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Background: Type 2 diabetes mellitus (T2DM) is a complex, multifactorial disease with a significant global burden. Although ge-
nome-wide association studies (GWAS) have identified many T2DM-associated variants, most lie in non-coding regions, making 
it difficult to interpret their functional roles.
Methods: We aimed to identify genetically regulated Cytosine–phosphate–Guanine (CpG) sites associated with T2DM by con-
ducting a methylome-wide association study (MWAS), followed by Mendelian randomization (MR) and functional validation 
using human pancreatic cells and mouse models. MWAS was performed using summary statistics from large-scale GWAS and a 
DNA methylation (DNAm) prediction model to test associations between genetically predicted DNAm and T2DM.
Results: We identified 111 CpG sites significantly associated with T2DM in Europeans, including 8 novel sites near genes not pre-
viously linked to T2DM. These findings were replicated in independent datasets. Many CpGs also showed associations with car-
diometabolic traits, highlighting shared epigenetic mechanisms. Trans-ethnic MR analysis confirmed consistent effects for six 
CpGs in East Asians. Functional analysis revealed that several CpGs regulate gene expression in human pancreatic α- and β-cells. 
Among them, 2´-5´-oligoadenylate synthetase like (OASL) expression, regulated by a significant CpG, was differentially ex-
pressed in α-cells of T2DM cases compared to controls. Supporting evidence from mouse models suggests a role for OASL in glu-
cose regulation.
Conclusion: Our study identifies novel genetically regulated CpG sites associated with T2DM risk and highlights OASL as a po-
tential epigenetic regulator of glucose metabolism in α-cells. These findings provide mechanistic insights into the epigenetic ar-
chitecture of T2DM and suggest potential targets for cross-ethnic biomarker development and therapeutic intervention.
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INTRODUCTION

Type 2 Diabetes (T2DM) is a complex multifactorial disease 
with significant global health impact. Genome-wide associa-
tion studies (GWAS) have identified numerous genetic vari-
ants associated with T2DM [1], but understanding the func-
tional mechanisms by which these variants contribute to the 
disease remains challenging. This difficulty arises from the 
polygenic nature of T2DM, the complexity of distinguishing 
causal variants from those in linkage disequilibrium (LD), and 
the fact that most GWAS hits are located in non-coding re-
gions of the genome [2].

Integrated approaches combining GWAS data with func-
tional genomics have been employed to address these chal-
lenges [3]. One such approach is transcriptome-wide associa-
tion studies (TWAS), which leverage expression quantitative 
trait loci (eQTL) to impute gene expression levels and link 
them to phenotypic traits [4,5]. TWAS has successfully uncov-
ered novel gene-disease associations in complex diseases, in-
cluding T2DM, providing insights into disease etiology and 
highlighting potential therapeutic targets [6,7].

The principles underlying TWAS are effectively applicable to 
the study of DNA methylation (DNAm), a pivotal mechanism 
for regulation of gene expression. DNAm involves the addition 
of a methyl group to cytosine residues within Cytosine–phos-
phate–Guanine (CpG) sites, influencing gene activity by alter-
ing the accessibility of transcriptional machinery [8]. Abnor-
mal DNAm levels are associated with various complex diseas-
es, including T2DM, as identified through epigenome-wide 
association studies (EWAS) [9]. Importantly, DNAm is not just 
an epigenetic phenomenon but also a heritable one. Studies 
have demonstrated that CpG methylation possesses a signifi-
cant heritable component, with heritability estimates ranging 
from 16% to 20% [10]. Consequently, many methylation quan-
titative trait loci (meQTL), which are genetic variants affecting 
the DNAm levels, have been identified [11]. The combination 
of DNAm’s heritability and the availability of meQTL data 
paves the way for methylome-wide association studies (MWAS). 
MWAS tests the association between imputed DNAm levels—
based on meQTL from GWAS—and diseases, providing a 
powerful approach to uncover genetically regulated DNAm 
associations with diseases and offering insights into disease 
mechanisms that may not be detectable through traditional 
GWAS or TWAS methods.

Despite its potential, the application of MWAS in T2DM re-

mains unexplored, and studies focusing on non-European 
populations are notably absent. Fryett et al. [10] pioneered the 
construction of a methylation prediction model and identified 
over 700 significant CpGs in primary biliary cholangitis. How-
ever, similar studies in T2DM and diverse populations are 
lacking. This gap highlights the need for MWAS to uncover ge-
netically regulated DNAm associations with T2DM, particu-
larly in underrepresented populations.

To address this gap, we conducted a MWAS to identify CpGs 
where DNAm levels regulated by meQTL are associated with 
T2DM risk in Europeans. We replicated significant findings 
using Mendelian randomization (MR) in independent datasets 
and validated them with measured methylation levels. Addi-
tionally, we evaluated the associations of these CpGs with other 
cardiometabolic traits and assessed their trans-ethnic effects in 
East Asians by leveraging large-scale genomic data from the 
Taiwan Biobank (TWB) [12] and the Asian Genetic Epidemi-
ology Network (AGEN) consortium [13]. The inclusion of 
these datasets strengthens the generalizability of our findings 
by extending the analysis beyond European populations, ad-
dressing the scarcity of MWAS in East Asians. Recognizing 
that both pancreatic β-cells, which produce insulin, and 
α-cells, which secrete glucagon, play significant roles in T2DM 
pathophysiology [14], we integrated methylation and gene ex-
pression data from human pancreatic α- and β-cells to assess 
the associations of gene expression regulated by CpGs identi-
fied in our study with T2DM. Dysregulated glucagon secretion 
from α-cells contributes to hyperglycemia by promoting he-
patic glucose production [15], and DNAm patterns in α-cells 
may influence gene expression related to glucagon secretion 
and glucose metabolism [16]. Therefore, investigating epigen-
etic modifications in both α- and β-cells can provide a more 
comprehensive understanding of T2DM mechanisms. By eval-
uating functional implications using databases of mouse mod-
els, we aimed to elucidate the biological mechanisms underly-
ing these associations. Our study provides novel insights into 
the epigenetic regulation of T2DM and highlights potential 
therapeutic targets.

METHODS

Overview of datasets and models
A comprehensive summary of the datasets and models used in 
this study is provided in Supplementary Table 1, including de-
tails on sample size, ancestry, data type, and references. Our 
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analyses primarily relied on large-scale GWAS summary sta-
tistics for T2DM, including data from the Diabetes Meta-anal-
ysis of Trans-ethnic Association Studies (DIAMANTE) con-
sortium (80,154 T2DM cases and 853,816 controls of Europe-
an ancestry) [17] and the FinnGen study (38,657 cases and 
310,131 controls) [18]. For the MWAS, we employed a DNAm 
prediction model trained using genotype and methylation data 
from the Understanding Society cohort (n=1,120) [19]. meQTL 
information was obtained from the MeQTL EPIC database 
(n=2,358) [11], which provided single-nucleotide polymor-
phism (SNP)-CpG associations profiled using the Illumina 
EPIC array (San Diego, CA, USA). We performed MWAS anal-
yses across ten cardiometabolic traits using trait-specific GWAS 
summary statistics from European populations obtained 
through the GWAS catalog. To assess trans-ethnic generaliz-
ability, we incorporated East Asian datasets, including meQTL 
summary statistics from the TWB (n=2,150) [12] and T2DM 
GWAS summary statistics from the AGEN consortium (77,418 
cases and 356,122 controls) [13]. Functional validation was 
conducted using methylation and gene expression data from 
human pancreatic α- and β-cells in Data portal of The Human 
Pancreas Analysis Program (PANC-DB) (https://hpap.pmacs.
upenn.edu) [20], and further biological insights were derived 
from the Mouse Genome Informatics (MGI) database.

MWAS for type 2 diabetes mellitus
We performed a MWAS to identify CpG sites associated with 
T2DM using S-PrediXcan from the MetaXcan software [21], a 
tool designed for TWAS that leverages GWAS summary statis-
tics to infer associations between imputed molecular traits 
(e.g., methylation levels) and phenotypes. This method does 
not require individual-level genotype or methylation data, 
making it particularly useful for large-scale studies.

S-PrediXcan estimates the association between genetically 
predicted methylation levels and T2DM by integrating: (1) a 
methylation prediction model trained on an independent ref-
erence dataset, which imputes methylation levels using nearby 
meQTLs, and (2) GWAS summary statistics, which provide 
association signals between these meQTLs and T2DM. This 
approach effectively links methylation regulation to disease 
risk while accounting for LD among genetic variants.

