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ABSTRACT
Investigating the role of DNA methylation in the development of pancreatic cancer (PC) 
may facilitate identification of potential targets for both diagnosis and treatment. We 
carried out a comprehensive epigenome-wide Mendelian randomization (EWMR) analy
sis to investigate the correlation of genetically predicted blood CpG sites with PC. 
Following this, we conducted various sensitivity analyses and repeated analyses using 
different selection criteria for instrumental variables and conditional Bayesian colocaliza
tion to guarantee the reliability of the results. External validation and a meta-analysis 
were then performed to further validate these results. Next, we conducted CpG site 
enrichment analysis, overlap with phenome-wide association studies (PheWAS) catalog 
analysis, overlap with epigenome-wide association studies (EWAS) Toolkit analysis, and 
drug target analysis to explore the enrichment, biological functions, and potential 
therapeutic targets associated with these sites. Finally, we used the SMR-IVW software 
to perform mediation analysis, aiming to uncover potential tumorigenesis pathways of 
PC at the transcriptional level from three distinct perspectives. Results showed 253 CpG 
sites passing sensitivity analysis were significantly associated with PC and 159 CpG sites 
were validated in at least one replication. After meta-analysis, 38 CpG sites were retained, 
and all 253 CpG sites were classified into three tiers. Among these, cg26373071 
(CLPTM1L), cg14271713, cg11652496 (PSTPIP1), and cg20575191 (PSTPIP1) were placed 
in tier 1 with strong support. Finally, this study identified genetic susceptibility linked to 
253 PC-related CpG sites. This study provides insights into the disease’s origins and 
underscores potential targets for future research.
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Introduction

Pancreatic cancer (PC) is essentially one of the leading causes of tumor-related deaths, with an increasing 
incidence and a 5-year survival rate of approximately 13%, which drops to around 3% in metastatic cases 
[1]. The poor survival outcomes are primarily attributed to the tumor’s aggressive behavior and the absence 
of early clinical symptoms, often resulting in delayed diagnosis [2]. Approximately 80% of patients receive 
a diagnosis at an advanced, inoperable stage, leading to a median overall survival (OS) of roughly 4 months 
regardless of the stage at diagnosis [3]. However, even in cases of resectable pancreatic cancer, outcomes 
remain poor as postoperative recurrence and chemotherapy resistance are frequently observed [4,5]. 
Therefore, uncovering biomarkers with a causal link to PC risk is crucial, as they may provide important 
insights into the disease’s pathogenesis and contribute to improved risk assessment and the development of 
new treatment strategies.

DNA methylation (DNAm) primarily occurs at cytosine residues within dinucleotide sequences, espe
cially 5-methylcytosine (5mC) in mammals [6,7]. In large-scale genetic studies, blood samples are fre
quently used to assess DNA methylation because they are easily accessible, minimally invasive to collect, and 
blood-based DNAm plays a significant role in inter-tissue communication. Methylation levels at specific 
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CpG sites have been strongly associated with various complex traits and phenotypic characteristics [8–11]. 
Furthermore, several case–control studies of PC have investigated differences in DNAm in blood leukocytes 
between patients and healthy individuals, identifying numerous CpG sites associated with the disease [12– 
14]. These studies suggest that DNAm biomarkers may enhance the understanding of the epigenetic 
processes and molecular mechanisms associated with PC. However, the observational nature of these 
studies weakens the robustness of their findings, as they may be influenced by possible reverse causality 
and confounding factors [15].

Recent studies on large-scale genetic effects on DNAm have broadened the understanding of DNAm 
quantitative trait loci (meQTL) [16–18], enabling the inference of causal links between blood DNAm 
sites and the risk of PC. This can be achieved using two-sample Mendelian Randomization (MR), 
wherein genetic variants or single-nucleotide polymorphisms (SNP) related to exposure were employed 
as instrumental variables (IVs) to mimic the design of randomized controlled trials [19–21]. MR has 
gained popularity as a method for investigating causal relationships in disease outcomes due to its 
reduced vulnerability to confounding factors and reverse causality. For instance, it can be used to 
evaluate the role of peripheral metabolites, circulating proteins, and gut microbiota in the development 
of PC [22–24]. Additionally, as an extension of the MR framework, EWMR studies explore the role of 
genetically predicted blood CpG sites in disease development. Earlier research has effectively utilized 
EWMR with meQTLs to identify CpG sites causally associated with various diseases or phenotypes, such 
as aging [25,26]. Therefore, integrating meQTL data with genome-wide association studies (GWAS) for 
PC allows evaluation of the causal effect of molecular changes on the development of PC by using two- 
sample MR.

In this study, we employed cis-meQTL data to perform an EWMR analysis on 420,509 CpG sites, 
aiming to identify blood-based CpG sites linked to PC. To verify our key findings, we conducted 
sensitivity analyses, conditional Bayesian colocalization, replication studies, and meta-analysis. We 
then carried out chromatin state, functional, and pathway enrichment analyses for the CpG sites 
which were identified through EWMR as being associated with PC and validated in at least one 
replication phase. Additionally, overlap with PheWAS catalog analysis and overlap with EWAS 
Toolkit analysis were employed to explore whether these CpG sites were linked to other diseases 
or phenotypes. We also evaluated functional and clinical significance of the identified CpG sites by 
using druggable gene target analysis. Finally, we used multivariable Mendelian Randomization 
(MVMR) to conduct mediation analysis, incorporating multiple dimensions of expression quantitative 
trait loci (eQTLs).

