspection, 3 artefacts 
were removed, leaving 27 high-confidence DMRs: 16 

due to sex-specific methylation patterns, particularly 
those associated with X-chromosome inactivation [25]. A 
complete list of excluded regions is provided in supple-
mentary material (Supplementary Table 1). DMPs and 
DMRs were identified using Modkit dmr pair and ont-
methylDMR-kit [26] (based on DSS), with candidate 
DMRs manually inspected in IGV.

The Modkit dmr pair module [27] was run without—
regions for single-site resolution, calculating MAP-based 
p-values per CpG, and with—segment to identify DMRs 
via an HMM algorithm. P-values were adjusted with 
Benjamini-Hochberg. CpGs with > 15% methylation dif-
ference, adjusted p < 0.05, and ≥ 50% valid data per group 
were considered significant DMPs. Only DMRs labeled 
“different” and ≥ 100 bp long were considered significant. 
The ont-methylDMR-kit [26], using the Bioconductor 
DSS package, was run via a modified main-nf.sh script 
to also output DMPs with ≥ 15% methylation difference 
and adjusted p < 0.05. DMRs required ≥ 15% difference, 
adjusted p < 0.05, and ≥ 100  bp length. All DMPs and 
DMRs were annotated with the annotatr R package [28].

The tools for identifying differentially methylated CpGs 
use different methods: DSS applies a beta-binomial sta-
tistical framework with smoothing across neighboring 
CpG sites, which increases statistical power and facili-
tates the identification of regional methylation patterns, 
but may also introduce spatial dependency and lead 
to the detection of broader regions with modest effect 
sizes. In contrast, Modkit uses a maximum a posteriori 
(MAP)-based approach that operates at single-site reso-
lution without smoothing, resulting in more conservative 
and localized detection. For DMR identification, Mod-
kit’s segmentation module was used, which enables the 
grouping of adjacent CpG sites into regions with consis-
tent methylation patterns, allowing for DMR detection 
without explicit smoothing. Methodologies and statisti-
cal frameworks are thoroughly described and reviewed in 
Fu Y et al. [29]. These differences can cause variability in 
DMP and DMR detection. DMRs identified by both tools 
were prioritized to improve robustness and reliability in 
downstream analyses (Fig. 1B).

Results
Cohort characteristics
The study included five girls and five boys with obesity 
(age 14.33 years, IQR 1.65; BMI SDS 3.42, IQR 0.55) 
and matched controls (age 13.94 years, IQR 0.52; BMI 
SDS 0.26, IQR 1.71). Age did not differ between groups 
(p = 0.2799, Wilcoxon rank-sum test) (Supplementary 
Fig.  1A), whereas BMI SDS was significantly higher in 
the obese group (p = 1.08 × 10⁻⁵, Wilcoxon rank-sum 
test) (Supplementary Fig.  1B), confirming expected 
differences.
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hypomethylated and 11 hypermethylated. These mapped 
to 27 genes, 9 intergenic regions, and 3 enhancers (Sup-
plementary Table 5). Overlaps with DMPs were found 
in 25 genes, the most significant being in MTA2, EML3, 
FIGNL2, AC068987.3, and ADAMTSL2.

Both tools identified seven consensus DMRs, including 
two on chr1 and one on each of chromosomes 2, 5, 10, 
11, and 14 (Table 1), corresponding to 13 genes (Fig. 4). 

DSS generally reported slightly broader regions than 
Modkit, except for the DMRs on chr10 and chr14, where 
DSS detected shorter intervals.

In the group with obesity, several DMRs were consis-
tently identified by both Modkit and DSS (Table  1). On 
chr1, a hypermethylated DMR (26.05% ± 0.78%) over-
lapped the PM20D1 gene (Supplementary Fig. 5), includ-
ing its promoter, exons, introns, 5′UTR, the antisense 

