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Abstract. Alipoor SD, Ahrens A, Åkesson J, Hillerton
T, Gustafsson M, Lerm M, et al. Epigenetic anal-
yses suggest different pathways during pregnancy
for development of type 1 diabetes in children with
high versus low-neutral human leukocyte antigen-
risk. J Intern Med. 2026;299:570–86.

Background and objective. The development of Type
1 diabetes (T1D) is shaped by genetic predisposi-
tion and epigenetic regulation. Human leukocyte
antigen (HLA) risk alleles are major genetic deter-
minants, but the epigenetic landscape in relation
to disease onset remains unclear. Early-life epige-
netic modifications may reveal how environmental
and epigenetic factors interact in T1D pathogene-
sis.

Methods. We investigated epigenetic differences in
cord blood DNA from individuals with different
HLA risk alleles who later developed T1D using
epigenome-wide association studies.

Result. High-risk HLA carriers showed differen-
tially methylated genes (DMGs) mainly involved
in immune and autoimmune processes, resem-
bling patterns in other autoimmune diseases.

In contrast, low-to-neutral risk carriers exhib-
ited DMGs linked to signaling cascades, metabolic
pathways, and Type 2 diabetes–related mecha-
nisms such as beta cell function and insulin
signaling.

Conclusion. These findings indicate that heterogene-
ity in T1D pathogenetic mechanisms based on HLA
background may influence disease development.
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Background

Type 1 diabetes (T1D) is characterized by destruc-
tion of insulin-producing beta cells in the pan-
creas, leading to the deficiency of insulin and

lifelong reliance on external insulin therapy. The
etiology of T1D is still unknown, even if there are
many good hypotheses [1].
So far, nearly 50 genetic loci have been shown to
be associated with T1D susceptibility. The most
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critical genetic factor remains the human leuko-
cyte antigen (HLA) region, located on chromosome
6 [2]. This region is highly variable among indi-
viduals, and specific combinations of HLA Class
II alleles considerably influence disease risk.
These genetic differences modulate the immune
response by altering antigen presentation, playing
a key role in the autoimmune processes that target
pancreatic beta cells in T1D [2].

Although genetic predisposition is a key factor in
T1D risk, there is a dynamic interaction between
environmental influences and genetic susceptibil-
ity, which plays an important role in disease onset
and progression. Emerging evidence highlights the
central role of epigenetic mechanisms that link
environmental factors to genetic risk, offering new
insights into the complex etiology of T1D [3]. Epi-
genetic changes, including DNA methylation and
histone modification, can stably alter gene expres-
sion and are inherited during cell division. DNA
methylation occurs at cytosine residues mainly in
the context of CpG dinucleotides and is associated
with transcriptional silencing, which may function
as a mediator in response to environmental stim-
uli, contributing to disease development through
its influence on gene expression [4, 5]. It is known
that epigenetic patterns are associated with the
development of T1D [6–8] as well as other autoim-
mune diseases [6], whereas it is thought that the
related epigenetic changes mainly appear after
birth [9]. Although some studies report similar
methylation profiles between T1D patients and
healthy individuals [10], others find differences in
methylation and histone marks at key HLA loci,
suggesting that these epigenetic changes con-
tribute to disease susceptibility and progression
[11, 12]. For example, differential methylation of
HLA-DR and HLA-DQ genes, central to antigen
presentation and immune response, has been
observed in T1D patients with high-risk (HR) HLA
alleles [11]. Changes in histone acetylation and
methylation at HLA-DRB1 and HLA-DQB1 promot-
ers further alter chromatin structure and gene
expression, promoting autoimmunity [12].

Despite the recognized importance of HLA risk
alleles and their contribution to T1D disease
development, the mechanisms underlying T1D
development in individuals with protective HLA
alleles remain poorly understood.

Most cohorts, such as TEDDY [13], Daisy [14], DIPP
[15], and BabyDiab [16], follow only individuals

with high genetic risk, whichmay overshadow envi-
ronmental factors and make it difficult to find such
factors and get deeper knowledge in pathogenetic
mechanisms. The All Babies in Southeast Sweden
(ABIS) [17, 18] is a birth cohort including a general
population, which means that we are able to study
why individuals with no or low genetic HLA risk still
develop T1D. We have previously found differences
in gut microbiome associated to HLA-risk [19, 20].