Methods

Study overall design

Figures 1 and 2 show the whole workflow a of this study. In summary, more than 420 thousand CpG sites 
data derived from Genetics of DNA Methylation Consortium (GoDMC) were employed for a two-sample 
EWMR in the primary discovery phase. Then, to refine and broaden our initial findings, we implemented 
a four-step analytical approach. In the first step, sensitivity analyses (e.g., heterogeneity, pleiotropy, and 
steiger directionality), along with repetitions with varying IVs selection criteria and conditional Bayesian 
colocalization analysis, were executed. In the second step, external validation was used to confirm the 
primary EWMR results, and meta-analysis was executed to integrate the experimental and validation 
results. In the third step, we performed CpG site enrichment analysis, overlap with PheWAS catalog 
analysis, overlap with EWAS Toolkit analysis, functional and pathway enrichment analysis, and drug target 
analysis to explore the enrichment, functions, and therapeutic relevance of the PC-associated CpG sites 
which were identified through EWMR and validated in at least one replication phase. In the final step, we 
applied mediation analysis using SMR-IVW software to infer potential tumorigenesis pathways at the 
transcriptional level for the PC-associated CpG sites identified through EWMR and validated in at least one 
replication phase. P-values were tuned by using the Bonferroni or Benjamini–Hochberg false discovery rate 
(FDR) method to correct for multiple tests in our study. All analyses followed the STROBE-MR guidelines 
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Figure 1. Study design flowchart. Flowchart of the study design. MR, Mendelian randomization; CpG sites, Cytosine- 
phosphate-Guanine sites; GoDMC, Genetics of DNA Methylation Consortium; meQTL, DNA methylation quantitative trait 
locus; MAF, Minor Allele Frequency; LD, Linkage Disequilibrium; MHC, Major Histocompatibility Complex; UKB, UK Biobank; 
IV, instrumental variable; N_cases, Number of cases; N_controls, Number of controls; FHS, Framingham Heart Study; NSPT, 
National Survey of Physical Traits; BBJ, Biobank Japan; EWAS, Epigenome-wide Association Study, PheWAS, Phenome-wide 
association study; GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; DGIdb, Drug Gene Interaction 
Database; ECTM, Encyclopedia of Traditional Chinese Medicine; MVMR, Multivariable MR.
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Figure 2. CpG sites selection flowchart. Flowchart of final putative CpG sites selection EWMR, Epigenome-wide Mendelian 
randomization; cis-meQTL, cis-acting DNA methylation quantitative trait loci; MAF, Minor allele frequency; LD, Linkage 
disequilibrium; MHC, Major histocompatibility complex; IVW, inverse variance-weighted.
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[27]. The data of our analysis was derived from public GWAS summary statistics. This study involved no 
newly collected data, and no new ethical approval was required.

Datasets and genetic instrument

In the primary discovery phase, summary statistics from the GWAS of PC were downloaded from 
the UK Biobank (https://www.nealelab.is/uk-biobank), wherein the data of over 360,000 participants 
were involved. In this study, PC was defined as malignant pancreas tumor, and pancreatic ductal 
adenocarcinoma is a typical one. Statistics of genetic associations with blood-based DNAm were 
sourced from the GoDMC, which integrates 36 cohorts and provides data on DNAm quantitative 
trait loci (meQTLs) associated with 420,509 CpG sites in whole blood from 27,750 European 
participants (http://mqtldb.godmc.org.uk) [17]. We applied the following criteria to filter the 
extracted meQTLs: a. meQTLs that exhibited a genome-wide significant association (p < 1e-8) 
with any CpG sites; b. meQTLs with a minor allele frequency (MAF) >0.01; c. a control linkage 
disequilibrium (LD) r2 of <0.3 within a 10 Mb window; d. cis-acting meQTLs defined as those with 
an SNP-CpG distance of less than 1 MB; e. sex chromosomes and meQTLs located inside the major 
histocompatibility complex (MHC) region (Chromosome 6, 31–33 Mb) were excluded; f. to remove 
weak IVs, F-statistics were determined by F=R2� N� 2ð Þ

1� R2ð Þ
and R2= 2�β2�EAF� 1� EAFð Þ

2�β2�EAF� 1� EAFð Þþ2�SE2�N�EAF� 1� EAFð Þ
, 

where R2 denotes the proportion of CpG site variability explained by each instrument, SE denotes 
standard error, N denotes the quantity of participants, EAF denotes the effect allele frequency, and 
β denotes the estimated effect of the SNP, which allows us to assess whether the SNP can reliably 
predict the result [28, 29]. meQTLs with F-statistics below 10 were excluded. g. cis-meQTLs were 
not directly associated with PC, meaning that the P-value of putative SNPs in the GWAS of PC was 
greater than 1e-5. The participants in both GWAS studies were of European ancestry and all had 
received the appropriate ethical approval for their involvement.

EWMR and sensitivity analysis

All data analysis was achieved by using R (version 4.4.1), and the EWMR analysis was achieved by using 
the ‘TwoSampleMR (version 0.6.6)’ package [30] and ‘MendelianRandomization (version 0.10.0)’ 
package [31]. Herein, the Wald ratio and inverse variance-weighted (IVW) methods were employed 
as the primary MR methods, as they are the most effective when all IVs are valid [32]. To explore the 
causal effects of genetic variants, we used the Wald ratio method when one IV was available only. For 
analyses involving multiple IVs, we employed the IVW method, which combines the individual SNP 
ratio estimates by meta-analysis. Before the MR analysis, the exposure and outcome datasets were 
aligned by utilizing the ‘harmonise_data’ in the ‘TwoSampleMR’ package. In this way, only SNPs 
common to both exposure and outcome datasets were included, while automatically excluding SNPs 
with strand ambiguity or palindromic sequences. Finally, we adjusted the P-values from the EWMR 
analysis with the Bonferroni correction, considering associations significant if their Bonferroni cor
rected p < 0.05. To assess heterogeneity across instruments, we applied Cochran’s Q statistic, with p <  
0.05 indicating significant heterogeneity. Additionally, to detect horizontal pleiotropy, we conducted the 
MR-Egger regression intercept analysis, applied the MR-PRESSO method for pleiotropy detection, and 
performed the MR-PRESSO global test [33,34]. As part of the sensitivity analysis, four additional MR 
methods, including weighted median, MR-Egger, weighted mode, and generalized inverse variance 
weighted (gIVW), were employed. The gIVW result was conducted using ‘MendelianRandomization’ 
R package. This method incorporated genetic correlation into IVW model. In order to account for 
potential bias in IV selection, we repeated the analysis using different IV inclusion thresholds, modify
ing the LD r2 cutoffs to 0.001, 0.01, 0.1, and 0.2, respectively. To rule out potential MR signals arising 
from reverse causation, where changes in DNAm could be a result of the outcome phenotype (e.g., PC), 
we conducted the MR Steiger directionality test [35], which evaluates the inferred causal direction in 
MR analysis. Any signals suggesting a reversed causal relationship were excluded from further analysis. 
In general, we considered CpG sites with Bonferroni corrected p < 0.05 and those passing all sensitivity 
analysis in the discovery phase as the EWMR-identified PC-associated CpG sites. The detailed steps of 
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the sensitivity analyses and how they fed into the final set of selected CpG sites are shown in Figure 2. 
In addition, we performed a Pearson correlation analysis of the effect estimates (β) between the IVW 
method and each of four additional MR methods to re-examine the sensitivity of the EWMR-identified, 
PC-associated CpG sites.