Fig. 2  Comparison of DNA methylation profiles between children with obesity and control group analyzed with Modkit. (A) Volcano plot displaying 
differential methylation of CpG sites. Each point represents a CpG site: blue indicates significantly hypomethylated DMPs, red indicates significantly hy-
permethylated DMPs (p-value < 0.05), and gray denotes non-significant sites. (B) Manhattan plot illustrating the chromosomal distribution of significant 
DMPs. (C) Genomic annotation of DMPs showing their distribution across different genomic features. (D) Distribution of DMPs across CpG-related regions: 
CpG islands, shores, shelves, and open sea
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transcript PM20D1-AS1, and lncRNA AC119673. Nearby 
hypomethylated DMR (− 25.45% ± 0.48%) encom-
passed the promoter and gene body of S100A14 and 
the gene body of S100A16. A hypomethylated intronic 
DMR (− 25.55% ± 0.18%) was observed in SNTG2 
on chr2, whereas the strongest methylation differ-
ence was detected in a hypermethylated intronic DMR 
(+ 33.60% ± 1.10%) within GM2A on chr5. Additional 

hypomethylated regions were identified on chr10 over-
lapping ADARB2 and lncRNA LINC00200 (− 21.35% 
± 0.98%), on chr11 spanning an exon and 3′UTR of 
LRRC32 and lncRNA AP001189.1 (− 27.25% ± 1.38%), 
and on chr14, overlapping regulatory and coding regions 
of both CBLN3 and KHNYN (− 23.20% ± 0.80%).

Fig. 3  Comparison of DNA methylation profiles between children with obesity and control group analyzed with DSS. (A) Volcano plot displaying differen-
tial methylation of CpG sites. Each point represents a CpG site: blue indicates significantly hypomethylated DMPs, red indicates significantly hypermethyl-
ated DMPs (p-value < 0.05), and gray denotes non-significant sites. (B) Manhattan plot illustrating the chromosomal distribution of significant DMPs. (C) 
Genomic annotation of DMPs showing their distribution across different genomic features. (D) Distribution of DMPs across CpG-related regions: CpG 
islands, shores, shelves and open sea
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Discussion
We investigated epigenetic differences between chil-
dren with and without obesity using genome-wide DNA 
methylation profiling with Oxford Nanopore Technolo-
gies. Unlike targeted methods, restricted to predefined 
loci, ONT enables an unbiased, genome-wide survey 
without bisulfite treatment, simplifying the workflow 
and preserving native DNA modifications. We focused 
on DMRs, which better capture biologically meaningful 
changes than DMPs, as they average site-level variation.

DMRs were identified using both DSS and Mod-
kit. The ≥ 15% methylation difference threshold was 
selected based on biological relevance, as effect sizes in 
the range of ~ 10–20% have been linked to functional 
regulatory variation [31]. Given the higher variability of 
ONT-derived estimates at smaller effect sizes, this cutoff, 

together with statistical significance and regional con-
sistency criteria, was applied as a robust filter, yielding 
high-confidence DMRs while likely underrepresenting 
smaller effects. DSS identified 30 regions, whereas Mod-
kit identified 50. This difference largely reflects the dis-
tinct statistical frameworks and assumptions underlying 
the two methods. DSS applies smoothing across neigh-
boring CpG sites, which allows it to group closely spaced 
CpGs into slightly broader regions, increasing sensitivity 
for regional methylation patterns but potentially over-
looking small or isolated DMRs. In contrast, Modkit’s 
non-smoothed approach detects more localized DMRs, 
including those that are probably too dispersed for DSS 
to merge into a single region. To improve robustness, we 
integrated results from these complementary approaches 
and focused on consensus DMRs identified by both 

Table 1  Overlapping DMRs identified in obese samples, including methylation changes, genomic annotations, and functional 
features
Chr Start 

(Modkit)
End 
(Modkit)

Length 
(Modkit)

Meth. Diff 
(Modkit)

Start (DSS) End (DSS) Length 
(DSS)

Meth. 
Diff 
(DSS)

Status 
in 
Obese

Annotation Genomic 
features

chr1 205,849,819 205,850,444 626 + 27.6% 205,849,613 205,850,522 911 + 24.5% Hyper PM20D1 promoter; 
cds; in-
tron–exon 
boundar-
ies; introns; 
5′ UTR

PM20D1-AS1 lncRNA

AC119673 lncRNA

chr1 153,617,654 153,617,793 140 − 26.4% 153,617,654 153,617,890 237 − 24.5% Hypo S100A14 promoter; 
1 to 5 kb

S100A16 1 to 5 kb

chr2 1,133,861 1,134,349 489 − 25.2% 1,133,728 1,134,349 622 − 25.9% Hypo SNTG2 introns

chr5 151,239,273 151,239,619 347 + 35.8% 151,239,273 151,239,773 501 + 31.4% Hyper GM2A introns

chr10 1,235,179 1,235,483 305 − 23.3% 1,235,246 1,235,507 262 − 19.4% Hypo ADARB2 introns

LINC00200 lncRNA

chr11 76,657,376 76,657,582 207 − 30.0% 76,657,284 76,657,696 413 − 24.5% Hypo LRRC32 exons; 3’ 
UTR