In this study, using cord blood DNA from the ABIS
cohort, we conducted systematic epigenome-wide
association studies (EWAS) to assess DNA methy-
lation profiles in individuals with LR or HR HLA
alleles who later developed T1D and compare these
with profiles observed in other autoimmune dis-
eases in order to determine whether early-life epi-
genetic differences exist among individuals with
varying HLA risk alleles who go on to develop
T1D.

Study design and characteristics

ABIS cohort [17, 18] follows, to the present day,
17,055 individuals born between October 1997
and 1999 in Southeastern Sweden. Families were
recruited from nine obstetric clinics across all hos-
pitals in the counties of Östergötland, Småland,
Blekinge, and Öland. They received oral and writ-
ten information and were also offered video infor-
mation and were then asked to join the study.
Out of the 21,700 children born in the region,
78.6% of families provided informed consent for
their child to participate. Parents completed exten-
sive questionnaires and diaries from the child’s
birth through >20 years of age, with ABIS chil-
dren themselves answering questionnaires at later
visits. Cord blood samples were collected from all
ABIS children. The ABIS register is connected to
the Swedish National Patient Register, giving diag-
nosis of diseases, and to the National Drug Pre-
scription Register, which has been used for valida-
tion of diagnosis of T1D.

Four groups of individuals were included in this
study: (1) Individuals with HR HLA alleles who later
developed T1D (T1D-HR) (n = 25), (2) Individuals
with low-neutral risk HLA alleles who later devel-
oped T1D (T1D-LR) (n = 17), (3) Individuals with
HR HLA alleles who developed other autoimmune
diseases, excluding T1D (NT1D-HR) (n = 25), and
(4) healthy individuals with neutral or low-neutral
risk HLA alleles (n = 39).
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Autoantibody profiling at diagnosis showed that
75% of participants were positive for at least one
islet autoantibody (GADA, IA-2A, IAA, or ZnT8),
and the participants were diagnosed at a median
age of 11.4 years.

Ethical statement

Ethical approval for ABIS was obtained by the
Research Ethics Committees of Faculty of Health
Science at Linköping Univ., Ref. 1997/96287 and
2003/03-092 and the Medical Faculty of Lund
University Dnr 99227, Dnr 99321. Connection to
National Registers was approved (Dnr 03-513 and
2018-318-32).

DNA extraction

Genomic DNA was isolated from whole blood using
the QIAamp DNA Mini Kit on the QIAcube Con-
nect automated platform (Qiagen, Germany). DNA
concentration was measured with the Quantus
Fluorometer and QuantiFluor ONE dsDNA Sys-
tem (E4871, Promega, USA), and DNA quality was
evaluated using a NanoDrop ND-1000 spectropho-
tometer (Thermo Fisher Scientific, USA).

Methylation array data

Genomic DNA (250 ng/sample) samples were
bisulfite-converted using EZ DNA Methylation Kit
(Zymo Research) and profiled using the Illu-
mina MethylationEPIC v1.0 array. BeadChips were
scanned on an Illumina NextSeq 550.

Data preprocessing and quality control

Methylation signal intensities were extracted from
raw IDAT files using the minfi R package (v1.50.0)
in R version 4.4.3 [21, 22]. During the initial pre-
processing stage, signal intensities were normal-
ized and converted to β-values using the intra-
sample beta-mixture quantile (BMIQ) normaliza-
tion procedure [23] and the inter-array Gaussian
mixture quantile normalization (GMQN) method
[24] implemented in the GMQN R package (v0.1.0)
[24].

Probe-level quality control and filtering were
applied in the subsequent steps. Probes with miss-
ing values in more than 25% of the samples
were excluded. Additionally, cross-reactive probes,
non-CpG probes, probes mapping to known sin-
gle nucleotide polymorphisms (SNPs), and probes
located on sex chromosomes (X and Y) were dis-
carded using the ChAMP R package (v2.34.0) [22].

Remaining missing values were imputed using k-
nearest neighbor imputation via the scikit-learn
Python package [25].

To identify and correct technical artifacts, singular
value decomposition (SVD) analysis was performed
using a modified version of the SVD function from
the ChAMP R package. Major sources of variation
significantly associated (p< 0.05) with SVD compo-
nents explaining>3% of the variance, such as slide
and array effects, were adjusted using the ComBat
algorithm from the sva R package (v3.52.0) [26]. A
follow-up SVD analysis confirmed successful arti-
fact removal.

Finally, data quality was comprehensively evalu-
ated using density plots of β-value distributions.
Principal component analysis was performed to
visualize sample clustering and confirm prepro-
cessing efficiency.