Conditional Bayesian colocalization

Genetic colocalization employs a Bayesian framework to assess the probability (PP.H4) that molecular traits 
and the outcome share a common causal variant, suggesting overlapping genetic signals [36]. This method 
is essential for reducing false positives in MR analysis by detecting and excluding associations driven only by 
LD or horizontal pleiotropy. All PC-associated CpG sites identified by EWMR were subsequently examined 
using Bayesian colocalization methods. In this step, the ‘coloc’ R package was used to investigate whether 
specific CpG sites and PC could share a common causal variant [37]. At each locus, we evaluated the 
posterior probabilities for five hypotheses: (PP.H0) no association with either the CpG site or PC; (PP.H1) 
association with the CpG site only; (PP.H2) association with PC only; (PP.H3) associations with both the 
CpG site and PC driven by distinct causal variants; and (PP.H4) associations with both the CpG site and PC 
attributable to a shared causal variant. A colocalization probability (PP.H4) greater than 70% was con
sidered strong evidence for colocalization. Since GWAS data related to PC tend to be noisy, whereas cis- 
meQTLs generally display robust genetic signals, the overall colocalization probability (PP.H4) might be 
underestimated, and the probability that a signal is detected solely from the meQTL (PP.H1) could be 
overestimated. To mitigate this potential bias arising from differing statistical power between the exposure 
and outcome traits, we calculated a conditional colocalization probability defined as conditional PP.H4 =  
PP.H4/(PP.H3 + PP.H4), with the assumption that the PC contains a genetic signal in the region when 
a significant MR association is observed. CpG–PC pairs with a conditional PP.H4 above 70% were also 
considered indicative of potential colocalization [26].

Validation analyses

We validated our findings from the primary discovery phase using a three-phase validation approach. In the 
first replication phase, we substituted the exposure data with cis-meQTLs from the Framingham Heart 
Study (FHS), which included over 415,000 DNAm CpG sites in whole blood samples from 4170 European 
ancestry individuals (https://ftp.ncbi.nlm.nih.gov/eqtl/original_submissions/FHS_meQTLs/) [16]. In 
the second replication phase, we used GWAS data for PC from the R12 release of the FinnGen consortium 
(https://www.finngen.fi/en) as the outcome replacement [38], which enrolled more than 500 thousand 
European individuals. These datasets had adequate sample sizes and broad SNP coverage. All studies above 
were conducted with European populations, and samples of exposure–outcome pairs were not overlapped, 
as each was derived from distinct research cohorts. As a result, the selection of these datasets adhered to the 
assumptions necessary for valid MR analysis and ensured their appropriateness for replication. The filtering 
process for cis-meQTLs was consistent with the discovery phase. Standard sensitivity analyses were also 
performed. Furthermore, in the third replication, the GWAS data for both exposure and outcome were 
replaced by GWAS data from East Asians. For this phase, cis-meQTLs were sourced from the National 
Survey of Physical Traits (NSPT) cohort (https://www.biosino.org/node/project/detail/OEP002902), which 
included 3523 Han Chinese participants and 811,876 CpG sites in whole blood [18]. Meanwhile, the GWAS 
data for PC were obtained from Biobank Japan (BBJ) (https://pheweb.jp/), with 499 cases and 159,201 
controls [39]. Additionally, to expand the scope of our analysis, we explored CpG methylation sites that did 
not demonstrate significant associations with PC in the discovery phase by utilizing alternative GWAS 
datasets. Finally, a meta-analysis was conducted by utilizing the ‘metagen’ function from the ‘meta’ 
R package to integrate the MR estimates with the discovery phase and the three replication phases, 
considering the aggregated results as the final evidence for external validation. To determine whether to 
use a fixed-effect or random-effect model, we assessed heterogeneity across the studies using the I2 statistic 
[40]. When I2 < 50%, we selected the fixed-effect model; when I2 ≥50%, we chose the random-effect model 
[41]. Then, EWMR-identified PC-associated CpG sites were categorized into three tiers on the basis of the 
strength of evidence from colocalization and replication analyses: a. Tier 1 CpG sites: those with FDR- 
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adjusted p < 0.05 in the meta-analysis validated in at least one of the three replication phases, exhibiting 
consistent effect directions across both the discovery and validation phases and having a conditional 
colocalization PP.H4 greater than 0.7; b. Tier 2 CpG sites: those that met the same criteria as Tier 1 but 
had a conditional colocalization PP.H4 below 0.7; c. Tier 3 CpG sites: those that did not replicate in the 
external validation phase.

Chromatin states enrichment analysis

To gain deeper insight into the characteristics of CpG sites identified as causally linked to PC, we conducted 
a chromatin state enrichment analysis for the identified CpG sites based on the 25 Roadmap epigenomic 
annotations [42]. We conducted enrichment analysis on the CpG sites identified by EWMR, which had 
P-values under 0.05 and passed all sensitivity tests during the discovery phase as well as the three replication 
phases. These were categorized into GoDMC-UKB pairs, GoDMC-Finngen pairs, FHS-UKB pairs, and 
NSPT-BBJ pairs. Furthermore, enrichment analysis was performed on validated EWMR-identified PC- 
associated CpG sites, referred to as GoDMC-UKB-Bonferroni-adjusted-validated pairs. The enrichment 
analysis was achieved by the Fisher’s exact test, with results considered significant if the FDR-adjusted p  
< 0.05.