The methylation prediction model used in this study was 
developed by Fryett et al. [10], based on data from the Under-
standing Society cohort [19], which includes genotype and 
methylation data from 1,120 individuals. The model applies 

penalized regression techniques, including least absolute 
shrinkage and selection operator (LASSO), ridge regression, 
and elastic net, to predict methylation levels (i.e., β values, 
which represent the proportion of methylated alleles at a par-
ticular CpG site). These methods use genotypic data at nearby 
SNPs within a specific window as predictors for methylation 
levels at CpG sites. The models were optimized using cross-
validation to identify the optimal window sizes and penaliza-
tion parameters to maximize prediction accuracy. Prediction 
accuracy, measured by the correlation between observed and 
predicted methylation levels, was validated using an indepen-
dent dataset from the Accessible Resource for Integrated Epig-
enomics Studies (ARIES) [22], which consists of 841 samples. 
In total, the model predicts methylation levels at over 179,000 
CpG sites, achieving a prediction accuracy greater than 0.1 in 
both the training and validation datasets. Most of the CpGs se-
lected by this threshold achieved the upper bound of heritabil-
ity [10], ensuring the reliability of the predicted methylation 
levels for downstream association testing. 

We used GWAS summary statistics from the DIAMANTE 
consortium, comprising 80,154 T2DM cases and 853,816 con-
trols of European ancestry [17]. The dataset was obtained from 
the DIAbetes Genetics Replication And Meta-analysis (DIA-
GRAM) website (https://diagram-consortium.org/downloads.
html) under the file name ‘Ancestry-specific GWAS meta-
analysis summary statistics: European.’ Using S-PrediXcan, we 
tested the association of methylation levels at 179,523 CpG 
sites with T2DM. CpG sites with association P values below 
2.78×10−7 were considered significant after Bonferroni correc-
tion for multiple testing. Further details on the S-PrediXcan al-
gorithm and its application in MWAS are provided in the Sup-
plementary Methods.

Replication of MWAS results using MR analysis
To strengthen the findings from our MWAS and establish a 
causal relationship between DNAm and T2DM, we used MR 
for replication. MR is particularly well-suited for addressing 
limitations in MWAS by helping to infer causality rather than 
mere association [23]. In the context of our study, MR allows 
us to test whether the CpGs identified as significant in MWAS 
have a causal effect on T2DM, independent of confounding 
factors such as pleiotropy (where a genetic variant affects mul-
tiple traits via different biological pathways).

In this study, we conducted a two-sample MR analysis using 
the inverse-variance weighted (IVW) [24] algorithm, the most 
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widely used method in MR, alongside the MR-Egger [25] inter-
cept test to evaluate the potential effect of pleiotropy. Both IVW 
and MR-Egger tests were conducted using the R package Men-
delianRandomization v0.10.1 (R Foundation for Statistical 
Computing, Vienna, Austria) [26]. The F-statistic [27] and Co-
chran’s Q statistic, derived from the IVW estimate, and its asso-
ciated P value were also calculated using MendelianRandomiza-
tion v0.10.1 to assess weak instrument bias and heterogeneity.

For the MR analysis, we selected CpGs that were significant 
in the MWAS and used meQTL as instrumental variables. The 
association signals for these meQTL with CpGs were obtained 
from the MeQTL EPIC database [11], which contains data on 
724,499 CpGs profiled on the Illumina Infinium Methylation-
EPIC array in 2,358 blood samples from three UK cohorts. We 
chose clumped meQTL with low LD for independence and ap-
plied a false discovery rate <0.05 to exclude weak instrumental 
variables, ensuring robust MR analysis. 

Association statistics of the instrumental variables with 
T2DM were obtained from the FinnGen study [18], another 
large-scale GWAS for T2DM in Europeans, consisting of 
38,657 T2DM cases and 310,131 controls. Importantly, the 
meQTL and T2DM GWAS datasets used in the MR analysis 
were independent from those used in the initial MWAS, en-
suring unbiased replication of the signals. In adhering to the 
key assumptions of two-sample MR, we ensured that the sum-
mary statistics for the Exposure-SNP (i.e., meQTL informa-
tion) and Outcome-SNP (i.e., T2DM associations) were de-
rived from independent but related populations. This approach 
aligns with the principle of using non-overlapping datasets for 
the exposure and outcome in two-sample MR to avoid bias. 

Validation of the CpGs using measured DNAm levels
To validate the signals identified from the MWAS and MR 
analyses, we compared our findings against external studies 
based on measured DNAm levels. For this purpose, we used 
the EWAS Catalog [9], which compiles association statistics for 
CpGs and traits from published EWAS. We downloaded the 
full summary statistics from the Generation Scotland (GS) co-
hort [28], calculated based on 757 incident T2DM cases and 
16,992 controls—the largest T2DM EWAS dataset available in 
the catalog. 

MWAS for cardiometabolic traits
To further explore the broader implications of the CpGs iden-
tified in our study, we extended our analysis to investigate their 

effects on cardiometabolic traits that are closely related to 
T2DM. These traits included body mass index (BMI), fasting 
glucose, glycosylated hemoglobin, systolic blood pressure 
(SBP), diastolic blood pressure (DBP), pulse pressure (PP), to-
tal cholesterol, triglycerides (TG), low-density lipoprotein cho-
lesterol (LDL-C), and high-density lipoprotein cholesterol 
(HDL-C). We accessed GWAS summary statistics for these 
traits in European populations from the GWAS Catalog [29-
33]. Using S-PrediXcan, we then conducted MWAS analyses 
for each trait, employing Fryett’s DNAm prediction model 
alongside the respective trait’s GWAS summary statistics to as-
sess whether the CpGs identified for T2DM also play a role in 
these related cardiometabolic traits.

Trans-ethnic analysis of the significant CpGs
To determine the broader applicability and generalizability of 
our findings beyond the European population, we conducted a 
trans-ethnic analysis to assess whether the CpGs identified in 
our study exhibit consistent effects on T2DM among East 
Asians. This analysis aimed to explore whether the relation-
ships between these CpGs and T2DM hold across different 
ethnicities, which is crucial for validating the global relevance 
of these CpGs. We also used a two-sample MR analysis to in-
vestigate the causal influence of these CpGs on T2DM. The 
meQTL summary statistics were derived from 2,150 samples 
profiled based on the Illumina Infinium MethylationEPIC 
BeadChip, with GWAS data from the TWB [12]. Supplementa-
ry Methods provide in-depth details regarding the QC proce-
dures for the TWB samples and the methodology for comput-
ing the meQTL summary statistics. GWAS summary statistics 
for T2DM were obtained from the AGEN consortium, based 
on a cohort of 77,418 T2DM cases and 356,122 controls [13]. 

Expression quantitative trait methylation and differential 
gene expression analyses 
To investigate whether the significant CpGs function as ex-
pression quantitative trait methylation (eQTM) loci in human 
pancreatic α- and β-cells, we utilized whole-genome bisulfite 
sequencing (WGBS) and RNA sequencing (RNA-Seq) data 
from PANC-DB [20]. Given the essential role of α-cells in glu-
cagon secretion and β-cells in insulin secretion, examining 
DNAm patterns in both cell types is crucial, as their dysfunc-
tion contributes to T2DM pathophysiology [34]. The process-
ing details for the WGBS and RNA-Seq data are elaborated in 
the Supplementary Methods. Our analysis was confined to Eu-
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ropean-descent samples without a diabetes history, comprising 
17 α-cell samples and 10 β-cell samples with both WGBS and 
RNA-Seq data. 

For eQTM analysis, we modeled the transcript per million 
(TPM) for each gene using a linear regression model, account-
ing for age and sex, with R version 4.3.2. The residuals from 
this model were then correlated with methylation levels using 
Kendall’s τ coefficient, with significance determined by a non-
parametric τ test. Given that CpGs often regulate gene expres-
sion from positions upstream, our focus was on CpGs located 
within 100 kb upstream of genes. To maximize the identifica-
tion of potential genes regulated by CpGs, we did not apply 
multiple testing correction at this stage. Instead, genes with 
correlation P<0.05 were selected for further analysis, and mul-
tiple testing correction was performed in the subsequent dif-
ferential gene expression analysis to ensure robust findings. 