Cellular composition analysis

To estimate cell type composition in each sam-
ple, we used the EpiDISH R package (v2.20.1)
[27], applying the robust partial correlations (RPC)
method with the “cent12CT.m” whole blood ref-
erence panel for the EPIC array. This refer-
ence enables deconvolution of 12 blood cell sub-
types, including NK cells, monocytes, Treg cells,
basophils, and both memory and naive subsets of
B cells, CD4+ T cells, and CD8+ T cells [28]. Differ-
ences in cell type proportions were evaluated using
Kruskal–Wallis H-test.

Differential DNA methylation analysis

Differentially methylated CpGs (DMCs) between
groups were identified using the limma R pack-
age (v3.60.6) [29]. For each CpG, linear models
were fitted adjusting for sex and cell type pro-
portions that differed significantly between groups
(p < 0.05). Empirical Bayes moderation was
applied to stabilize variance estimation, and dif-
ferential methylation was assessed using moder-
ated t-statistics. We applied a p value cutoff of
0.05 and a |log FC| cutoff of 0.05 to determine
whether a CpG was differentially methylated [30,
31]. The identified DMCs were mapped to corre-
sponding differentially methylated genes (DMGs)
and genomic regions using Illumina EPIC array
annotations ilm10b4.hg19 [32]. The results were
visualized as heatmaps using ComplexHeatmap
package (v2.10.0) [30, 31] and as volcano plots
using ggplot2 [33] in R (v3.4.4).
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Pathway enrichment analysis and network analysis

The identified DMCs were analyzed using EnrichR
[34] and the Kyoto Encyclopedia of Genes and
Genomes pathway database [35]. To enhance visu-
alization and interpretation of enrichment results,
a dot plot was generated using the ggplot2 R pack-
age. Gene intersections across pathways were visu-
alized with the enrichplot R package [36, 37].

DMC-associated genes were integrated into a
protein–protein association network from the
STRING database (v12.0) [38], and functional mod-
ules were identified using a consensus approach
combining the DIAMOnD [39] and CliqueSum [40]
inference methods. Module enrichment for gene
ontology (GO) [41] biological processes was subse-
quently assessed.

Statistics

Differences in cell type proportions were tested
using the Kruskal–Wallis H-test, with significance
defined as p < 0.05. Differential DNA methyla-
tion was evaluated with limma using moderated t-
statistics, and CpG sites were considered differen-
tially methylated at p < 0.05 and |log FC| > 0.05.
For pathway enrichment, significance was set at
p < 0.05.

Results

DNA methylation patterns in cord blood of T1D
individuals vary by HLA risk

Comparison of epigenetic patterns in T1D
developers with HR versus LR HLA alleles as
a quality control step; we first performed a com-
prehensive quality assessment, which confirmed
high data quality across all methylation profiles
(Fig. S1). We then analyzed DNA methylation in
cord blood from individuals carrying either HR
or LR HLA alleles who later developed T1D. Most
of the detected DMGs were hypermethylated in
HR carriers (67%), whereas the remaining 33%
exhibited a hypomethylated pattern in this group.
The genomic distribution of associated CpG sites
is detailed in Table S1, with most CpGs located
within gene bodies, followed by the region 200–
1500 kb upstream of the transcriptional start
site (Fig. S2).

In the HR group, distinct methylation patterns
were observed among HLA genes as well as the
genes with critical role in immune reactions.

Specifically, HLA-DQA1 and HLA-DQA2 were
hypomethylated in this group compared to LR HLA
carriers.

Furthermore, in HR carriers, ARHGEF11, PTPN22,
PK13CD, andMX2 showed a hypermethylation pat-
tern, whereas genes, such as IL5RA, IL6, and IRF2,
showed lower level of methylation in comparison to
LR risk carriers (Fig. 1a).

In addition, we observed significantly higher lev-
els of methylation in genes including STX8, ITGA9
and ITPK1, INSR in LR carrier compared to HRs
(Fig. 1a).

Network and pathway enrichment analyses
revealed that the DMGs were significantly enriched
in pathways related to the nervous system and
neurodegenerative diseases, including the synaptic
vesicle cycle, GABAergic synapses, spinocerebellar
ataxia, and Alzheimer’s disease (Fig. 1b,c). We
also observed a significant enrichment related to
viral pathways, including hepatitis C and human
papillomavirus infection (Fig. 1b,c).