AP001189.1 lncRNA

chr14 24,430,749 24,431,004 256 − 24.8% 24,430,751 24,431,004 254 − 21.6% Hypo CBLN3 promoter; 
1 to 5 kb; 
cds; 5′ UTR; 
exons; 1st 
exons; in-
tron–exon 
boundar-
ies; exon–
intron 
boundaries

KHNYN 1 to 5 kb; 
cds; exons; 
1st exons; 
introns; in-
tron–exon 
boundar-
ies; intron 
– exon 
boundaries
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pipelines. This strategy prioritizes specificity over sensi-
tivity by requiring agreement between DSS and Modkit, 
the final set is reduced to their overlap, effectively filter-
ing out calls that may represent false positives.

We focused on localized, functionally relevant epi-
genetic modifications that may contribute to obesity 
pathogenesis or increase susceptibility to obesity-related 
comorbidities. Seven consensus DMRs, which were 
annotated to 13 genes were consistently identified 
by both tools: PM20D1, PM20D1-AS1, AC119673.2, 
S100A14, S100A16, SNTG2, GM2A, ADARB2, 
LINC00200, LRRC32, AP001189.1, CBLN3 and KHNYN. 
These DMRs, spanning protein-coding genes and non-
coding RNAs, showed methylation differences ranging 
from − 30.0% to + 35.8% between groups. These varia-
tions likely reflect both inter-individual differences and 
changes in cell-type composition, including altered 
immune populations in children with obesity, with 
potential effects on gene regulation and obesity-related 
pathways.

PM20D1 was hypermethylated in obese children 
across multiple genomic regions. PM20D1 catalyzes the 
formation of N-acyl amino acids, which can uncouple 
mitochondrial respiration independently of uncoupling 
protein 1 (UCP1), influencing adaptive thermogenesis 
[32]. In mice, altered PM20D1 levels affect glucose toler-
ance, insulin sensitivity, cold-induced thermoregulation, 
and mitochondrial function [32–34]. Its expression is 
regulated genetically and epigenetically, with promoter 
methylation previously linked to BMI, birth weight, 
and environmental exposures35. Although one study 
questioned the physiological relevance of N-acyl amino 
acids as UCP1-independent thermogenic compounds 

[36], PM20D1 methylation remains of interest. Nota-
bly, it was hypomethylated in adipose tissue of obese 
women with T2D compared to those without T2D [37]. 
In contrast, our finding of PM20D1 hypermethylation 
in obese children suggests a distinct early-life epigen-
etic profile, potentially reflecting a lower immediate T2D 
risk and supporting its role in obesity-related metabolic 
regulation. In the same locus, we also observed hyper-
methylation of the antisense lncRNA PM20D1-AS1 and 
AC119673.2, previously implicated in Alzheimer’s dis-
ease [38], but not yet linked to obesity.

In the obese group, GM2A was also found to be hyper-
methylated. GM2A can act as an adipokine in vitro, influ-
encing metabolic dysregulation [39], and plays a role in 
GM3 ganglioside dynamics, which interfere with insulin 
signaling [40]. Additionally, GM2A has previously been 
reported to be elevated in the adipose tissue of obese 
individuals, where it impairs insulin signaling and pro-
motes aortic ganglioside accumulation, contributing to 
insulin resistance and atherosclerosis, a major cardiovas-
cular complication of obesity [41].

We observed hypomethylation of S100A14 and 
S100A16 in group with obesity. S100 proteins act as Ca²⁺ 
sensors and extracellular signaling ligands, regulating 
proliferation, differentiation, inflammation, and metabo-
lism, with several linked to obesity and metabolic dys-
regulation [42]. S100A16 has been reported to promote 
adipogenesis by enhancing preadipocyte proliferation, 
reducing insulin-stimulated glucose uptake, and increas-
ing body weight in high-fat diet–fed mice [43,44]. The 
observed hypomethylation of S100A16 in children with 
obesity may be associated with changes in adipogen-
esis and metabolic regulation. S100A14 has been widely 
studied in cancer due to its differential expression across 
tumor types [42]. Our observation of hypomethylation in 
its regulatory regions in obese individuals is consistent 
with published transcriptomic [45], proteomic [46], and 
bioinformatic meta-analyses [47] data showing altered 
S100A14 in obesity.

