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ARTICLE INFO ABSTRACT

Keywords: Residents living in areas exposed to environmental hazards, such as abandoned mines and refineries, are hy-
Heavy metal pothesized to exhibit distinct omics profiles compared with those in unaffected regions. In this article, we aimed
Methylation

to identify the differentially methylated regions (DMRs) affected by these hazards using Forensic Research via
. e Omics Markers in Environmental Health Vulnerable Areas (FROM) cohort. We then evaluated the potential ef-
Mendelian randomization . . K .
IL10RB fects of these DMRs on 23 human diseases by using data from the Korean Genome and Epidemiology Study
RARA (KoGES) cohort, which included 79,294 participants. We conducted a DMR analysis using reduced representation
bisulfite sequencing on peripheral blood mononuclear cells samples, and employed the Meet-in-the-Middle
analysis to identify biomarkers that enable more precise and biologically meaningful interpretation with the
forensic research via FROM cohort, and significant findings were further validated with one-sample Mendelian
Randomization (MR) method. To explore relationships between these biomarkers and 23 diseases, the two-
sample MR approach within the KoGES cohort was conducted. Our findings indicate that long-term exposure
to heavy metals in environmentally vulnerable areas alters methylation patterns, potentially affecting disease
risk. Notably, a DMR in the IL10RB gene region was identified, where hypomethylation was associated with the
development of lung cancer (P = 1.92 x 1073, p = —1.7830). This study highlights the potential epigenetic
impact of environmental exposures and underscores the importance of uncovering biomarkers linking exposure
to disease outcome.

Meet-in-the-middle analysis

1. Introduction metals released from these sites can contaminate soil, water, and air,
ultimately entering the human body through various exposure pathways

Environmental hazards — particularly those arising from industrial and accumulating over time. Studies have linked chronic exposure to
activities such as mining and refining — have garnered significant heavy metals with increased risks of cancer, metabolic disorders, and
attention due to their potential adverse effects on human health other chronic diseases (Goyer, 1997; Tchounwou et al., 2012). Despite a

(Bakulski et al., 2020; Briffa et al., 2020; Cosselman et al., 2015). Heavy growing body of epidemiological evidence, the underlying biological
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mechanisms that link environmental hazards to disease risk remain only
partially understood.

Epigenetics, and DNA methylation in particular, has emerged as a
critical area of research for elucidating how environmental factors can
modulate gene expression and ultimately influence disease outcomes
(Martinez-Zamudio & Ha, 2011). Differentially methylated regions
(DMRs) serve as potential biomarkers for environmental exposure,
bridging the gap between external pollutants and the molecular
pathway implicated in disease pathogenesis (Vineis et al., 2017). With
the advent of high-throughput sequencing technologies, such as reduced
representation bisulfite sequencing (RRBS), it is now feasible to conduct
comprehensive investigations of these epigenetic marks in large,
well-characterized cohorts (Meissner et al., 2005). Nonetheless, many
studies simplify the relationship by linking methylation patterns to
specific heavy metals through regression analysis of a single metal
concentration and methylation level (Feng et al., 2020; Ha et al., 2021;
Zhang et al., 2019). Identifying biologically meaningful signals in
large-scale omics data necessitates the integration of exposure data and
clinical outcomes through robust analytical frameworks.

In this context, the Forensic Research via Omics Markers in envi-
ronmental health vulnerable areas (FROM) cohort, along with the
Korean Genome and Epidemiology Study (KoGES) cohort comprising
79,294 participants provides a valuable resource for examining the
relationship between environmental exposure, DNA methylation and
disease risk. Meet-in-the-middle analysis (MIMA) enhances biomarker
discovery by connecting exposure, DNA methylation and clinical vari-
ables, while Mendelian randomization (MR) provides critical insights
into potential causal relationships between DNA methylation and dis-
eases (Davey Smith & Ebrahim, 2003). By applying these complemen-
tary approaches, researchers can identify epigenetic changes that
correlate with environmental exposures and mediate disease risk.