In the LR carriers, we specifically observed enrich-
ment in Type 2 diabetes (T2D)-related path-
ways, such as insulin resistance, insulin secre-
tion, and various signaling cascades, especially
among the genes hypomethylated. On the other
hand, the genes hypomethylated in the HR group
were enriched for antigen presentation, autoim-
mune, inflammatory, and immune-related path-
ways (Fig. 1c, Fig. S5).

Methylation patterns in T1D developers com-
pared to healthy controls to extend our findings,
we compared methylation patterns in T1D progres-
sors with HR or LR HLA alleles using healthy con-
trols carrying LR risk HLA alleles as a baseline ref-
erence. Comparison of DNA methylation profiles
confirmed that T1D individuals with different HLA
risk levels display distinct methylation signatures
in cord blood DNA compared to healthy controls.

In the HR HLA group, HLA genes were among
the top differentially methylated CpGs (Fig. 2). In
this comparison we detected hypomethylation of
HLA-DQA1 and HLA-DQA2 in HR carriers com-
pared to healthy controls. In addition, IRF2 and
IL5RA were hypomethylated, and COLEC11 and
MX2 were hypermethylated in HR carriers com-
pared to healthy controls (Fig. 2a).

© 2026 The Author(s). Journal of Internal Medicine published by John Wiley & Sons Ltd on behalf of Association for Publication of The Journal of Internal Medicine.
Journal of Internal Medicine, 2026, 299; 570–586
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Pathway enrichment analysis for DMGs indicated
strong enrichment for immune and autoimmune
pathways in T1D progressors with HR alleles. Gene
network analysis revealed that HLA genes play the
central role in these pathways (Fig. 2b,c).

In contrast, T1D progressors with LR risk alle-
les showed minimal involvement of HLA genes
and reduced activation of immune pathways. We
detected significant and strong hypermethylation
in STX8 and DPYSL5 in LR alleles carriers com-
pared to healthy controls. Furthermore, the methy-
lation level of ARHGEF11, CASQ1, PIK3CD, and
PTN22 was reduced in this group compared to
healthy controls (Fig. 3a).

The DMGs revealed in this group demonstrated
predominant enrichment in metabolic pathways
(including insulin resistance), cellular signaling
cascades, neurogenic processes, and mechanisms
associated with T2D (Fig. 3b,c). Figs. S3 and S4
present the genomic distribution of CpGs associ-
ated with the top DMGs in comparisons of T1Dwith
HR alleles versus healthy controls and T1D with LR
alleles versus healthy controls, respectively.

Enrichment pathway analysis highlights autoimmune
signatures just among HR HLA group

To investigate the epigenetic relationship between
T1D and NT1D individuals with HR alleles com-
pared to LR carriers and to examine the role of
HLA risk alleles in the disease mechanism, we
conducted separate analyses to identify DMCs
between NT1D individuals and healthy controls
using cord blood DNA. We found that HR carri-
ers, regardless of whether they developed T1D or
NT1D, shared a highly similar methylation pattern
(Fig. S6).

We then compared the enrichment pathway pat-
terns of these DMCs with those found between
T1D patients carrying HR or LR alleles and healthy
controls. The result further demonstrated that
both T1D and NT1D individuals with HR HLA

alleles showed similar enrichment patterns and
were enriched for autoimmune mechanisms and
immune-related pathways. In contrast, T1D indi-
viduals with LR HLA alleles exhibited a distinct
pattern, being enriched in metabolic and signaling
pathways, resembling patterns more characteristic
of T2D (Fig. 4) (Table 1).

Discussion

In our study, we compared the methylation profiles
of cord blood DNA from individuals who later devel-
oped T1D, focusing on differences associated with
their HLA genotypes. To investigate potential links
between these methylation patterns and autoim-
mune diseases more broadly, we also compared
our findings to methylation profiles from individ-
uals with autoimmune diseases other than T1D.
Our results show that HLA genotype is associated
with distinct early-life DNA methylation patterns,
which may influence molecular pathways involved
in development/triggering of T1D. We observed
that individuals with HR HLA genotypes for T1D
share methylation signatures and affected path-
ways similar to those seen in NT1D autoimmune
diseases, whereas individuals with LR HLA geno-
types exhibited distinct methylation patterns, sug-
gesting different underlying mechanisms in dis-
ease development.