Function and pathway enrichment

To explore the biological relevance of genes associated with the validated EWMR-identified PC-related CpG 
sites, we utilized the ‘IlluminaHumanMethylation450kanno.ilmn12.hg19’ R package for mapping of gene 
symbols to these CpG sites. Additionally, enrichment analysis was achieved by utilizing the ‘clusterProfiler’ 
R package, focusing on gene ontology (GO) terms (e.g., biological processes, molecular functions, and 
cellular components) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways [43,44]. This 
enrichment analysis evaluated whether certain genes were disproportionately represented in specific path
ways compared to the expected random distribution, based on the ratio of background genes related to each 
pathway. Pathways or functional categories with FDR-adjusted p < 0.05 were considered significantly 
enriched.

Overlap with PheWAS catalog analysis

To investigate potential links between the validated EWMR-identified PC-associated CpG sites and 
different disease phenotypes, we analyzed the PheWAS catalog (https://phewascatalog.org), which includes 
data on 1358 phenotypes from the 13,835 European individuals participated in the eMERGE Network [45]. 
The PheWAS catalog was searched for meQTLs associated with validated EWMR-identified PC-related 
CpG sites, which were sourced from the GoDMC meQTL database. The analysis was limited to cis-acting 
meQTLs (with an SNP-CpG distance of <1 MB) that met the significance threshold of p < 1e-8 in the 
GoDMC database. Additionally, these meQTLs were further filtered to include only those present in the 
GWAS Catalog [46]. SNPs were considered to be significant in the PheWAS catalog if they had a P-value 
below 3.7e-5 (0.05/1,358), applying a Bonferroni correction for the 1358 phenotypes tested. For those SNPs 
deemed significant, we conducted an additional PheWAS search using the UKBiobank ICD PheWeb 
(https://pheweb.org/UKB-SAIGE/) [47] to validate the results from the initial PheWAS analysis.

Overlap with EWAS Toolkit analysis

To further investigate whether the validated EWMR-identified PC-associated CpG sites are linked to major 
diseases or phenotypes, we mined the EWAS Toolkit, a collection of one-step online analysis tools, to 
identify CpG sites related to traits in the EWAS Toolkit (https://ngdc.cncb.ac.cn/ewas/toolkit) [48]. We 
overlapped the validated EWMR-identified PC-associated CpG sites with those reported in the EWAS 
Toolkit and used Fisher’s exact test to determine whether the validated EWMR-identified CpG sites were 
enriched among those linked to disease phenotypes in the EWAS Toolkit. FDR-adjusted p < 0.05 was 
considered to be statistically significant.
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Druggable gene target analysis

To identify clinically relevant druggable targets, we examined both approved and investigational drugs that 
interact with genes uniquely mapped to the validated EWMR-identified PC-associated CpG sites (DGIdb, 
https://dgidb.org/) [49]. We also queried the CLUE app (https://clue.io/) in the Connectivity Map suite, 
developed by the Broad Institute, to cross-reference and validate our findings for the same gene set [50]. 
Additionally, as Traditional Chinese Medicine plays a significant role in modern drug research and 
development, we explored the herb targets and formula targets of those genes through the Encyclopedia 
of Traditional Chinese Medicine (ETCM, http://www.tcmip.cn/ETCM/) [51].

MVMR and mediation analysis

Recognizing the complexity of malignant tumor development and the plausibility that DNAm exerts 
primarily indirect effects through transcriptional regulation, we applied MVMR to apportion the 
observed association (θT) between validated EWMR-identified PC-associated CpG sites and PC into 
direct (θD) and gene expression–mediated indirect (θM) components (θT ¼ θD þ θM). The mediation 
proportion (MP) was calculated using the formula: MP ¼ θM

θT
. This approach followed a three-sample 

MVMR framework, utilizing a SMR-IVW tool (https://github.com/masadler/smrivw) [52]. By combin
ing molecular QTL data with GWAS statistics, the SMR-IVW tool implements an MVMR approach to 
quantify how DNAm influences complex traits through gene expression. The MeQTLs for whole blood 
were obtained from the GoDMC consortium, while the GWAS data for PC in whole blood were 
retrieved from the UK Biobank. Both datasets in summary statistics-based Mendelian randomisation 
(SMR) format were generated from the original GWAS summary data using SMR 1.3.1 [53]. To 
investigate the mediation of gene expression, we considered three distinct dimensions. In the first 
dimension (whole-blood DNAm → whole-blood transcripts in cis → PC), we sourced the full whole- 
blood cis-eQTL data (16,987 genes in 31,684 mostly healthy individuals) in SMR format from the 
eQTLGen Consortium (https://www.eqtlgen.org/cis-eqtls.html) [54]. In the second dimension (whole- 
blood DNAm → blood single-cell transcripts in cis → PC), we obtained summary statistics for single- 
cell cis-eQTLs (https://zenodo.org/records/14968281) generated by the jaxQTL model [55] from the 
OneK1K cohort. This dataset includes scRNA-seq profiles from 1.27 million PBMCs collected from 982 
individuals [56]. In the third dimension (whole-blood DNAm → pancreas transcripts in cis → PC), we 
used cis-eQTL data in pancreas tissue from the V8 release of the Genotype-Tissue Expression (GTEx) 
Consortium (https://yanglab.westlake.edu.cn/software/smr/#DataResource). The GTEx project provides 
RNA sequencing and genotype data from whole-genome sequencing (WGS) across 15,201 samples 
representing 49 tissue types collected from 838 postmortem donors [57]. Transcript mediators were 
selected based on their proximity to the corresponding CpG site, within 500 kb (i.e., in cis), and their 
potential causal relationship with the CpG. A causal relationship was confirmed if univariable MR 
analysis showed a significant CpG effect on the transcript, with MR p < 0.05. LD was set to r2 = 0.3, 
consistent with the EWMR process. Other parameters used in the mediation analysis with the SMR- 
IVW tool were kept at their default settings. Finally, we presented results for both the top mediator and 
all the selected mediators in cis for each CpG site.