In this study, we aimed to elucidate the epigenetic foundations of
disease risk in populations exposed to environmental hazards, focusing
on DMRs influenced by heavy metal exposure. We investigated the as-
sociations between these DMRs and 27 clinical variables as well as 23
major human diseases using a comprehensive analytic framework,
thereby paving the way for improved preventive and therapeutic stra-
tegies in environmentally vulnerable populations.

2. Materials and methods
2.1. Study population

Participants included in this study were drawn from the FROM
cohort, which comprises residents of both exposure and control areas.
Specifically, participants were recruited from three exposure areas:
Goseong, South Gyeongsang Province (Mine), an abandoned metal mine
area; Janghang, South Chungcheong Province (Refinery-1), a non-
ferrous metal refinery area; and Seokpo, North Gyeongsang Province
(Refinery-2), a metal refinery area. These areas were selected based on
national environmental health data, as they are designated environ-
mentally vulnerable regions due to long-term exposure to industrial
pollutants, such as heavy metals (Kwon et al., 2024). A total of 322
participants who had lived in these areas for at least 15 years were
included: 108 from Mine, 106 from Refinery-1, and 108 from Refinery-2.
Participants from Mine and Refinery-1 were recruited in 2021, while
those from Refinery-2 were recruited in 2022. Within the FROM cohort,
the control group consisted of participants recruited from Gimhae, South
Gyeongsang Province. This area is located at least 10 km away from any
major industrial facilities and is not classified as environmentally
vulnerable. Control areas were selected to match the exposure areas in
terms of demographic characteristics such as age and sex distribution
(Kwon et al., 2024). A total of 53 individuals were recruited from
Gimhae: 24 in 2021 (Control-1) and 29 in 2022 (Control-2).

An independent subset of the FROM cohort (n = 666) with available
EPIC array-based DNA methylation data, urinary cadmium
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measurements, and clinical parameters was used solely for validation of
the key findings. These participants were not included in the main an-
alyses described above.

In addition to the FROM cohort, two large-scale Korean cohorts were
used to generate summary statistics for the two-sample MR analysis: the
KoGES and the Gene-Environmental interaction and phenotype (GENIE)
cohort (Kim et al., 2017; Lee et al., 2018). KoGES is a nationwide cohort
consortium launched by the Korean government to investigate the ge-
netic and environmental causes of major chronic diseases. The GENIE
cohort, established at the Seoul National University Hospital Gangnam
Center, was designed to investigate gene-environment interactions in
health and disease. KoGES defined disease status through standardized
self-reported physician diagnoses. GENIE determined disease status
using objective clinical, imaging, and laboratory assessments obtained
during routine health examinations. As both cohorts capture disease
status at a single time point, all disease outcomes were analyzed as
prevalent cases. These two cohorts were combined for the MR analysis,
and after genotype quality control, a total of 79,294 participants were
included in the final integrated dataset.

2.2. Heavy metal and clinical variable measurement

For study participants, four heavy metals (Cd, Pb, Hg, and As) were
measured across six heavy metal exposure variables—urinary Cd (pg/L),
creatinine-adjusted urinary Cd (pg/g creatinine), blood Cd (pg/L), blood
Hg (pg/L), blood Pb (pg/dL), and urinary arsenic species (AslII, AsV,
MMA)—along with 27 clinical variables, after obtaining informed con-
sent. For the heavy metals, blood and urine samples were taken to
measure heavy metal concentrations. Inductively coupled plasma mass
spectrometry (ICP-MS) was used to measure cadmium (Cd) and lead
(Pb) levels in both blood and urine samples. Specifically, blood Cd and
Pb were analyzed using two systems: the NexION2000B (PerkinElmer,
USA) and the 7700x (Agilent Technologies, USA). Urinary Cd levels
were assessed solely with the 7700x. Blood Hg concentrations were
determined with an automatic mercury analyzer (MA-3000, NIC,
Japan). For the analysis of various arsenic species in urine, high-
performance liquid chromatography coupled with ICP-MS (HPLC-ICP-
MS) was performed using the NexSAR/NexION2000 system (Perki-
nElmer, USA).