T1D is regarded as an autoimmune disease, which
is characterized by development of several differ-
ent autoantibodies, which tend to appear already
within 1–2 years of age. Gradually those with
multiple autoantibodies, a hallmark of Stage 1
T1D, develop glucose intolerance, which is Stage
2 of T1D, and then it usually passes to Stage
3 within 1–2 years, which is clinically manifest
diabetes with increased blood glucose. The eti-
ology is unknown [1] but most probably depen-
dent on many different factors, probably starting
already in fetal life. Thus, already in cord blood,
the protein pattern shows an inflammatory pat-
tern supported by metabolomic findings in cord
blood. Harmful agents such as per- and polyfluo-

Fig. 1 Methylation analysis comparing individuals with T1D carrying HR human leukocyte antigen (HLA) alleles to those
with LR alleles. (a) Volcano plot illustrating the DMGs between the two groups (log FC: blue: <−0.05, red: >0.05). (b) Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis of DMGs (Top 10 pathways enriched from the
DMGs, p < 0.05). (c) Network visualization of enriched pathways and associated genes from DMC analysis. The network
visualizes the relationships between enriched biological pathways and their associated genes. Each colored node (circle)
represents either a pathway (in red) or a gene, with the gene nodes color-coded according to their log fold change (log FC)
values. The log FC scale indicates methylation levels. Edges (lines) indicate which genes are involved in which pathways,
illustrating that individual genes can contribute to multiple biological processes. DMGs, differentially methylated genes; HR,
high-risk; LR, low risk; T1D, Type 1 diabetes.
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roalkyl substances seem to be increased in indi-
viduals who later develop autoimmune diseases
[62], and it is known for decades that enterovirus
infections during pregnancy increase the risk for
T1D in the child later [63]. There are several large
birth cohort studies trying to elucidate etiology of
T1D, the largest being the TEDDY study [64]. How-
ever, TEDDY, as well as the DIPP study in Finland,
BabyDiab in Germany, DAISY in Denver, USA, and
the recently started ENDIA study in Australia, all
include just HR individuals with HR HLA alleles
and/or T1D in the family. The high genetic risk
may be so dominating that environmental factors
are overshadowed and not seen, as HLA genes may
influence both factors of importance for the devel-
opment of the immune system, such as the gut
microbiome [19] and the immune system per se.

As environmental factors may cause activation and
inactivation of gene activity, epigenetic studies may
be a way forward. Such studies have been done
with inconclusive findings in cord blood. Thus,
Lahesma and coworkers [10, 65] studied epige-
netics in the cord blood of DIPP- individuals and
found no differences in the umbilical cord blood
methylation patterns between the cases and con-
trols at a false discovery rate <0.05. They there-
fore concluded that differences between children
who progress to T1D and those who remain healthy
throughout childhood are not yet present in the
perinatal DNA methylome. However, a limitation
may be that they compared cases and controls with
the same HLA types, taken from the DIPP material
[10].

A separate study by Cepek et al. examined DNA
methylation and mRNA expression of HLA-DQA1
alleles in T1D. They reported that although methy-
lation at the HLA-DQA1 promoter was similar over-
all between T1D patients and controls, methyla-
tion was allele-specific (with DQA1*02:01exhibiting
the highest and DQA1*05:01 the lowest methyla-
tion). It should be noted that their study analyzed
amixed cohort of T1D individuals with various HLA
backgrounds [66].

A German study [67] found marked differences
in the methylation status of CpG sites within
the MHC genes cis-metQTLs between carriers
of T1D with risk haplotypes HLA-DRB1*03:01-
DQA1*05:01-DQB1*02:01 (DR3-DQ2) and HLA-
DRB104:01-DQA103:01-DQB103:02(DR4-DQ8).

These differences were found in children and
adults and were accompanied by reduced HLA-
DR protein expression in immune cells with the
HLA-DR3-DQ2 haplotype, which supports our idea
to study epigenetic changes of individuals who
develop T1D later with or without HLA risk, as our
studies are based on the ABIS birth cohort, which
is unique in following a general population.

In our study, we found that HLA genes ranked
among the top differentially methylated CpGs in
HR HLA allele carriers, which were not observed
in LR group. Specifically, HLA-DRB1 was hyperme-
thylated, whereas HLA-DQA1 and HLA-DQA2 were
hypomethylated in HR group. The pattern of HLA
gene methylation in HR T1D cases closely resem-
bled the pattern we observed in NT1D individuals
with HR HLA genotypes.

The hypomethylation pattern of HLA genes is
reported in other studies related to autoimmune
diseases and is believed to allow higher gene
expression of HLA genes on the surface of immune
cells, possibly contributing to T1D risk in HR car-
riers [66, 67]. Our finding is in line with estab-
lished mechanisms by which HLA-DR/DQ alleles
influence the initiation and progression of T-cell–
mediated autoimmunity that targets pancreatic β-
cells, especially in genetically susceptible individ-
ual [2].