We observed hypomethylation of SNTG2 and ADARB2 
in obesity, highlighting potential epigenetic contributions 
to metabolic regulation. Both genes have been previ-
ously associated with body weight and related metabolic 
traits. SNTG2 methylation in cord blood has been linked 
to maternal gestational weight gain and childhood BMI 
[48], suggesting early-life programming of body weight. 
In contrast, ADARB2 variants, particularly rs2805533, 
are associated with abdominal circumference, BMI, tri-
glycerides, and adiponectin levels, pointing to a role in 
metabolic regulation and atherosclerotic risk [49].

In our study, KHNYN was hypomethylated in the group 
with obesity. KHNYN encodes a ribonuclease-containing 
protein [50] and, to our knowledge, has not been previ-
ously linked to obesity.

Fig. 4  Overlap of DMR-associated genes identified by Modkit and DSS. 
Venn diagram illustrating the intersection of genes annotated to DMRs de-
tected using two distinct analysis tools: Modkit (left circle) and DSS (right 
circle). Genes common to both methods are shown in the overlapping 
region
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Our findings indicate that obesity-associated meth-
ylation changes occur in genes and lncRNAs with estab-
lished roles in cancer, a frequent comorbidity of obesity 
[51]. LINC00200 has been implicated as an oncogene in 
gastric cancer [52]. Similarly, AP001189 has been pro-
posed as a biomarker in lung cancer and renal cell carci-
noma [53]. CBLN3 is associated with breast cancer [54]. 
LRRC32, a regulator of immune responses implicated in 
inflammation and tumorigenesis [55]. All of the identified 
cancer-related genes were hypomethylated, suggesting 
that coordinated obesity-related epigenetic alterations 
may contribute to increased cancer risk.

In summary, this study expands the set of candidate 
genes potentially involved in the molecular mechanisms 
of childhood obesity and its complications. It is impor-
tant to note that DNA methylation patterns could be 
influenced not only by obesity status but also by envi-
ronmental exposures and lifestyle factors, such as diet, 
physical activity, and socioeconomic context. The study 
cohort included individuals from diverse backgrounds, 
which likely introduces additional variability. While 
such heterogeneity may better reflect real-world condi-
tions, it also limits the ability to separate obesity-specific 
effects from environmental influences. A more pre-
cise assessment of these contributions would require 
a larger cohort, which was beyond the scope of this 
study. Using peripheral blood as a moderately invasive 
sample demonstrates the feasibility of detecting obesity-
associated epigenetic changes without tissue biopsies. 
We observed differences in DNA methylation profiles 
between children with obesity and their peers without it, 
underscoring the role of epigenetic regulation in obesity 
pathophysiology. Notably, seven genomic regions were 
consistently detected, overlapping 13 genes showing 
hypermethylation in metabolic/adipogenic pathways and 
hypomethylation in genes linked to obesity and related 
comorbidities.

Our findings underscore the translational potential of 
epigenetic profiling. Genome-wide DNA methylation 
analysis in blood could enable biomarkers [56,57] for 
early risk prediction, patient stratification, and longitu-
dinal monitoring of disease progression. The observed 
methylation changes in genes linked to energy metabo-
lism, adipogenesis, inflammation, and other obesity-
relevant pathways. To further support the biological 
relevance of the identified genes, functional validation in 
experimental models should be considered. For instance, 
targeted epigenetic editing approaches [58] could be 
applied in relevant cellular models, including human 
adipocyte precursor cells or differentiated adipocytes, 
to assess the impact on gene expression and metabolic 
phenotypes. In vivo validation using animal models could 
further clarify the role of these loci in obesity-related 
traits. While our findings are promising for the future 

integration of epigenetics into precision medicine, vali-
dation in larger and more independent diverse cohorts 
is essential, alongside careful consideration of potential 
confounding factors, before these insights can be trans-
lated into clinical practice.

Several limitations should be considered. First, whole 
blood contains a heterogeneous mixture of cell types 
with distinct methylation profiles, and variations in cell 
composition could affect observed patterns. DNA meth-
ylation is also tissue-specific, so our results may not 
reflect epigenetic regulation in metabolically relevant tis-
sues. The relatively small sample size may limit statisti-
cal power and generalizability. No independent patient 
cohorts were included, and thus the differentially meth-
ylated regions identified here have not been validated 
in external datasets. Future studies with larger, diverse 
cohorts are needed to validate these findings and clarify 
the functional impact of the identified methylation differ-
ences. Additionally, we did not perform complementary 
functional assays to assess transcriptional changes or the 
activity of the identified genes.
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