In addition, 27 clinical variables were assessed using blood and urine
samples. Of these, 24 variables were directly measured via blood and
urine tests: platelet count, hemoglobin, hematocrit, white blood cell
count (WBC), red blood cell count (RBC), mean corpuscular volume
(MCV), mean corpuscular hemoglobin (MCH), mean corpuscular he-
moglobin concentration (MCHC), total protein, serum albumin, total
calcium, inorganic phosphate, aspartate transaminase (AST), alanine
transaminase (ALT), gamma-glutamyl transferase (GGT), alkaline
phosphatase (ALP), lactic acid dehydrogenase (LDH), blood urea nitro-
gen (BUN), total cholesterol, triglyceride, high-density lipoprotein
cholesterol (HDL), low-density lipoprotein cholesterol (LDL), urinary
creatinine, and estimated glomerular filtration rate (eGFR). Three
additional variables — N-acetyl-p-D-glucosaminidase (NAG), beta-2
microglobulin ($2-MG), and serum creatinine — were measured using
dedicated test kits. Further details on sample collection, clinical
assessment, and heavy metal quantification are available in a previous
publication (Kwon et al., 2024). Descriptive statistics were produced
using Rex software (Lee et al., 2023). This study was conducted at
Kangwon National University Hospital, and approved by its Institutional
Review Board (KNUH-B-2021-06-001) in accordance with the Declara-
tion of Helsinki. The research was conducted in strict adherence to all
relevant guidelines and regulations.

2.3. Reduced representation bisulfite sequencing (RRBS)

Genomic DNA, isolated from PBMCs, was fragmented using the MspIl
restriction enzyme and then ligated to two distinct adaptors, adapter-A
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and adapter-B, using the Blunt/TA Ligase Master Mix (New England
Biolabs). Each adaptor was designed with a CpG overhang at one end.
Adaptor-A carries a molecular barcode and an Illumina R1 sequencing
primer binding site, while Adaptor-B contained the binding site for
[llumina R2 sequencing primer. To prevent bisulfite conversion of cy-
tosines, all cytosines within the Illumina primer binding sites on the
adaptors were protected. Following ligation, the DNA fragments un-
derwent an end-fill reaction to remove the unligated adaptor strand,
substituting dCTP with methyl-dCTP to preserve methylation informa-
tion. Bisulfite conversion of unmethylated cytosines to uracil was then
carried out using the EpiTect® Fast DNA Bisulfite Kit (Qiagen). The
converted DNA fragments were subsequently amplified by two rounds of
PCR to generate sequencing-ready libraries. The first amplification was
performed with primers P1 and P2 under the following conditions: 10
cycles of 95 °C for 30 s, 60 °C for 30 s, and 72 °C for 30 s. A second PCR,
incorporating index primers idxP1 and idxP2, followed the same ther-
mal profile. Sequencing was performed on the Illumina HiSeq X plat-
form, using a 151 bp paired-end protocol.

2.4. Methylation data preprocessing and quality control

Raw FASTQ files underwent adapter removal and quality trimming
using Trim Galore (v0.6.6) with options optimized for RRBS data (-rrbs,
—paired) (Krueger, 2015). We also specified adapter sequences (-a, -a2)
and clipped the first 5 bp of read 2 (-clip_R2 5) to minimize sequencing
bias. Subsequently, reads lacking a specific sequence were filtered out
using a regular expression (/“\w{6,18}..A..A.A..T.A ... /), removing
those not containing this sequence. Following sequence preprocessing,
paired-end alignment was performed using Bismark (v0.23.0) (Krueger
& Andrews, 2011) with the GRCh38 reference genome, using default
parameters. The aligned BAM files were further filtered and refined
using SAMtools (v1.9) (Li et al., 2009). Specifically, we retained prop-
erly paired reads with a mapping quality of >20, and the resulting files
were coordinate-sorted for downstream analysis (Fig. S1).