To explore the expression dynamics of genes potentially reg-
ulated by the CpGs identified in the eQTM analysis, we con-
ducted a differential gene expression analysis between T2DM 
cases and controls without a diabetes history. This analysis uti-
lized RNA-Seq data from PANC-DB, focusing on samples from 
pancreatic α- and β-cells. Specifically, the dataset included six 
T2DM patients and 26 controls for α-cells, and six T2DM pa-
tients and 22 controls for β-cells. We first adjusted the TPM for 
each gene by age and sex using a linear regression model, then 
derived residuals for further analysis. These residuals were as-
sessed for their association with T2DM status employing a 
permutation test. Detailed methodology of the permutation 
test is elaborated in the Supplementary Methods. Genes that 
exhibited significant associations with T2DM status, as deter-
mined by permutation P values and further adjusted for multi-
ple testing using Bonferroni correction, were earmarked for 
subsequent functional analysis, aiming to uncover the biologi-
cal implications of these expression differences in the context 
of T2DM.

Functional analysis using existing mouse model data
To delve deeper into the functional significance of the genes 
identified in the differential gene expression analysis, we 
searched the MGI database. This comprehensive resource inte-
grates data from the Mouse Genome Database (MGD) [35], 
Mouse Gene Expression Database (GXD) [36], and Mouse Tu-
mor Biology Database (MMHCdb) [37]. Our investigation fo-
cused on examining the phenotypic outcomes of mutational 
changes in these genes, aiming to infer potential implications 

for diabetes pathogenesis and progression. This approach al-
lows us to extrapolate the biological impact of these genes 
based on phenotypic alterations observed in mouse models, 
providing valuable insights into their roles in disease mecha-
nisms.

Ethnics approval and consent to participate
Written informed consent for participants in the TWB was ob-
tained from all participants. Research in this study was approved 
by the Institutional Review Board of the National Health Re-
search Institutes in Taiwan (reference number: EC1091202-E).

RESULTS

Our analysis workflow is illustrated in Fig. 1, and the resources 
utilized throughout our study are detailed in Supplementary 
Table 1. The MWAS and MR analyses primarily leveraged 
GWAS summary statistics from datasets comprising hundreds 
of thousands of samples. 

Identification and replication of CpGs
The MWAS analysis identified 1,120 significant CpGs. For MR 
analysis, we required a minimum of three instrumental meQTL 
per CpG to enable pleiotropy tests, resulting in 495 out of the 
1,120 CpGs being eligible for further analysis. Of these, 111 
CpGs were successfully replicated, showing significant MR 
P<1.01×10−4—considering the 495 tests conducted—without 
evidence of directional pleiotropy (MR-Egger P>0.05) or het-
erogeneity among instrumental variables (Cochran’s Q statistic 
P>0.05). Moreover, all 111 CpGs had F-statistics >10, indicat-
ing that the instrumental variables were sufficiently strong and 
unlikely to introduce weak instrument bias. 

Novelty and genomic context of replicated CpGs
Among the 111 replicated CpGs, eight CpGs are located within 
or proximal to genes not previously highlighted as T2DM can-
didate genes in the GWAS catalog or the Type 2 Diabetes 
Knowledge Portal [38], where candidate genes are defined as 
those with a human genetic evidence (HuGE) score ≥10 [39]. 
Detailed MWAS and MR statistics for these eight novel CpGs 
are presented in Table 1, whereas comprehensive details re-
garding all 111 CpGs can be found in Supplementary Table 2. 
Across MWAS and MR analyses, the direction of effect gener-
ally concurs, where positive effects indicated that higher genet-
ically predicted DNAm levels increased T2DM risk.
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Genetic variants associated with replicated CpGs
Supplementary Table 3 outlines the lead SNPs—those with the 
smallest GWAS P values—associated with each of the 111 
CpGs, identified either in the MWAS as prediction variables or 
in the MR analysis as instrumental variables. These lead SNPs 
generally exhibited significant GWAS P<5×10−8. The median 
proximity of these SNPs to the corresponding CpGs was ap-
proximately 27 kb in the MWAS context and about 51 kb in 
the MR analysis. 

Validation of CpGs using measured DNAm data
Out of the 111 identified CpG sites, eight were successfully val-
idated through measured DNAm levels from the GS study, 
with P< =4.50×10−4. Their summary statistics are shown in 
Table 2. The validation of these CpGs, despite the relatively 
modest cohort size of 757 T2DM cases, suggests that the ge-
netically regulated aspects of methylation at these eight sites 
have a substantial impact.

Fig. 1. Study overview and key findings. Methylome-wide association study (MWAS): Using S-PrediXcan and Diabetes Meta-
analysis of Trans-ethnic Association Studies (DIAMANTE) genome-wide association study (GWAS) summary statistics (80,154 
cases and 853,915 controls), 1,120 cytosine-guanine dinucleotides (CpGs) associated with type 2 diabetes mellitus (T2DM) were 
identified in Europeans. Mendelian randomization (MR): Among them, 111 CpGs were supported by MR analysis using inde-
pendent FinnGen GWAS data (38,657 cases and 310,131 controls). Validation with measured methylation data: Of the 111 CpGs, 
eight were validated using measured DNA methylation data from the Generation Scotland (GS) cohort from the epigenome-wide 
association study (EWAS) catalog (757 cases and 16,992 controls). Cross-trait associations: MWAS analysis of the 111 CpGs with 
10 cardiometabolic traits identified 15 CpGs showing significant associations with T2DM, triglycerides (TG), body mass index 
(BMI), diastolic blood pressure (DBP), systolic blood pressure (SBP), pulse pressure (PP), and low-density lipoprotein cholesterol 
(LDL-C). Trans-Ethnic Replication: Using Asian Genetic Epidemiology Network (AGEN) East Asian GWAS data (77,418 cases 
and 356,122 controls) and methylation data from the Taiwan Biobank Illumina Infinium MethylationEPIC BeadChip (Taiwan 
Biobank [TWB] EPIC) (n=2,150), six CpGs demonstrated trans-ethnic effects. Functional analyses: Expression quantitative trait 
methylation (eQTM) analysis using Data portal of The Human Pancreas Analysis Program (PANC-DB) identified six CpGs in 
α-cells and seven in β-cells. Differential gene expression analysis revealed that 2´-5´-oligoadenylate synthetase like (OASL) was 
significantly regulated in α-cells. Functional relevance of OASL in glucose homeostasis was supported by data from the Mouse 
Genome Informatics (MGI) database. MeQTL, methylation quantitative trait loci; FG, fasting glucose; HbA1c, glycosylated he-
moglobin; TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol. 
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Cross-trait associations of significant CpGs
Fig. 2 presents an upset plot of the MWAS results for the 111 
CpGs across the 10 cardiometabolic traits, illustrating both the 
number of significant CpGs (with P<4.50×10−4 considering 
111 tests) associated with each trait and the intersections 
among these significant CpGs across different traits. Notably, 
TG showed the most substantial overlap with T2DM, featuring 
66 significant CpGs, followed by DBP with 52, and HDL-C 
with 48 significant CpGs within the set of 111. Additionally, 
TG, BMI, DBP, SBP, PP, and LDL-C collectively exhibited the 
most considerable overlap with T2DM, evidenced by 15 CpGs 
being significant across these traits. FG was unique in having 
four distinct significant CpGs that overlapped with T2DM but 
not with the other traits. Supplementary Table 4 contains com-
prehensive details of the MWAS findings.

Trans-ethnic replication in East Asians
Of the 111 significant CpGs, 56 possessed three or more instru-
mental meQTL, identified through the TWB. Among them, 
six CpGs exhibited significant MR effects in the East Asian 
population, achieving MR P values less than =5.74×10−4 
and demonstrating no evidence of pleiotropy (MR-Egger in-
tercept P>0.05) or heterogeneity among instrumental vari-
ables (Cochran’s Q statistic P>0.05). All six CpGs had F-statis-
tics >10. Table 3 shows the six CpGs demonstrating trans-eth-
nic effects in East Asians based on the two-sample MR analy-
sis. Additionally, Table 3 compares the directions of effects of 
these CpGs between European and East Asian populations. 
Notably, all six CpGs showed consistent directions of effect 
across both groups, underscoring their potential biological rel-
evance to T2DM.