Results

EWMR identified 253 PC-associated CpG sites in the discovery phase

SNPs with p > 1e-8 and/or meQTLs on the sex chromosomes in the MHC region were excluded in the 
discovery phase. After applying this filter, 167,823 CpG sites and 51,637,120 cis-meQTLs remained. We 
then performed LD clumping and removed IVs with F-statistic <10 or MAF < 0.01, resulting in 167,760 
CpG sites with 1,939,516 SNPs for harmonization. After harmonizing and excluding SNPs directly linked to 
PC, we retained 1,912,674 SNPs as valid IVs for 166,037 CpG sites in the primary MR analysis. 1–254 cis- 
meQTLs served as instruments for each CpG site. Comprehensive results can be found in Table S2.
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After correcting for multiple testing with Bonferroni-corrected p < 0.05, 538 CpG sites showed 
a statistically significant association with PC. Upon conducting heterogeneity, horizontal pleiotropy analysis 
and Steiger directionality test, 423 of these CpG sites remained significant. Of the 423 CpG sites, 82 showed 
significant in all the four additional MR methods, including weighted median, gIVW, MR Egger, and 
weighted mode, 341 CpG sites hadn’t show significant in either one of the four methods. After setting the 
LD r2 threshold to 0.001 for the 341 CpG sites and performing EWMR, we identified 171 significant CpG 
sites. When combined with the 82 CpG sites that were significant across all four additional MR methods, 
this yielded a final set of 253 EWMR-identified, PC-associated CpG sites. Results from these analyses are 
shown in Figures 2-4 and Table S1.

To confirm our primary findings, the MR analysis was repeated on the 253 EWMR-identified PC- 
associated CpG sites using other four different LD clumping thresholds (r2 = 0.001, 0.01, 0.1, and 0.2). In 
1788 replicated tests, none showed an effect direction that contradicted the initial results. The number of 
confirmed CpG sites varied with the LD threshold, ranging from 196 (77.47%) at r2 = 0.01 to 237 (93.68%) at 
r2 = 0.2. Notably, 162 CpG sites (64.03%) were consistently replicated across all four LD clumping settings. 
These findings are depicted in Figure 5, with complete details provided in Table S9. In addition, significant 
correlations of the effect estimates between the IVW/Wald ratio and each of four additional MR methods 
confirm the stability of the putative EWMR-identified, PC-associated CpG sites (Supplementary Figure S1).

Conditional colocalization analysis

To determine whether the detected association of genetically predicted CpG sites with PC is caused by 
a shared causal variant rather than by LD, we performed colocalization analysis. Among the 253 EWMR- 
identified PC-associated CpG sites, 21 (8.30%) CpG sites had PP.H4 exceeding 0.7; however, 195 (77.06%) 
CpG sites had conditional PP.H4 exceeding 0.7. The detailed results are presented in Figure 6 and Table S10. 
Notably, null results from colocalization do not necessarily weaken the conclusions drawn from MR 
analyses [58].

Validation analysis

To verify the stability of the key associations found in the discovery phase, we performed replication analysis 
on the basis of additional datasets. As shown in Figure 5, when the cis-meQTL data were obtained from FHS 
and the selection criteria were applied (see methods section above) in Phase 1, we ultimately retained 
119,806 CpG site-PC pairs for MR analysis (Table S4). After performing a sensitivity test, 113 (44.66% of the 
253 EWMR-identified PC-associated CpG sites) CpG sites were successfully replicated in phase 1 (detailed 
results in Table S3).

When the GWAS data for PC were retrieved from FinnGen R12 and the selection criteria were applied in 
Phase 2, we obtained 164,957 CpG site-PC pairs for MR analysis (Table S6). After performing a sensitivity 
test, 74 (29.25% of the 253 EWMR-identified PC-associated CpG sites) CpG sites were successfully 
replicated in phase 2 (detailed results in Table S5).

When both cis-meQTL and GWAS data for PC were obtained from an East Asian ancestry cohort and 
the criteria were applied to select cis-meQTLs in Phase 3, we ultimately obtained 249,405 CpG site-PC pairs 
for MR analysis (Table S8). After performing a sensitivity test, 24 (9.49% of the 253 EWMR-identified PC- 
associated CpG sites) CpG sites were successfully replicated in phase 3 (detailed results in Table S7).

Notably, 159 CpG sites (62.85% of the EWMR-identified PC-associated CpG sites) were successfully 
replicated in at least one of the replication phases. A subsequent meta-analysis was performed to synthesize 
the MR estimates derived in the discovery phase and the replication phase. After aggregating effect sizes and 
adjusting P-values using the FDR approach, the results indicated that 38 CpG sites and PC had significant 
associations (Figure 2 and Table S11).

Based on the collective findings, the circulating CpG sites were categorized into three distinct tiers (refer 
to methods section for details). Of these, four CpG sites ranked in the top tier, as evidenced by both 
colocalization and replication results. Among the 4 tier 1 CpG sites, cg14271713 (intergenic, 
chr9:136150031-136151365, S shelf), cg11652496 (PSTPIP1, chr15:77324520-77324759, gene body, island), 
and cg20575191 (PSTPIP1, chr15:77324520-77324759, gene body, island) showed consistent causation 
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direction across the discovery phase, replication phase 1, and replication phase 2. Cg26373071 (CLPTM1L, 
gene body) showed consistent causation direction between the discovery phase and replication phase 1.