We observed hypermethylation in HLA-DRB1 in
HR allele carriers. A number of previous evi-
dence reports reduced methylation of HLA-DRB1
in autoimmune diseases such as multiple sclero-
sis [68], psoriasis [69], and systemic lupus erythe-
matosus (SLE) [70]. However, the effect of methy-
lation on HLA-DRB1 expression and autoimmune

Fig. 2 Methylation analysis comparing individuals with T1D carrying HR human leukocyte antigen (HLA) alleles to healthy
controls. (a) Volcano plot illustrating the DMGs between the two groups (log FC: blue: <−0.05, red: >0.05). (b) Kyoto Ency-
clopedia of Genes and Genomes (KEGG) pathway enrichment analysis of DMGs (top 10 pathways enriched from the DMGs,
p < 0.05). (c) Network visualization of enriched pathways and associated genes from DMC analysis. The network visualizes
the relationships between enriched biological pathways and their associated genes. Each colored node (circle) represents
either a pathway (in red) or a gene, with the gene nodes color-coded according to their log fold change (log FC) values. The
log FC scale indicates methylation levels. Edges (lines) indicate which genes are involved in which pathways, illustrating
that individual genes can contribute to multiple biological processes. DMGs, differentially methylated genes; HR, high-risk;
LR, low risk; T1D, Type 1 diabetes.

© 2026 The Author(s). Journal of Internal Medicine published by John Wiley & Sons Ltd on behalf of Association for Publication of The Journal of Internal Medicine.
Journal of Internal Medicine, 2026, 299; 570–586

577

 13652796, 2026, 5, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/joim

.70077, W
iley O

nline L
ibrary on [29/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



HLA risk & pregnancy T1D pathways / S. D. Alipoor et al.

578 © 2026 The Author(s). Journal of Internal Medicine published by John Wiley & Sons Ltd on behalf of Association for Publication of The Journal of Internal Medicine.
Journal of Internal Medicine, 2026, 299; 570–586

 13652796, 2026, 5, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/joim

.70077, W
iley O

nline L
ibrary on [29/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



HLA risk & pregnancy T1D pathways / S. D. Alipoor et al.

risk is allele-specific and complex and can be
strongly driven by genetic variation (allele-specific
methylation).

In our study, the methylation pattern in T1D pro-
gressors carrying LR HLA alleles was different and
less involved HLA genes. This may suggest involve-
ment of different molecular mechanisms involved
in beta cell destruction and insulin-related dys-
functions in LR carriers.

For example, we observed significant hypomethy-
lation of Rho Guanine Nucleotide Exchange Fac-
tor 11 (ARHGEF11) gene in LR risk carriers. The
genetic variants in ARHGEF11 are highly asso-
ciated with increased risk of T2D and altered
glucose metabolism across multiple populations.
This gene is linked to the increased measures of
insulin resistance such as, fasting plasma glu-
cose (FPG) and fasting insulin [48]. Furthermore,
a recent study reported ARHGEF11 is signifi-
cantly hypomethylated in the cord blood in macro-
somic infants. In that study, altered DNA methy-
lation levels of ARHGEF11 were negatively corre-
lated with glucose levels and neonatal birth weight
[49]. Hypomethylation of this gene and its con-
sequent change in its expression in LR risk car-
riers may increase individual susceptibility for
starting mechanisms that cause disease in the
future.

Calsequestrin (CASQ1) is involved in intracellular
storage and release of calcium, a process that has
been shown tomediate glucose transport. The poly-
morphism of this gene is associated with altered
T2D susceptibility in different populations through
effects on gene expression regulation [60, 61]. In
our study, we observed hypomethylation of this
gene in LR carriers, which may affect the CASQ1
regulation of glucose metabolism through epige-
netic and impact metabolic pathways leading to
beta cell dysfunction.

We also detected a strong hypermethylation of
STX8, ITGA9, and ITPK1 in LR risk carriers com-

pared to HR carriers. Syntaxin 8 (STX8) regulates
insulin granule turnover and secretion in pancre-
atic beta cells, and it is required for its endosomal
trafficking. It has been reported that expression
of SXT8 in visceral adipose tissue is increased in
obese patients with T2D and is linked to insulin
resistance and inflammation [55]. Regarding the
importance of STX8 in insulin homeostasis, dys-
function in this process can disturb insulin levels
and is implicated as a diabetes risk mechanism
[71]. Hypermethylation of STX8 in cord blood DNA
from LR carriers may signal future susceptibility
to beta cell dysfunction via a metabolically related
pathway.