Table 1. Significant CpGs in novel genes for type 2 diabetes mellitus

CpG Chromosome Position Gene name
MWAS 
effect 
size

MWAS
 P value

SNPs in 
modela

MR estimate 
(SD)

MR
 P value

Pleiotropy
 P valueb

Heterogeneity
 P valuec

SNPs used 
in MRd

cg27359689 5 75034394 LOC441087-SV2C 1.778 2.90E-10 11 0.039 (0.008) 2.07E-06 6.31E-01 2.25E-01 3

cg16837680 8 8084974 FAM85B 3.202 2.12E-07 12 0.069 (0.016) 8.90E-06 2.45E-01 8.00E-01 5

cg01236304 8 10614369 SOX7-AS1 –1.159 4.18E-09 23 –0.035 (0.005) 1.10E-12 5.30E-01 1.43E-01 33

cg10813958 8 11247920 FAM167A-AS1 –2.390 1.91E-09 20 –0.050 (0.009) 8.15E-09 6.29E-01 3.38E-01 18

cg02034205 8 11382291 BLK 4.248 1.58E-07 13 0.034 (0.008) 1.41E-05 8.96E-01 1.46E-01 21

cg05622566 11 17058241 PLEKHA7-OR7E14P 4.885 1.20E-07 19 0.101 (0.025) 7.14E-05 8.73E-01 2.57E-01 3

cg21805149 14 91871665 CCDC88C –4.877 4.33E-09 44 –0.085 (0.019) 1.02E-05 4.98E-01 5.44E-01 3

cg08228953 19 7979674 TGFBR3L –3.003 7.36E-11 39 –0.078 (0.012) 3.33E-11 6.73E-01 1.70E-01 3

CpG, cytosine-guanine dinucleotide; MWAS, methylome-wide association study; SNP, single-nucleotide polymorphism; MR, Mendelian ran-
domization; SD, standard deviation.
aThe number of SNPs used in the DNA methylation prediction model for the MWAS, bThe P value of the intercept test from MR-Egger, cThe P 
value of the Cochran’s Q statistic, dThe number of instrumental variables used in the MR analysis.

Table 2. CpGs that were validated using samples with measured DNA methylation levels

CpG Chromosome Position Gene name β SE P value

cg06697744 1 39680237 MACF1 0.053 0.014 7.96E-05

cg20885688 5 74956618 ANKDD1B 0.030 0.008 1.49E-04

cg16467757 8 95888145 INTS8 –0.022 0.006 6.92E-05

cg24590165 10 94480397 HHEX-EXOC6 –0.028 0.007 1.35E-04

cg05622566 11 17058241 PLEKHA7-OR7E14P –0.037 0.009 6.98e-05

cg01366692 11 65291439 SCYL1 0.071 0.010 3.54E-12

cg25150715 12 121454808 C12orf43 –0.029 0.007 1.51E-05

cg25839482 15 75931953 IMP3 –0.020 0.004 2.54e-05

CpG, cytosine-guanine dinucleotide; SE, standard error.
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eQTM and differential gene expression analyses
We assessed whether the 111 CpGs could be potential eQTM 
in pancreatic α- and β-cells. In α-cells, six CpGs were found to 
be associated with the expression of six genes (P<0.05). In 
β-cells, seven CpGs were associated with the expression of sev-
en genes. Table 4 shows the results of differential gene expres-
sion analysis between T2DM patients and controls for the 13 

genes identified by the eQTM analyses in pancreatic α- and 
β-cells. Among them, 2´-5´-oligoadenylate synthetase like 
(OASL) was identified as significant with a P value of 2.20E-03, 
surpassing the Bonferroni correction threshold (3.84E-03 for 
13 tests) in α-cells, but no significant associations were found in 
β-cells. Supplementary Fig. 1 displays the residual plot of OASL 
gene expression levels in α-cells, adjusted for age and sex.

Table 3. CpGs with trans-ethnic effects in East Asians

CpG Chromosome Position Gene name MR estimate 
(SD)

MR
 P value

Pleiotropy
 P valuea

Heterogeneity
 P valueb Directionc SNPs used

 in MR

cg00980362 1 39820405 MACF1 3.480 (0.366) 1.91E-21 8.21E-01 1.65E-01 +/+ 3

cg24959793 5 78440068 BHMT-JMY 1.291 (0.265) 1.14E-06 4.36E-01 7.34E-02 +/+ 18

cg16467757 8 95888145 INTS8 2.255 (0.600) 1.72E-04 1.38E-01 1.16E-01 +/+ 4

cg13506600 9 136150361 ABO 1.572 (0.241) 7.21E-11 5.54E-01 9.26E-02 +/+ 10

cg14271713 9 136153846 ABO-SURF6 –3.784 (0.577) 5.41E-11 8.63E-01 6.63E-02 -/- 7

cg06518535 17 46844976 TTLL6 6.880 (1.502) 4.66E-06 2.18E-01 1.86E-01 +/+ 3

CpG, cytosine-guanine dinucleotide; MR, Mendelian randomization; SD, standard deviation; SNP, single-nucleotide polymorphism.
aThe P value of the intercept test from MR-Egger, bThe P value of the Cochran’s Q statistic, cDirections of effects of the CpGs on type 2 diabetes 
mellitus in Europeans and East Asians.

Fig. 2. Intersection analysis of methylome-wide association study (MWAS) findings for 111 cytosine-guanine dinucleotides 
(CpGs) across cardiometabolic traits. This figure presents an upset plot visualizing the distribution of significant CpG sites identi-
fied through MWAS among 10 cardiometabolic traits associated with type 2 diabetes mellitus (T2DM). The ‘set size’ section 
quantifies the significant CpGs associated with each individual trait. The ‘intersection size’ part details the count of CpGs that are 
significant across multiple traits. Traits associated with each significant CpG group are denoted by black dots under the ‘group’ 
category. Key traits include triglycerides (TG), body mass index (BMI), high-density lipoprotein cholesterol (HDL-C), diastolic 
blood pressure (DBP), systolic blood pressure (SBP), pulse pressure (PP), low-density lipoprotein cholesterol (LDL-C), fasting 
glucose (FG), total cholesterol (TC), and glycosylated hemoglobin (HbA1c).
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Functional insights from mouse models
The findings from our database search for functional studies 
on the OASL gene in mouse models are detailed in Supple-
mentary Table 5. We discovered that in previously published 
studies, mutations in the mouse Oasl2 gene were associated 
with reduced circulating glucose levels, indicating a potential 
role in glucose metabolism. 

DISCUSSION

The complexity of T2DM etiology necessitates a comprehen-
sive approach that examines the disease from multiple biologi-
cal dimensions. By integrating data from different omics lay-
ers—genomics, epigenomics, and transcriptomics—our com-
prehensive multi-omics analysis provides significant insights 
into the regulatory mechanisms contributing to T2DM. This 
approach allows us to validate findings across multiple data 
sources, cross-referencing results to enhance the robustness of 
our conclusions.

Our results demonstrated that GWAS-identified SNPs influ-
enced DNAm in blood samples at CpGs that could be located 
tens or hundreds of base pairs away. Notably, certain CpGs we 
identified are likely to regulate gene expression in human pan-
creatic α- and β-cells, and DNAm levels at the CpG cg25150715, 

regulated by T2DM SNPs, may lead to differential gene expres-
sion of OASL in α-cells, when comparing normal controls to 
T2DM patients. Evidence from previous studies using mouse 
models further corroborates the critical roles of OASL in glu-
cose homeostasis, reinforcing the biological relevance of our 
findings.

The identification of eight novel CpGs located in or near 
genes not previously associated with T2DM through GWAS 
highlights the untapped potential of epigenetic modifications 
in revealing new genetic susceptibilities to metabolic diseases. 
For example, the presence of CpGs in genes such as BLK pro-
to-oncogene, Src family tyrosine kinase (BLK) suggests that 
genetically regulated methylation levels may influence β-cell 
function and insulin secretion, as prior research has implicated 
BLK in glucose-stimulated insulin synthesis through upregula-
tion of key pancreatic transcription factors [40]. Although 
Borowiec et al. [40] proposed a strong link between rare BLK 
mutations and monogenic forms of diabetes (MODY), subse-
quent analyses have questioned the penetrance and direct cau-
sality of these mutations [41]. Our findings indicate that meth-
ylation at CpG sites near BLK could serve as an additional reg-
ulatory mechanism affecting insulin secretion pathways, po-
tentially contributing to the risk of T2DM. These epigenetic 
insights complement genetic studies and reinforce the com-

Table 4. Differential gene expression analysis results for genes regulated by eQTM