Methylation count data were derived from BAM files using the
DMRfinder Python package (Gaspar & Hart, 2017), with CpG extraction
performed via extract CpG_data.py using default parameters. Aggre-
gated methylation tables were generated using combine_CpG_sites.py
with the -m 0 option to include all CpG sites regardless of total counts.
All other parameters were set to default values. Regions with insufficient
methylation counts were filtered out using the edgeR package (Robinson
et al., 2010), and the remaining methylation count data were converted
to M-values (Chen et al., 2017). Given the presence of batch effects
within the data, batch correction was performed using the SVA package
(Leek et al., 2012), which is suitable for adjusting batch effects in count
data. The effectiveness of this correction was validated through PCA
plots before and after batch correction (Fig. S2).

In this DNA methylation analysis, direct cell type measurements
were not feasible; thus, we relied on estimates derived from the sorted
BAM files. We employed the UXM tool (v0.1.0) within the wgbstools
framework (v0.2.0) (Loyfer et al., 2023) to infer the proportions of
possible cell types present in PBMC samples, including B-cells, T-cells,
NK-cells, and Monocytes/Macrophages, using pat-level methylation
patterns generated by the bam2pat function and the RRBS-specific
cell-type marker set provided in the original publication.

2.5. SNP genotyping and quality control

Blood samples from individuals in the FROM cohort were collected
and genotyped using the KoreanChip version 1.1 (Moon et al., 2019). To
minimize batch effects, the K-medoid clustering technique was
employed for genotype calling (Seo et al., 2019). Quality assurance was
ensured using PLINK and ONETOOL (Song et al., 2018). Samples
exhibiting sex discrepancies or call rates below 95 % were excluded.
Similarly, single nucleotide polymorphisms (SNPs) with a call rate
below 95 % or failing to meet the Hardy-Weinberg equilibrium test P
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threshold of 1 x 10~ were also discarded. For genotype imputation, we
utilized the KRG reference panel in the Korean imputation server
(Hwang et al., 2022). The Eagle (v2.4) facilitated pre-phasing, while
Minimac4 was employed for the imputation process. Imputed SNPs were
excluded if they had R-squared values below 0.8, were duplicates, or had
more than 5 % missing genotypes, did not meet the HWE P threshold of
the 1 x 107, or had minor allele frequencies (MAFs) below 5 %. Pri-
mary sample QC was based on an identity-by-state threshold of 0.99.
Using pruned SNPs, outliers were removed via multidimensional scaling
plot (Fig. S3). SNP coordinates were harmonized to the human genome
build hg38 using the rtracklayer R package (v1.46.0) (Lawrence et al.,
2009). Ultimately, a set of 5,199,738 SNPs was selected for subsequent
analyses.

We also utilized genotyped samples for two-sample MR from the
KoGES (Kim et al., 2017) and the Gene-Environmental Interaction and
Phenotype (GENIE) Study (Lee et al., 2018). Genotype quality control
for these datasets followed the procedures described in a previously
published study (Kim et al., 2024), but was applied to disease-related
traits rather than clinical variables.

2.6. Permutational analysis of variance (PERMANOVA) analysis

To determine which variables have high explanatory power for
methylation profiles, a permutational analysis of variance (PERMA-
NOVA) analysis was conducted (Anderson, 2014). The methylation data
was transformed into a distance matrix based on Euclidean distance to
calculate the explanatory power of Area and each heavy metal exposure
variable. Sex, age, body mass index (BMI), and smoking status were used
as covariates, and P were empirically calculated through 10,000
permutations.

2.7. Meet in the middle analyses and Mendelian randomization

2.7.1. Detection of differentially methylated regions (DMRs)

We conducted linear regression using the Limma package (Ritchie
et al., 2015; Smyth, 2005) to identify differentially methylated regions
(DMRs) associated with the geographical areas. Because our RRBS data
included three biological replicates, we employed a linear mixed model
incorporating replicate information as random effects. We further
adjusted for fixed effects, including age, sex, BMI, smoking status, and
cell type composition percentages for B cells, T cells, NK cells and
monocytes/macrophages to account for potential confounding.
Formally, for each individual i and replicate j, the model was:

Methylation (beta); = area; + age; + sex; + BMI; + smoking status; + B
cell(%); + T cell(%); + Natural killer cell(%);; + monocytes/macro-
phages (%);; + individual; + ey, individual; ~ N(O, oP), g ~ N(O, 6%)

612 denotes the variance of the individual-level random intercept,
which accounts for within-person correlation. In the model, ‘area’ was
considered as the main explanatory variable. We used this model to
conduct three comparisons: (1) Mine vs. Control-1, (2) Refinery-1 vs.
Control-1, and (3) Refinery-2 vs. Control-2.