Notably, cg26373071 (CLPTM1L) exhibited not only a conditional colocalization PP.H4 above 0.7 but 
also a colocalization PP.H4 above 0.7, providing strong evidence for its association with PC. For CpG sites 

Figure 3. Main results of EWMR identified 538 PC-associated CpG sites in the discovery phase. Presentation of MR results for 
causal relationship between CpG sites and PC in discovery phase. A Manhattan plot showing the -log10(P) of IVW/Wald ratio 
method for each CpG site on PC plotted on the y-axis against genomic positionon on the x-axis. Red dots represent the 253 
CpG sites which had passed the sensitivity analysis. Red dotted line corresponds to the false discovery rate threshold of 5% 
after Bonferroni correction. PC, Pancreatic cancer; MR, Mendelian randomization; IVW, Inverse variance-weighted; B Stacked 
colunm chart illustrating the number of MR-identified 538 CpG sites.
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Figure 4. Volcano plot of EWMR identified 538 PC-associated CpG sites in the discovery phase. Volcano plot showing MR 
results for causal relationship between CpG sites and PC in discovery phase. The y-axis represents the -log10(P) of IVW/Wald 
ratio method, and the x-axis indicates the effect size (beta) of the MR estimates. Red dots denote significant CpG sites that 
passed the sensitivity analysis with positive effect estimates (beta >0), while green dots represent significant CpG sites that 
passed the sensitivity analysis with negative effect estimates (beta <0). The red dotted line marks the false discovery rate 
threshold of 5% after Bonferroni correction. The top 10 CpG-gene pairs with the smallest (most negative) and largest (most 
positive) beta values are annotated on the plot.

Figure 5. Validation results. Venn plots showing proportion of 253 CpG sites that EWMR identified and passed sensitivity 
analysis. A validated with different LD criteria and B validated in different replication phases.
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with tier 2 evidence, there were no evidence supporting that. The remaining 249 CpG sites were classified as 
tier 3 (Figure 2 and Table S11).

The meta-analysis results and categorization details for the EWMR-identified PC-associated CpG sites 
are outlined in Table S11.

Chromatin states, function, and pathway enrichment

To explore the characteristics of the 159 validated EWMR-identified CpG sites associated with PC, 
we executed an enrichment analysis by utilizing online datasets (https://egg2.wustl.edu/roadmap/ 
web_portal/) [41]. The analysis results revealed that the likely causal CpG sites for PC were 
primarily found in bivalent promoter (PromBiv), promoter upstream of TSS (PromU), and repressed 
polycomb (ReprPC) regions. In contrast, these sites were underrepresented in the promoter down
stream of TSS 1 (PromD1) quiescent genomic regions (Supplementary Figure S2). To investigate the 
potential involvement of genes related to these identified CpG sites in specific biological pathways, 
we executed functional enrichment analysis by utilizing GO terms and KEGG pathways. The most 
significantly enriched terms included calcium channel activity and calcium ion transmembrane 
transporter activity (molecular function) (Supplementary Figure S3).

Overlap with PheWAS catalog analysis

Among the 159 validated CpG sites identified by EWMR as being associated with PC, we identified 
210,827 significant cis-meQTL SNPs (p < 1e-8) using data from the GoDMC database [17]. 
Associations of these SNPs with 1358 traits included in the PheWAS Catalog were explored [44]. 
Following the application of a Bonferroni correction (threshold = P < 0.05/1,358), we discovered 78 
significant SNP-phenotype associations, involving 26 unique cis-meQTL SNPs associated with 16 
unique CpG sites (see Table S12). Out of these 26 SNPs, 18 were found in the MHC region (chromo
some 6, 31–33 Mb; Table S12). The remaining eight SNPs, located outside the MHC region, were 
primarily associated with lipid metabolism disorders, such as hyperlipidemia, hypercholesterolemia, 
and disorders of lipoid metabolism. Conversely, the 18 SNPs in the MHC region were mostly 
associated with autoimmune disorders, including rheumatoid arthritis, systemic lupus erythematosus, 
multiple sclerosis, celiac disease, and diabetes and its complications. All SNPs were compared with the 
GWAS Catalog (https://www.ebi.ac.uk/gwas/downloads). A secondary PheWAS analysis, using UK 
Biobank ICD PheWeb [46], was conducted for these SNPs (Supplementary Figure S4). The results 

Figure 6. Conditional colocalization analysis results. Manhattan plot showing conditional Bayesian colocalization signals for 
the 253 CpG sites with colored dots that EWMR identified and passed the sensitivity analysis. Red dots correspond to 195 
CpG sites that showed colocalized signals. The top 10 colocalized CpG sites with smallest p value were annotated with the 
CpG site names and corresponding UCSC RefGene Name.
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confirmed the associations with lipid metabolism disorders and immune-related diseases. For example, 
consistent with the PheWAS Catalog, rs2647044 (mapped to HLA-DRB1) showed strong associations 
with type 1 diabetes (p = 6.10e-57) and celiac disease (p = 0), while rs693 (annotated with APOB) was 
associated with hypercholesterolemia (p = 1.20e-12) and hyperlipidemia (p = 1.90e-12) in large-scale 
GWAS datasets.

Overlap with EWAS Toolkit analysis

From the 159 validated CpG sites identified through EWMR as being associated with PC, we identified 
associations with 41 distinct phenotypes in the EWAS Atlas (see Table S13). These phenotypes encompass 
a wide range of conditions, including aging, multiple sclerosis, B acute lymphoblastic leukemia with dic 
(9;20)(P11;Q13), smoking, and Down syndrome, as well as Primary sjögren’s syndrome (Pss), colorectal 
laterally spreading tumor.

Enrichment analysis revealed that these validated PC-associated CpG sites were significantly over
represented in the phenotypes mentioned above (see Supplementary Figure S5 for the top 20 based on 
adjusted P-values). Significant enrichments included a 4-fold increase for aging (p = 1.46e-15), 4-fold 
increase for smoking (p = 9.78e-11), and a 8-fold increase for multiple sclerosis (p = 1.18e-11), as well as 
a 86-fold increase for educational attainment. Of all phenotypes, aging and smoking were associated with 
the highest number of overlapping CpG sites, 21 and 16, respectively, while educational attainment 
exhibited the greatest fold enrichment, 86-fold (p = 0.000279).