CpG Regulated gene eQTM
 statisticsa

Differential 
expression
 P valueb

Cell 
type

CpG Chromosome Position Gene Gene Chromosome Start End Tau P value P value

cg01969012 2 27650506 NRBP1 KRTCAP3 2 27666921 27666923 0.568 2.42E-02 8.61E-01 Beta

cg22903471 2 27725779 GCKR GCKR 2 27746304 27746306 –0.539 3.11E-02 1.44E-01 Beta

cg24072567 9 136151571 ABO SURF6 9 136199395 136199397 –0.539 3.11E-02 9.61E-01 Beta

cg14271713 9 136153846 ABO-SURF1 SURF1 9 136218768 136218770 –0.733 2.21E-03 3.01E-01 Beta

cg23243378 11 65406311 SIPA1 RELA 11 65421849 65421851 –0.532 4.05E-02 8.34E-01 Beta

cg20447114 15 42067467 MAPKBP1 PLA2G4B 15 42140056 42140058 –0.517 4.44E-02 8.76E-01 Beta

cg17029706 17 17721645 SREBF1 TOM1L2 17 17750949 17750951 –0.822 3.57E-04 8.68E-01 Beta

cg10276098 8 8859549 ERI1 ERI1 8 8887542 8887544 0.377 4.84E-02 2.17E-01 Alpha 

cg03033453 8 8902869 ERI1 PPP1R3B 8 8998304 8998306 –0.406 2.34E-02 1.21E-02 Alpha

cg02746822 8 10664645 PINX1 XKR6 8 10755462 10755464 0.367 4.25E-02 6.60E-01 Alpha

cg25150715 12 121454808 C12orf4 OASL 12 121458364 121458366 –0.368 4.22E-02 2.20E-03 Alpha

cg01268058 15 75738663 SIN3A PTPN9 15 75761110 75761112 0.400 2.59E-02 2.92E-01 Alpha

cg22292753 17 17655165 RAI1 TOM1L2 17 17750949 17750951 –0.373 3.88E-02 5.98E-01 Alpha

eQTM, expression quantitative trait methylation; CpG, cytosine-guanine dinucleotide.
aThe association statistics between the CpGs and the genes they regulate as eQTM, bThe P values for evaluating genes differentially expressed be-
tween type 2 diabetes mellitus cases and controls using a permutation test.
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plexity of metabolic disease etiology, underscoring the value of 
integrating multi-omics approaches to better understand dis-
ease mechanisms.

Furthermore, the upset plot showing the intersections of sig-
nificant CpGs among 10 cardiometabolic traits provides valu-
able insights into the shared epigenetic basis of these conditions, 
highlighting the substantial overlap of significant CpGs between 
T2DM and traits such as TG, BMI, blood pressure, and LDL-C. 
This overlap reinforces the idea that T2DM is part of a broader 
metabolic syndrome, with these traits being well-established risk 
factors. Epigenetic modifications, such as DNAm, may serve as a 
regulatory mechanism linking these metabolic abnormalities. 
For instance, alterations in DNAm may drive changes in lipid 
metabolism or insulin sensitivity, leading to the dysregulated 
glucose levels observed in T2DM. Hypomethylation of the 
monocyte chemoattractant protein-1 (MCP-1) promoter, for 
example, is linked to increased MCP-1 levels, which promote 
inflammation, exacerbating insulin resistance and lipid metab-
olism dysregulation [42]. This inflammatory response may fur-
ther contribute to metabolic abnormalities like hyperglycemia, 
dyslipidemia, and hypertension in individuals with T2DM. 

The identification of six CpGs with trans-ethnic effects in 
East Asians suggests that these epigenetic markers may be rele-
vant across different populations. The consistent direction of 
effects observed in both Europeans and East Asians enhances 
the generalizability of our findings between these groups and 
indicates that these CpGs could serve as potential biomarkers 
for T2DM risk in these populations. However, further studies 
are needed to examine these associations in additional ethnic 
groups to determine their broader applicability.

The unique expression of OASL in α-cells and its mutation-
induced glucose level reduction highlight a novel link between 
immune mechanisms and metabolic regulation. OASL, 
through its modulation of the type I interferon (IFN) response, 
plays a significant role in the innate immune system’s response 
to various pathogens, including its dual role in enhancing anti-
viral defenses and inhibiting autophagic mechanisms [43]. 
While type I IFN signaling, to which OASL contributes, is in-
volved more directly in type 1 diabetes mellitus in terms of im-
mune system regulation [44], its role in modulating the im-
mune response suggests potential implications for T2DM as 
well, given the chronic inflammation and innate immune sys-
tem dysfunction associated with T2DM. These discoveries un-
derscore the potential of targeting OASL for diabetes manage-
ment, emphasizing the need to understand gene functions 

across cell types for effective interventions.
While our study has uncovered significant associations and 

novel CpGs, it is not without limitations. The sample size for 
some analyses, such as the GS study and PANC-DB, was rela-
tively small, which may affect the generalizability of those find-
ings. Future studies with larger cohorts are necessary to vali-
date our results and to explore the functional consequences of 
methylation changes in greater detail. Moreover, while the 
MWAS and MR associations were observed in whole blood 
samples, we have used human pancreatic α- and β-cells to 
delve into their specific functional roles in relation to the pa-
thology of T2DM. However, investigating the effects in other 
tissue types, including adipose tissue, liver, and skeletal mus-
cles, could provide further insights into the systemic nature of 
T2DM and its epigenetic regulation.

In conclusion, our study underscores the importance of epi-
genetic mechanisms in the etiology of T2DM and related car-
diometabolic diseases. The identification of novel CpGs and 
their association with T2DM risk opens new avenues for re-
search into the genetic and epigenetic underpinnings of meta-
bolic diseases. This could potentially lead to the development 
of novel diagnostic and therapeutic strategies that target the 
epigenetic landscape of T2DM.

SUPPLEMENTARY MATERIALS

Supplementary materials related to this article can be found 
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SUPPLEMENTARY METHODS

Overview of the PrediXcan algorithm
PrediXcan is a computational method designed to understand 
how genetic variations influence phenotypes by exploring the 
underlying mechanism of gene regulation [1]. It specifically ex-
amines the impact of genetically regulated expression (GReX) 
on traits. GReX represents the portion of gene expression in-
fluenced by genetic factors, excluding changes driven by envi-
ronmental factors or disease. Using reference transcriptome 
datasets from studies like Genotype-Tissue Expression (GTEx) 
[2], Genetic European Variation in Disease (GEUVADIS) [3], 
and Depression Genes and Networks (DGN) [4], PrediXcan 
builds predictive models to estimate GReX from genetic vari-
ants (single-nucleotide polymorphisms [SNPs]). These predic-
tions are then tested for associations with phenotypes, reduc-
ing the number of statistical tests compared to traditional ge-
nome-wide association study (GWAS) approaches, as it evalu-
ates gene expression rather than millions of individual SNPs. 
Crucially, PrediXcan doesn’t require actual gene expression 
data from the study population, making it compatible with 
large genetic datasets such as the database of Genotypes and 
Phenotypes (dbGaP). 

Overview of the S-PrediXcan algorithm
S-PrediXcan [5] is an extension of the PrediXcan method that 
allows for the inference of gene-trait associations using only 
GWAS summary statistics, eliminating the need for individu-
al-level genotype and phenotype data. This is particularly use-
ful when individual-level data are unavailable due to privacy 
concerns or study restrictions.

The core principle of S-PrediXcan is that it reconstructs the 
results of PrediXcan by using pre-trained weights that predict 
gene expression from genetic variants. These weights are de-
rived from reference transcriptome datasets, such as GTEx and 
DGN, where gene expression and genetic variation have al-
ready been linked. To implement S-PrediXcan, three key in-
puts are required:
1. Prediction weights: These are coefficients from pre-trained 

models that predict the genetically regulated component of 
gene expression (GReX) based on SNP data. These models 
are trained using resources like GTEx, GEUVADIS, or DGN, 
where genetic variation is correlated with gene expression 
levels across individuals.

2. SNP variance-covariance matrix: This matrix represents 

the linkage disequilibrium (LD) structure between the SNPs 
that contribute to gene expression prediction. It ensures that 
the correlation between SNPs is appropriately accounted for 
during analysis. This information is typically derived from 
reference panels, such as the 1000 Genomes Project or pop-
ulation-specific datasets.

3. GWAS summary statistics: These consist of the effect sizes, 
standard errors, and P values from GWAS for each SNP be-
ing analyzed. Instead of needing individual-level data, S-Pre-
diXcan leverages these summary statistics to infer the rela-
tionship between gene expression and the trait of interest.
Once these inputs are available, S-PrediXcan applies an ana-

lytical formula to combine the prediction weights and GWAS 
summary statistics, generating a predicted expression-pheno-
type association. The key advantage of S-PrediXcan is that it 
avoids the need for directly measured gene expression levels 
from the study population, while still capturing the genetic 
component of expression using the prediction weights.