Interestingly, proteomic analyses also revealed
differences in the serum levels of STX8
and members of the ARHGEF gene fam-
ily in low-risk HLA carriers compared with
controls (Fig. S7).

Integrin Alpha-9 (ITGA9) is implicated in inflamma-
tory insulin resistance within muscle and adipose
tissues and mediates cell adhesion and immune
regulation. Recent evidence shows that ITGA9
functions as a receptor for osteopontin released
by endothelial cells during metabolic stress [72].
Binding osteopontin to ITGA9 on macrophages
triggers inflammation, directly impairing insulin-
stimulated glucose uptake in muscle and thereby
intensifying insulin resistance. ITGA9-associated
signaling complexes in adipocytes further influ-
ence the inflammatory microenvironment, modu-
lating tissue insulin sensitivity and diabetes risk
[73, 74].

Inositol-tetrakisphosphate 1-kinase (ITPK1) is a
key modulator of insulin signaling via AKT1
phosphorylation and beta cell insulin production.
ITPK1 plays a critical role in inositol phosphate
metabolism. Compromised ITPK1 impaired glu-
cose tolerance, diminished beta cell mass and
insulin secretion, and increased vulnerability to
diet-induced diabetes and insulin resistance in
mouse models [56, 57].

Fig. 3 Methylation analysis comparing individuals with T1D carrying LR human leukocyte antigen (HLA) alleles to healthy
controls. (a) Volcano plot illustrating the DMGs between the two groups (log FC: blue: <−0.05, red: >0.05). (b) Kyoto Ency-
clopedia of Genes and Genomes (KEGG) pathway enrichment analysis of DMGs (top 10 pathways enriched from the DMGs,
p < 0.05). (c) Network visualization of enriched pathways and associated genes from DMC analysis. The network visualizes
the relationships between enriched biological pathways and their associated genes. Each colored node (circle) represents
either a pathway (in red) or a gene, with the gene nodes color-coded according to their log fold change (log FC) values. The
log FC scale indicates methylation levels. Edges (lines) indicate which genes are involved in which pathways, illustrating
that individual genes can contribute to multiple biological processes. DMGs, differentially methylated genes; HR, high-risk;
LR, low risk; T1D, Type 1 diabetes.
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Fig. 4 Enrichment pathways for the differentially methylated genes (DMGs) discovered from different comparisons. Pathway
enrichment analysis demonstrates that individuals with HR human leukocyte antigen (HLA) alleles (both T1D and NT1D)
show similar epigenetic patterns enriched for autoimmune mechanisms, while T1D individuals with LR HLA alleles exhibit
metabolic pathway enrichment characteristic of Type 2 diabetes. HR, high-risk; LR, low risk; NT1D, other autoimmune
diseases except T1D; T1D, Type 1 diabetes.
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Interestingly, we observed slight hypomethyla-
tion of GAD2 in HR carriers compared to LRs,
which is a major T1D autoantigen [75]. GAD2
encodes the enzyme glutamic acid decarboxylase
65 (GAD65), which catalyzes the conversion of
glutamate to gamma-aminobutyric acid (GABA)
and is critically involved in both the brain and
insulin-producing pancreatic beta cells [75]. Differ-
ent methylation status of this gene in HR carriers
may potentially increase the susceptibility of these
individuals to develop autoimmune T1D later,
whereas further research is needed to support this
link.

Myxovirus resistance 2 (Mx2) expression is
strongly associated with autoimmune diseases,
including SLE, through innate immune mecha-
nisms and interferon (IFN) pathways [54]. T1D is
thought to be triggered by environmental factors,
with enteroviruses identified as prominent stimu-
lators of the disease. MX2 functions downstream
of Type I interferon signaling, a pathway critical
to T1D pathogenesis. Increased interferon activity
has been linked to elevated MX2 expression in
both pancreatic islets and peripheral immune cells
in diabetes models and patients [53, 54].

Interestingly, we observed the pattern of methyla-
tion in MX2 gene was affected by HLA background.
Although it showed a hypomethylated pattern in LR
carriers, it was hypermethylated in the HR ones.
Hypermethylation of MX2 and following decreased
expression may make the beta cells more suscepti-
ble to virus-triggered cell damage and make these
cells vulnerable to viral infections during inflam-
matory (high IFN) periods, possibly increasing the
risk of viral-driven beta cell destruction and pro-
moting autoimmune diabetes. Damaged or dying
beta cells are more likely to release autoantigens,
potentiating or accelerating autoimmune destruc-
tion.