Druggable gene target analysis

Of the 89 genes annotated to the 159 validated EWMR-identified PC-associated CpG sites, 27 of these genes 
were mapped to a total of 476 drug compounds, identified through integration with various drug databases 
via DGIdb. Additionally, analysis using the ConnectivityMap (CMap) resource revealed 34 compounds 
corresponding to 10 of these genes. Notably, eight genes were found to have drug targets in both datasets, 
including CACNA1D, TERT, IL6, APOB, CACNA1A, CASR, ABAT, RXRB, all of which are targeted by at 
least one approved therapeutic agent for various medical conditions. Furthermore, data from the ECTM 
herbal medicine database identified nine herbal compounds targeting genes within this set of 12 genes. 
Complete details are summarized in Table S14.

MVMR and mediation analysis

To explore how gene expression might mediate the relationship between the 159 validated CpG sites 
(identified through EWMR as being associated to PC and validated in at least one of the three replication 
phases) and disease progression, we conducted MVMR and mediation analysis. This analysis incorporated 
three mediator layers and applied MVMR models to assess both exposure and mediator effects on the 
outcome. Our findings identified 118 genes as potential mediators based on the direct MR causal effect 
estimates when considering only the primary mediator (top mediator). For example, in the relationship 
between the whole-blood CpG cg12403698 and PC risk, CACUL1 accounted for almost 40% MP when 
restricted to the top mediator. When considering all cis mediators, cg12403698 showed a similar MP 
estimate for PC risk. Another example is in CD8+ effector memory T cells within PBMCs: in the relation
ship between cg03698956 and PC risk, RP11-77H9.2 accounted for about 17% MP for the protective 
association with PC risk when restricted to the top mediator; when considering all cis mediators, 
cg03698956 showed a similar MP for this protective association.

Detailed mediation results, including those based on models incorporating all selected mediators, are 
provided in Supplementary Table S15. Regarding the direct and total effect estimates, Supplementary Figure 
S6 shows that they are highly correlated both when only the top mediator is considered and when all cis 
mediators are included.
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Discussion

Extensive research of DNA methylation has been devoted to identifying new biomarkers that could improve 
risk evaluation and treatment strategies for PC [12,59,60]. However, the majority of earlier studies relied on 
EWAS, which lacked the statistical power due to limited sample sizes to clarify the causal relationship 
between CpG sites and PC. Although recent large-scale genetic studies have demonstrated that certain CpG 
sites exert causal effects across multiple diseases or traits in both Asian and European populations, PC has 
not yet been included in these analyses [17,18]. Considering these points, it is valuable to clarify the causal 
relation of blood CpG sites and PC, with the goal of efficiently identifying potential diagnostic biomarkers 
and therapeutic targets through MR that offer strong supporting evidence and reduced susceptibility to 
confounding.

In this study, we identified eligible cis-meQTLs meeting core MR assumptions by following rigorous 
quality control procedures. These variants were subsequently applied in an EWMR analysis, and the results 
indicated that genetically predicted blood 253 CpG sites were significantly related to the risk of PC that 
passed sensitivity analysis. The subsequent analysis was divided into three sections according to the 
analytical objectives. In the first section, focused on external validation and meta-analysis, 38 CpG sites 
retained and all the 253 significant CpG sites were categorized into three tiers. Cg14271713 (intergenic, 
chr9:136150031-136151365, S shelf), cg11652496 (PSTPIP1, chr15:77324520-77324759, gene body, island), 
cg20575191 (PSTPIP1, chr15:77324520-77324759, gene body, island), and Cg26373071 (CLPTM1L, gene 
body) lay on the tier 1 level with high support evidence. Subsequently, in second section for exploration the 
biological function and relation to various diseases or phenotypes of the validated EWMR identified PC- 
associated CpG sites, we executed various enrichment analysis, overlap with PheWAS catalog analysis, 
overlap with EWAS Toolkit analysis, and druggable gene target analysis. Additionally, MVMR and media
tion analysis were employed to dissect the total effect of identified CpG sites to PC into direct effect and 
indirect effect mediated by gene expression. Notably, to make our results more robust, we selected 159 
validated EWMR identified PC-associated CpG sites to perform downstream analysis.

As shown in the present study, cg26373071, located in the gene body of CLPTM1L (Cleft Lip And Palate 
Transmembrane Protein 1-Like Protein), was a risk factor of PC. CLPTM1L encodes a membrane-bound 
protein, and its elevated expression in ovarian cancer cells resistant to cisplatin can induce resistance to 
antitumor drugs (e.g., cisplatin) [61]. Genetic variants within this gene are related to a heightened risk of 
various cancers [62–65]. Previous studies have indicated that CLPTM1L could enhance the proliferation of 
pancreatic cancer cells both in vivo and in vitro, potentially exerting its effects by disrupting normal cell 
division processes [66]. Furthermore, anti-CLPTM1L antibodies suppressed the membrane localization of 
CLPTM1L, reduced Akt phosphorylation, and diminished both anchorage-independent proliferation and 
resistance to chemotherapy in lung and pancreatic cancer cells [67]. Therefore, we speculated that elevated 
methylation levels of cg26373071, increasing CLPTM1L expression, may contribute to increasing the risk of 
PC through above process. Additionally, cg07493874, mapped to the CLPTM1L gene, which was calssified 
as tier 3, also exhibited association with PC (see Table S11 for details). Although tier 3 findings are 
supported by weaker evidence, they still highlight the intricate role of CLPTM1L methylation in PC 
progression. Interestingly, MVMR and mediation analysis suggested that cg26373071 may influence PC 
risk via the MRPL36 gene in B Men (Memory B cell) single cells within PBMCs, with an MP of −15.82%. 
Likewise, this CpG site also appeared to affect PC risk through NDUFS6 in CD8 ET (CD8+ Effector 
memory T cell) single cells, showing an MP of 1.49%. In addition, mediation analysis also showed that 
cg07380026 and cg27619457 exerted effect on PC generation through CLPTM1L gene expression (see Table 
S 15 for details). Overall, cg26373071 (CLPTM1L) may be a key element despite that the causal effect of 
DNA methylation on PC may be based on multiple CpG sites and genes.