Notably, the results from S-PrediXcan have been shown to 
closely mirror those obtained from PrediXcan, demonstrating 
high concordance between the two methods. This allows re-
searchers to assess gene-level associations with traits using 
large-scale genome-wide association data without sacrificing 
power or precision.

The Taiwan Biobank cohort
Since its inception in 2008, the Taiwan Biobank (TWB) has 
collected samples over 150,000 individuals aged 20 and above 
[6]. Of these, around 129,000 individuals were genotyped us-
ing the TWB1.0 and TWB2.0 GWAS SNP arrays [7]. TWB1.0 
chips, based on the customized Axiom Genome-Wide Array 
Plate system (Thermo Fisher Scientific, Waltham, MA, USA), 
comprise approximately 653,000 SNPs. TWB2.0 chips expand-
ed upon the TWB1.0 design, encompassing about 750,000 
SNPs. We adhered to the standard GWAS QC procedures, in-
cluding the elimination of SNPs with Hardy-Weinberg Equi-
librium P<10−4, the removal of duplicate samples and closely 
related individuals, and the exclusion of participants with a 
mismatch between self-reported gender and genetic data-esti-
mated biological sex. Post-QC samples were imputed via the 
Michigan Imputation Server, utilizing the 1000 Genomes Proj-
ect phase 3 data as a reference. Subsequent analyses were based 
on a total of 7,369,045 SNPs, each with an imputation Rsq >0.3 
and a minor allele frequency >1%. 

In the Taiwan Biobank, approximately 2,300 individuals with 
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GWAS data underwent genome-wide methylation profiling 
using the Illumina Infinium MethylationEPIC BeadChip (re-
ferred to as TWB EPIC; San Diego, CA, USA). After standard 
QC procedures [8], 2,150 unrelated individuals and 761,617 cy-
tosine-guanine dinucleotides (CpGs) remained. Briefly, the 
QC procedures was conducted using the ‘bigmelon’ R package 
(R Foundation for Statistical Computing, Vienna, Austria) [9], 
which involved removing outlier samples via principal compo-
nent analysis, excluding samples with low bisulfite conversion 
rates, and normalizing the data with the ‘dasen’ function. Fur-
ther QC steps included discarding samples with significant 
post-normalization changes and those with a high proportion 
of undetected CpG sites. After a second normalization, outlier 
CpG values were set to missing, and any samples or CpGs with 
excessive missing data were removed. Finally, probes affected 
by common genetic variations, cross-hybridization issues, or 
located on sex chromosomes were removed. 

The methylation quantitative trait loci (meQTL) mapping 
was conducted using the software tensorQTL [10]. This tool, 
which utilizes graphics processing unit (GPU) acceleration, 
significantly enhances the speed of both cis- and trans-QTL 
mapping—by roughly 200 to 300 times—when compared to 
central processing unit (CPU)-based approaches. Our analysis 
focused on cis-meQTL mapping for the 111 independent and 
significant CpG sites identified in our European methylome-
wide association study (MWAS), using samples from the Tai-
wan Biobank. For each CpG site, SNPs located within 1 MB 
were examined for their association with DNA methylation 
(DNAm) levels at these sites, employing a linear regression 
model that adjusted for age, sex, and smoking status. These 
SNPs were further refined using PLINK’s --clump option [11], 
based on their association P values, to ensure that the LD r2 be-
tween retained SNPs was less than 0.2. This process yielded 
39,882 SNP-CpG pairs. SNPs that had association P values less 
than 1.25×10−6—to adjust for the multiple tests performed 
across the 39,882 pairs—were identified as meQTLs for the 
111 CpG sites. In total, 685 meQTL were discovered, and their 
association statistics were subsequently utilized in Mendelian 
randomization analyses focused on the East Asian population.

The PANC-DB dataset
PANC-DB serves as an open-source repository designed for the 
storage, dissemination, and visualization of cellular and mo-
lecular data produced by the Human Pancreas Analysis Pro-
gram (HPAP), thereby enhancing the accessibility of genomic 

and islet function data for the diabetes research community 
[12]. It integrates three main facets: data management and ac-
cess, computational biology and data science, and communica-
tion and outreach efforts. HPAP, a key component of the Hu-
man Islet Research Network (HIRN), focuses on the detailed 
phenotyping of the human endocrine pancreas to uncover the 
processes leading to beta-cell loss or dysfunction in both type 
1 diabetes mellitus and T2DM. We acquired DNAm data, de-
rived from whole-genome bisulfite sequencing, and gene ex-
pression data, obtained through RNA sequencing (RNA-Seq) 
of pancreatic α- and β-cells, from PANC-DB. Analysis of the 
DNAm data revealed DNAm levels at 82 of the 87 CpGs iden-
tified in our MWAS, which were subsequently analyzed.

For the RNA-Seq data, we adhered to the mRNA Analysis 
Pipeline (https://docs.gdc.cancer.gov/Data/Bioinformatics_
Pipelines/Expression_mRNA_Pipeline/) from the National 
Cancer Institute Genomic Data Commons (GDC). This pipe-
line begins with an Alignment Workflow that uses the Spliced 
Transcripts Alignment to a Reference (STAR) tool to imple-
ment a two-pass alignment method. Each read group is 
aligned separately by STAR, then merged to produce a com-
prehensive alignment, incorporating a splice junction detec-
tion step as recommended by the International Cancer Ge-
nome Consortium (ICGC). The result is a genomic binary 
alignment/map (BAM) file containing both aligned and un-
aligned reads. QC is rigorously applied before alignment with 
FastQC and after alignment with Picard Tools. Finally, feature-
Counts [13] is utilized to generate raw counts, from which 
transcript per million (TPM) values are calculated for gene ex-
pression analysis.

In our study, we conducted a differential gene expression 
analysis by comparing the mean TPM values between T2DM 
patients and control individuals without a history of diabetes. 
We first adjusted the TPM for each gene by age and sex using a 
linear regression model, then derived residuals for further 
analysis. Given the limited size of the sample, we employed a 
permutation test to assess the association between these resid-
uals and T2DM status. Specifically, we calculated the difference 
in mean TPM values between the T2DM and control groups. 
In the permutation test, we randomly shuffled the diabetes sta-
tus among the samples and recalculated the mean TPM differ-
ence for each permutation. This process was repeated 10,000 
times. The permutation P value was determined by the fraction 
of permutations where the absolute mean difference was great-
er than the absolute observed mean difference.
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Supplementary Table 2. Summary statistics for significant and independent CpGs identified by MWAS and MR for type 2 diabe-
tes mellitus
https://view.officeapps.live.com/op/view.aspx?src=https%3A%2F%2Fe-dmj.org%2Fupload%2Fmedia%2Fdmj-2025-0041-Supplementary-Table-2.
xlsx&wdOrigin=BROWSELINK

https://view.officeapps.live.com/op/view.aspx?src=https%3A%2F%2Fe-dmj.org%2Fupload%2Fmedia%2Fdmj-2025-0041-Supplementary-Table-2.xlsx&wdOrigin=BROWSELINK
https://view.officeapps.live.com/op/view.aspx?src=https%3A%2F%2Fe-dmj.org%2Fupload%2Fmedia%2Fdmj-2025-0041-Supplementary-Table-2.xlsx&wdOrigin=BROWSELINK
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Supplementary Table 3. Lead SNP information from the MWAS and MR analyses