PIK3CD, PTPN22, and IL6 are other genes with dif-
ferent methylation patterns in T1D developer of
varying HLA background and are also known for
important role in T2D development, insulin signal-
ing, and inflammation [76].

Our analysis also revealed significant hyper-
methylation of Dihydropyrimidinase-like 5
(DPYSL5/CRMP5) in the cord blood DNA of T1D-
developing individuals with low to neutral risk
HLA alleles compared to healthy controls, whereas
this was not detected when comparing LR to

HR T1Ds. DPYSL5 is primarily associated with
neurodevelopmental processes [59].

Pathway enrichment analysis of the DMG in these
two groups further confirmed the heterogeneity of
mechanisms in T1D development regarding HLA
background. DMG in HR carriers in both individu-
als with T1D or other autoimmune diseases was
mostly enriched in immune-related mechanisms
and autoimmune disease. This was significantly
different with the pattern of enrichment in T1D
developers that carry an LR HLA. DMG in the latter
group were enriched with metabolic and signaling
pathways and less related to immune pathways.

In addition, our proteomic analyses revealed dif-
ferences between T1D-HR and T1D-LR individu-
als in serum levels of immune-related as well as
metabolic- and stress-related proteins measured at
birth (Figs. S8 and S9). Immune-related proteins
were associated with pathways involved in immune
signaling and regulation, whereas metabolic- and
stress-related proteins were linked to glucose and
lipid metabolism, endoplasmic reticulum stress
responses, and cellular survival. Together, these
findings support early-life biological heterogeneity
across HLA-defined risk groups in individuals who
later develop T1D.

Although our pathway enrichment analysis of
DMGs robustly identifies biologically relevant
immune and autoimmune pathways in HR
HLA carriers versus metabolic/insulin-signaling
pathways in low-to-neutral-risk carriers, inter-
preting the direction of pathway regulation
requires considering the genomic context of
CpGs (e.g., promoter, enhancer, gene body, and
CpG island/shores). Most associated CpGs were
located within gene bodies, where methylation
often is linked to active transcription. However,
we also observed differentially methylated CpGs
upstream of the transcriptional start sites, where
methylation is more associated with transcrip-
tional repression [77]. Thus, the regulatory effect of
hyper- and hypomethylation is context-dependent
and cannot be inferred solely from the direction
of methylation change. Our EWAS, therefore,
emphasizes pathway associations to reveal T1D
mechanistic heterogeneity across HLA risk groups,
rather than inferring direct regulatory impacts.

In our study, functional relevance of gene-level
epigenetic differences was further supported by
proteomic analyses of serum collected at birth,

582 © 2026 The Author(s). Journal of Internal Medicine published by John Wiley & Sons Ltd on behalf of Association for Publication of The Journal of Internal Medicine.
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demonstrating cross-layer consistency between
differential DNA methylation and downstream pro-
tein level (Fig. S7).

Integrating methylation data with transcriptomic
or proteomic (e.g., Olink) profiles would strengthen
regulatory inferences linking methylation to
downstream gene-expression changes. Future
work incorporating these advanced validation
approaches will further deepen our understanding
of T1D mechanistic heterogeneity.

Conclusion

Our study shows several distinct patterns for path-
way enrichment between individuals with HR HLA
who later develop T1D and those who develop
T1D in spite of LR HLA alleles. Those with
HR HLA alleles showed similar epigenetic pat-
terns, as expected, as individuals who developed
other autoimmune diseases, with traits related
to changes in immune reactions. In addition, we
found epigenetic changes indicating that virus
infections during pregnancy may play a role.

The individuals who later developed T1D without
HR alleles have other epigenetic patterns, not least
pathways associated with insulin resistance and
what is seen in individuals with T2D. Several facts
suggest that beta cell stress is of great importance
of the development for T1D [18]. In addition, this
may be of special importance in individuals with-
out high genetic risk of getting T1D.

It seems that a genetic and epigenetic background,
established at birth, may influence the suscep-
tibility of the individual in driving an autoim-
mune or non-autoimmune mechanism in develop-
ing T1D later in life. Prenatal factors such as the
maternal lifestyle and infection history can modify
these genetic and epigenetic predispositions, fur-
ther impacting disease risk.
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