Cg20575191 and cg11652496, both located in PSTPIP1 (Proline-Serine-Threonine Phosphatase 
Interacting Protein 1) gene body, also exerted as a risk factor to PC. It is essentially a cytoskeleton adaptor 
protein involved in the regulation of various cellular processes, including interleukin-1β secretion, cytos
keletal organization, cell migration, and the activation of T cells [68,69]. Mutations at the PSTPIP1 are 
related to inflammatory conditions collectively referred to as the PSTPIP1-associated myeloid-related 
proteinemia inflammatory syndrome (PAMI syndrome) [70]. Previous studies have demonstrated that 
elevated PSTPIP1 expression serves as a potential indicator of reduced OS of clear cell renal cell carcinoma 
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[71]. Nonetheless, the involvement of PSTPIP1 in PC remains unexplored in current studies, underscoring 
the necessity for additional investigation into this potential connection.

Subsequently, although our GO and KEGG enrichment revealed no significance in biological 
process, cellular component, and KEGG which may due to the number of genes mapped to selected 
CpG sites, the overlap with PheWAS catalog analysis explicated that the autoimmune disorders, 
especially type 1 diabetes mellitus, were related to PC. A study based on large population using the 
US Surveillance, Epidemiology, and End Results Program (SEER)-Medicare linked data also revealed 
the close association of many autoimmune disorders and PC [72]. Diabetes mellitus is a risk factor 
for PC and a result of the disease [73,74]. Overlap with EWAS Toolkit analysis also revealed that 
several phenotypes or diseases were related to PC through epigenetic influences. For example, the 159 
validated EWMR identified PC-associated CpG sites significantly overlapped with those driven by 
smoking, showing close link between smoking and PC. Smoking has been demonstrated to be closely 
related to the development of PC [75,76]. Interestingly, overlap with EWAS Toolkit analysis showed 
that epithelial ovarian cancer risk was linked to PC with large odd ratio. However, recent research 
demonstrated that injecting ovarian cancer cells can markedly suppress pancreatic cancer xenograft 
growth by altering the expressions of genes related to pancreatic function and phenotype [77]. In 
summary, the underlying relationship of ovarian cancer and PC remains to be elucidated in the 
future.

This study offers several notable strengths. To the best of our knowledge, it represents the most 
comprehensive and large-scale EWMR analysis conducted for PC to date. Its broad scope, analytical 
depth, and methodological rigor enabled reliable identification of potential targets for screening and 
therapeutic interventions of PC. First, multiple strategies were employed to minimize MR assumption 
violations and relieve confounding bias. meQTLs in the MHC region or positioned far from their 
associated CpG sites (i.e., trans-meQTLs) were excluded. Given the sensitivity of MR results to the 
selection of IVs, we further validated our findings using alternative IV inclusion criteria adopted in 
previous multi-omic MR research [23,78]. To strengthen the reliability of associations identified in this 
study, we conducted a series of additional sensitivity analysis, directionality tests, and colocalization 
analysis. Furthermore, consistent findings from replicated MR analysis using alternative datasets from 
both European and Asian populations, followed by meta-analysis, were used to avoid false-positive 
results. Second, findings from enrichment analysis, overlap with PheWAS catalog analysis, overlap with 
EWAS Toolkit analysis, and druggable gene target analysis offer insights into the mechanisms by which 
the candidate targets affect PC. Third, we conducted MVMR and mediation analysis across three 
different mediator dimensions, single-cell data, whole blood, and pancreatic tissue, to further explore 
the underlying pathogenic pathways. This approach enabled us to differentiate the total effect of each 
CpG site on PC into direct and indirect effect size.

Nevertheless, limitations of the present study shall be acknowledged. First, although individuals of East 
Asian ancestry were included in the validation phase, most participants were European, resulting in low 
generalizability of our findings to populations of African or other ancestries. Second, while using cis- 
meQTLs rather than trans-meQTLs helps to avoid horizontal pleiotropy, this approach may restrict the 
number of analyzable CpG sites due to the absence of suitable SNPs for some loci. Third, our analysis 
primarily focused on CpG sites identified in plasma samples, and their potential roles in pancreatic tissue 
could not be examined due to limited data availability. Similarly, the lack of corresponding protein QTL 
data for genes linked to the identified CpG sites prevented us from assessing associations at the plasma 
protein level. Additionally, the overlap with EWAS Toolkit results was not validated using independent 
datasets, warranting cautious interpretation. Finally, although MR is a powerful tool to infer causal 
relationships, it cannot completely rule out confounding or reverse causation. Therefore, further experi
mental studies and epidemiological investigations are needed to validate our findings. It is particularly 
worth noting that for the part of MVMR and mediation analysis, the calculated MP is an estimate of the 
underlying quantity; accordingly, estimates outside the [0,1] interval can occur. Conceptually, MPs may 
depend on the magnitude of the total causal effect; when the direct and indirect effects have opposite signs, 
the total effect can be weak, yielding MP estimates outside [0,1] [52]. In the present study, we report MP for 
DNAm–PC pairs under two specifications: (i) ‘top mediation,’ restricted to pairs in which the top mediator 
is significantly associated with the exposure, and (ii) ‘overall mediation,’ aggregating across all cis mediators. 
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The latter provides a more comprehensive quantification of the contribution of cis transcripts to DNAm 
effects, as restricting analyses to pairs with a detected mediator may bias estimates upward. To assess 
internal consistency, we computed the Pearson correlation between the direct and total effects, and we 
incorporated multiple layers of eQTL data – including single-cell datasets from peripheral blood mono
nuclear cells and pancreas – to mitigate artefacts arising from bulk whole blood. Notwithstanding these 
steps, the mediation results should be interpreted with caution and warrant further experimental validation. 
Plans are already in progress to conduct follow-up cell-based and animal studies to provide deeper insights 
into the pathogenic roles of selected CpG sites.

Conclusion

In summary, 253 CpG sites were identified as having potential etiological relevance to pancreatic cancer. 
Among them, four were supported by the strongest evidence. With further validation, these candidate CpG 
sites and their corresponding genes are potentially biomarkers for early detection and represent potential 
therapeutic targets for pancreatic cancer.
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