CpG Chromosome Position
MWAS MR

Lead SNP DIAMANTE
 P value Weighta Distanceb Lead SNP FinnGen

 P value
MeQTL
 P value Distanceb

cg03179008 1 39620300 rs3768301 2.81E-25 –4.39E-05 –250,493 rs16837533 1.21E-08 9.23E-117 83,547

cg06697744 1 39680237 rs16837533 1.03E-19 2.31E-03 –23,610 rs1775654 9.57E-08 6.44E-28 269,843

cg08719237 1 39728532 rs16826069 2.81E-25 –1.10E-03 –68,523 rs56809193 1.51E-08 3.01E-62 –119,234

cg00980362 1 39820405 rs61779275 1.07E-25 –3.77E-04 95 rs16837533 1.21E-08 1.76E-40 –116,558

cg21619813 1 219679937 rs2820441 8.56E-16 –2.53E-04 –55,023 rs59584436 6.00E-09 4.51E-34 –15,309

cg06162668 2 638091 rs1320330 5.72E-09 4.54E-04 15,866 rs4854331 1.20E-04 1.06E-43 –20,470

cg01969012 2 27650506 rs780094 9.59E-22 2.90E-04 –90,731 rs7564625 2.42E-03 3.06E-39 211,891

cg05102552 2 27650867 rs780110 1.67E-11 2.91E-03 –34,521 rs4665986 2.66E-04 5.39E-73 104,301

cg22903471 2 27725779 rs3845687 1.68E-08 8.56E-04 35,880 rs3749147 5.27E-04 6.67E-25 126,139

cg10337841 2 27747795 rs780110 1.67E-11 6.31E-04 62,407 rs780105 8.27E-06 8.93E-46 –69,324

cg16965262 2 43633292 rs10186921 1.70E-07 1.58E-03 –11,264 rs6544654 3.65E-05 5.89E-18 276

cg05010058 2 65284262 rs2540951 1.73E-15 –3.77E-04 7,526 rs12468907 7.85E-03 7.94E-11 110,230

cg05293897 2 226913713 rs2713538 2.51E-24 1.17E-05 –220,803 rs60271363 1.75E-09 3.96E-40 –13,391

cg04891645 2 227050097 rs10439362 3.28E-34 –5.02E-03 23,361 rs952227 1.76E-19 1.12E-60 11,983

cg10397322 3 23244051 rs1496653 2.49E-17 –9.56E-04 –210,739 rs1496653 1.81E-10 2.37E-65 210,739

cg18257541 3 23244062 rs1496653 2.49E-17 –9.24E-04 –210,728 rs11926494 1.10E-06 5.83E-22 14,552

cg10632094 3 23244068 rs1496653 2.49E-17 –7.74E-04 –210,722 rs1908475 1.10E-06 5.00E-18 24,088

cg24311743 3 23244116 rs9863600 1.51E-10 –5.61E-07 53,284 rs4422335 1.40E-05 1.45E-09 –56,709

cg16258503 3 63850278 rs704362 2.13E-11 –2.77E-04 –28,062 rs11922435 1.33E-04 1.18E-04 140,529

cg16021135 3 123130669 rs6798189 5.28E-26 2.17E-03 35,357 rs7612096 1.48E-05 1.54E-84 5,579

cg12781915 3 185544099 rs6444082 3.56E-35 2.25E-03 7,876 rs28485641 1.47E-08 2.89E-15 –132,483

cg01899937 4 185723505 rs12504993 9.67E-14 1.68E-05 5,019 rs6552828 1.03E-07 8.36E-12 1,911

cg20885688 5 74956618 rs6864091 7.46E-13 –1.05E-03 –53,384 rs6881648 9.75E-07 3.06E-100 35,231

cg27359689 5 75034394 rs42302 6.66E-12 –1.05E-03 68,840 rs7715806 1.66E-04 8.58E-171 –7

cg17746515 5 78439992 rs2364594 1.69E-10 7.73E-04 –13,907 rs35893235 3.49E-04 8.34E-62 154,825

cg24959793 5 78440068 rs2121107 2.05E-10 1.00E-03 –27,936 rs1717565 4.67E-04 4.11E-108 301

cg19277069 5 102089501 rs258244 2.42E-08 –1.12E-04 –72,250 rs58786975 9.67E-05 2.17E-04 –511,391

cg26671988 5 102089760 rs17296280 8.02E-11 4.22E-03 –270,987 rs58786975 9.67E-05 3.25E-11 –511,650

cg12989544 6 153429875 rs9371676 2.93E-07 –3.14E-03 –16,090 rs9397581 7.32E-04 8.82E-64 –46,285

cg16837680 8 8084974 rs2921077 9.14E-09 –3.69E-04 –219,528 rs2976940 7.88E-03 2.60E-31 194,488

cg14469574 8 8365789 rs2288673 2.07E-09 2.78E-04 –494,487 rs2979208 3.03E-04 2.08E-23 –179,622

cg20987067 8 8747297 rs2956244 5.36E-10 –7.63E-04 –137,869 rs399123 8.27E-04 3.73E-52 240

cg10276098 8 8859549 rs2921383 4.41E-10 4.64E-03 –32,672 rs587328 1.46E-05 1.25E-05 950,173

cg03033453 8 8902869 rs7005133 3.02E-09 –3.41E-04 1,647 rs6601299 3.23E-05 2.06E-12 281,822

cg13288100 8 8915148 rs7853 9.62E-10 –2.03E-04 24,334 rs2979256 2.38E-04 4.41E-58 –43,438

cg00184457 8 8946301 rs2921383 4.41E-10 –3.59E-04 54,080 rs2979241 5.54E-04 5.48E-14 –642,948

cg05566310 8 9807662 rs60384372 7.88E-13 –3.12E-04 –166,922 rs3750310 1.39E-05 6.42E-30 475,764

cg03502219 8 9978949 rs17689007 5.62E-13 –1.02E-03 4,125 rs28712068 2.77E-05 3.95E-34 272,196

cg01048752 8 10001523 rs35013996 3.73E-08 4.18E-03 54,378 rs35437983 4.52E-03 2.45E-22 3,530

cg07426455 8 10199561 rs17151859 7.07E-08 1.47E-07 –38,419 rs28406568 1.03E-04 1.05E-33 –6,337

(Continued to the next page)
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CpG Chromosome Position
MWAS MR

Lead SNP DIAMANTE
 P value Weighta Distanceb Lead SNP FinnGen

 P value
MeQTL
 P value Distanceb

cg01236304 8 10614369 rs28570522 1.26E-10 –1.95E-03 –16,199 rs73203359 1.16E-04 5.26E-06 –312,386

cg08673857 8 10634343 rs11250078 1.86E-08 9.45E-05 –32,238 rs1876511 5.68E-03 1.02E-04 –755,060

cg02746822 8 10664645 rs7350075 2.75E-08 2.59E-03 39,646 rs615632 2.72E-04 4.92E-30 –868,324

cg06325495 8 10767745 rs7016385 4.31E-11 1.47E-03 –11,727 rs4841282 2.61E-04 1.30E-48 –792,141

cg18477422 8 10773493 rs4841457 2.84E-11 –1.12E-02 –18 rs34741518 4.18E-05 3.44E-36 3,367

cg14919250 8 10917293 rs4841486 8.03E-07 5.77E-04 5,804 rs11986122 1.24E-03 1.02E-26 –907,344

cg21725652 8 10918152 rs2409685 4.83E-07 3.59E-04 8,959 rs56159799 2.12E-03 2.74E-06 –596,398

cg18317842 8 10921502 rs4642600 4.43E-08 –9.99E-05 –91,523 rs11986122 1.24E-03 3.79E-18 –911,553

cg09697033 8 10929599 rs11783749 5.87E-11 5.20E-04 127,544 rs11986122 1.24E-03 1.80E-14 –919,650

cg25014118 8 10948462 rs4841495 2.20E-10 4.77E-04 –10,362 rs4841660 1.59E-03 4.07E-25 879,841

cg17016032 8 11020264 rs17782536 5.43E-09 9.73E-04 –1,418 rs17725534 8.17E-04 2.28E-48 –10,595

cg10813958 8 11247920 rs6980481 1.00E-08 –8.38E-03 3,079 rs2409716 3.50E-04 8.02E-49 –237,172

cg02034205 8 11382291 rs2618443 9.82E-08 –9.92E-04 –2,265 rs28380506 6.61E-03 9.46E-12 –926,523

cg20677018 8 41508391 rs13262861 3.04E-26 8.71E-03 –186 rs2977864 6.46E-07 9.77E-14 –12,077

cg09232650 8 41523757 rs508419 5.43E-27 –1.08E-02 766 rs13254454 8.49E-03 1.34E-46 –22,195

cg16467757 8 95888145 rs12548874 3.17E-11 2.19E-03 –47,019 rs6991067 5.36E-06 1.68E-55 –12,469

cg22283921 8 95961819 rs10097617 2.44E-14 –3.04E-03 193 rs2515140 9.31E-05 2.44E-15 –649,477

cg21160290 9 136149941 rs505922 3.65E-12 –6.25E-03 712 rs9411475 1.43E-04 1.29E-17 –22,673

cg13506600 9 136150361 rs505922 3.65E-12 –2.60E-03 1,132 rs633862 1.92E-09 1.84E-62 5,083

cg12855781 9 136150585 rs657152 2.75E-10 –4.98E-04 11,320 rs630014 9.26E-05 1.34E-13 –863

cg11698867 9 136150802 rs582118 6.00E-12 –2.25E-04 5,331 rs630014 9.26E-05 1.12E-24 –1,080

cg07241568 9 136150823 rs582118 6.00E-12 –2.25E-04 5,352 rs635634 1.09E-06 1.14E-56 4,177

cg24072567 9 136151571 rs582118 6.00E-12 –2.36E-03 6,100 rs1179011 9.12E-06 9.36E-24 34,812

cg14271713 9 136153846 rs505922 3.65E-12 4.90E-04 4,617 rs630014 9.26E-05 6.98E-23 –4,124

cg05289649 10 80925798 rs1613299 2.32E-26 1.00E-02 –28,987 rs35339173 1.58E-05 6.34E-238 –20,879

cg21213154 10 80927984 rs10824724 2.22E-10 –1.48E-03 4,102 rs703994 3.34E-08 5.70E-26 –1,948

cg24340021 10 94304119 rs3118967 1.00E-12 –3.88E-05 95,372 rs201503938 1.61E-04 1.43E-33 –89,105

cg24590165 10 94480397 rs1832886 6.67E-61 1.72E-03 2,858 rs7903302 5.22E-18 2.09E-49 –50,886

cg00782718 11 2197180 rs4929965 9.67E-23 1.02E-03 –106 rs11042978 2.22E-04 1.25E-34 1,238

cg05622566 11 17058241 rs10832731 7.71E-09 –1.94E-03 –39,454 rs739689 3.33E-03 6.66E-06 359,263

cg01366692 11 65291439 rs11601767 2.49E-12 –6.53E-04 –24,943 rs1783541 5.49E-03 9.91E-08 3,360

cg23243378 11 65406311 rs1075692 5.42E-09 3.94E-04 193,864 rs78712280 1.78E-03 2.15E-35 157,192

cg14286243 11 68867220 rs10896415 1.69E-07 8.52E-03 27,886 rs3750971 2.19E-05 8.34E-189 –36,513

cg25903143 11 68920466 rs1060435 2.35E-07 6.11E-03 64,871 rs10896402 2.49E-04 3.93E-61 –94,149

cg14036981 11 68920648 rs1060435 2.35E-07 8.86E-03 65,053 rs10896402 2.49E-04 2.78E-115 –94,331

cg25179853 11 68924577 rs1060435 2.35E-07 1.08E-04 68,982 rs72932523 1.31E-05 1.23E-48 –18,457

cg23740940 11 68924746 rs1060435 2.35E-07 6.51E-03 69,151 rs61881115 3.38E-03 2.22E-16 72,479

cg00048149 12 26472528 rs11048458 3.01E-10 1.49E-03 6,943 rs10842716 9.17E-05 9.24E-35 26,959

cg07742264 12 121419635 rs2708081 1.24E-09 –2.39E-03 –43,653 rs1169309 8.72E-12 3.41E-09 19,557

cg25150715 12 121454808 rs1169302 5.37E-16 –7.19E-04 22,506 rs1169302 2.96E-13 1.00E-12 –22,506

Supplementary Table 3. Continued
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CpG Chromosome Position
MWAS MR

Lead SNP DIAMANTE
 P value Weighta Distanceb Lead SNP FinnGen

 P value
MeQTL
 P value Distanceb

cg00090265 12 133140305 rs11147192 2.39E-07 –9.04E-05 79,756 rs11147192 2.22E-03 1.61E-63 –79,756

cg27454283 13 51095835 rs9316500 3.45E-08 –4.78E-03 1,721 rs2182784 1.34E-04 2.42E-19 37,586

cg21805149 14 91871665 rs10134560 1.32E-08 1.44E-04 –58,487 rs7146002 6.53E-04 9.19E-39 7

cg16461996 15 41822953 rs2412619 4.75E-12 9.88E-04 –3,044 rs1200352 2.27E-03 4.69E-36 8,423

cg08686008 15 41876221 rs1023193 2.30E-08 –7.01E-03 20,485 rs28506183 9.32E-03 1.27E-75 310,724

cg20447114 15 42067467 rs4924576 3.13E-09 1.16E-04 –52,126 rs2616 9.55E-04 2.11E-18 –21,807

cg14158153 15 42141147 rs2297378 1.85E-07 9.79E-05 324,957 rs13380315 1.09E-03 4.41E-20 –20,710

cg01268058 15 75738663 rs35134156 3.88E-11 1.05E-03 –1,576,769 rs11638974 1.53E-04 1.02E-39 60,643

cg25839482 15 75931953 rs13737 1.77E-10 –4.51E-04 –176 rs6495182 7.14E-05 5.12E-20 –117,565

cg12679965 15 75932781 rs13737 1.77E-10 –2.60E-03 652 rs11638974 1.53E-04 1.13E-18 –133,475

cg23627990 15 77364890 rs35134156 3.88E-11 6.86E-04 49,458 rs62008430 9.65E-09 4.85E-32 202,936

cg08075384 15 77779509 rs11629835 2.03E-13 –1.14E-03 –7,960 rs7119 1.22E-09 5.31E-12 –1,877

cg02931208 15 77866341 rs12593111 1.80E-17 4.55E-03 12,667 rs2682922 6.09E-08 1.15E-25 –1,335

cg10846857 15 77907603 rs4886889 2.83E-11 1.14E-03 5,256 rs11632729 2.16E-08 4.06E-39 –185,597

cg01959774 16 290115 rs6600204 4.95E-12 –2.65E-03 –10,062 rs7189326 2.50E-03 2.28E-28 23,291

cg01474600 16 315564 rs6600204 4.95E-12 –6.69E-04 15,387 rs7189326 2.50E-03 1.08E-150 –2,158

cg03598338 16 75300041 rs8054218 7.22E-20 6.32E-04 47,880 rs55993634 8.42E-14 1.60E-73 –63,278

cg04987608 16 75300043 rs7202877 9.75E-20 1.50E-04 52,798 rs8046145 2.38E-07 2.00E-76 –5,022

cg18059928 16 75300238 rs8056814 7.60E-25 6.97E-04 47,911 rs3743614 2.60E-07 1.45E-34 –19,280

cg15598217 17 4001879 rs8068804 1.31E-13 –1.88E-03 16,015 rs2074991 2.15E-04 6.09E-10 –163,253

cg05511978 17 4092306 rs17763551 2.51E-13 –1.12E-03 209,997 rs35050090 8.96E-09 2.95E-43 –44,088

cg22292753 17 17655165 rs11655029 2.08E-11 –1.55E-03 5,993 rs117908897 7.86E-04 9.14E-48 –70,019

cg17029706 17 17721645 rs12946913 1.14E-10 3.01E-04 15,313 rs8076747 1.79E-05 5.46E-73 131,950

cg22116239 17 17741676 rs1108646 6.85E-11 –2.41E-03 –9,802 rs75035298 2.28E-04 3.97E-59 –268,662

cg06518535 17 46844976 rs35895680 1.08E-15 3.35E-04 –215,346 rs7217007 1.34E-07 1.06E-35 –279

cg08228953 19 7979674 rs3679 4.61E-12 –4.40E-03 1,244 rs2303700 2.29E-08 2.55E-44 –3,145

cg02942825 19 46185348 rs112128231 4.49E-09 –1.19E-03 –3,009 rs34642101 3.41E-07 1.13E-37 –21,358

cg09118261 20 32568722 rs4911414 3.33E-10 2.28E-04 –160,722 rs6141433 3.17E-04 7.58E-47 –19,860

cg17113955 20 32610490 rs1007090 1.01E-10 6.76E-04 27,619 rs6059685 2.51E-05 9.23E-41 121,167

cg03567001 20 32668840 rs1007090 1.01E-10 –2.00E-04 85,969 rs2747568 1.44E-03 3.22E-14 –275,840

cg17746527 20 48834262 rs11699802 8.84E-12 4.74E-04 2,127 rs4253439 2.15E-07 2.88E-46 –26,251

SNP, single-nucleotide polymorphism; MWAS, methylome-wide association study; MR, Mendelian randomization; CpG, cytosine-guanine dinucleotide; DIA-
MANTE, Diabetes Meta-analysis of Trans-ethnic Association Studies; MeQTL, methylation quantitative trait loci.
aWeight of the SNP in the DNA methylation prediction model, bDistance of the SNP to the CpG: A negative value indicates that the SNP is upstream of the CpG, 
while a positive value indicates that the SNP is downstream of the CpG.
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Supplementary Fig. 1. Box plot illustrating the residuals of 
2´-5´-oligoadenylate synthetase like (OASL) gene expression, 
adjusted for age and sex, in pancreatic alpha cells across the 
normal and type 2 diabetes mellitus (T2DM) groups. The dis-
played P value signifies the difference in means between the 
two groups, determined through a permutation test.
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