Results from these three comparisons were aggregated using the
Brown method (Brown, 1975), as implemented in the poolr R package
(Cinar & Viechtbauer, 2022). Multiple testing correction was then
applied to the combined P using Benjamini-Hochberg (BH) method
(Benjamini & Hochberg, 1995). Methylation regions that achieved a
0.05 BH-adjusted significance level were selected as primary DMR
candidates.

2.7.2. Meet-in-the-middle analysis (MIMA)

Primary DMR candidates identified through the Brown method were
further investigated with MIMA to explore environmental exposure
relevant to residents in environmentally vulnerable areas and their ef-
fects on clinical variables as described in previous studies that aimed at
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identifying biomarkers (Liang et al., 2021; Vineis & Perera, 2007).
Environmental exposure in vulnerable areas was assessed based on six
heavy metal exposure variables, and effect of DMR was evaluated for 27
clinical variables. These included associations between heavy
metal-DMR, DMR-clinical variable, DMR-area, clinical variable-area,
and clinical variable-heavy metal. In the association tests involving
DMRs - heavy metal-DMR, DMR-clinical variable, and DMR-area - both
significance (P < 0.05) and direction (indicated by the sign of the beta
value) were used to identify prominent DMRs. However, for the
remaining two associations, clinical variable-area and clinical
variable-heavy metal, only the direction was taken into account. For
area-related associations, only those showing consistent directions
across all three areas were retained, and where statistical significance
was required (e.g., DMR-area), associations had to be significant (P <
0.05) in all three comparisons.

To ensure consistent and accurate interpretation of heavy metal in-
fluences in environmentally vulnerable areas, the analysis adhered to
two key conditions: directionality and its pattern combinations. First,
given that the heavy metal concentrations were significantly higher in
the environmentally vulnerable areas than in the controls, the direc-
tionality of the DMR-area association had to match that of the DMR-
heavy metal association; similarly, the directionality of clinical
variable-area association had to align with the clinical variable-heavy
metal association. Second, when considering three directional steps:
(A) area (heavy metal) to DMR, (B) DMR to clinical variable, and (C)
clinical variable to area (heavy metal), there were four acceptable
combinations: (i) A, B, and C all positive; (ii) A positive, B and C nega-
tive; (iii) A negative, B positive, and C negative; and (iv) A and B
negative, but C positive. Deviations from these combinations indicate
inconsistent directionality, complicating biological interpretation. Cases
that did not meet these two conditions were excluded from the results
(Fig. S4).

All analyses were conducted separately for three groups: Male-only,
Female-only, and Total group including both males and females. To
facilitate better understanding, a flowchart illustrating the analysis
workflow and DMR selection process is presented alongside (Fig. 1).

Mine vs Control-1
(N=132)
Step1. l
Methylation-Area m

regression &
Brown method

Detection DMRs
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2.7.3. Sensitivity analysis with one sample Mendelian Randomization

We conducted a one-sample Mendelian Randomization (MR) anal-
ysis using DMRs identified through both the Brown method and MIMA
to evaluate potential causal relationships with clinical variables. We set
the DMRs as the exposure and the clinical variables as the outcome,
including smoking status, age, sex and BMI as covariates. The selection
of SNPs as instrumental variables (IVs) was based on the following
criteria: (i) P of less than 5 x 1072 in the methylation quantitative trait
loci (meQTL) analysis, (ii) P greater than 5 x 107° from regressions of
other covariates or outcome on the SNPs, and (iii) clumping with an r?
threshold <0.001 to ensure the independence of the selected SNPs
(Glymour et al., 2012). All SNPs meeting these criteria were utilized as
instrumental variables. Together with evaluating instrument strength
using F-statistics, these selection criteria satisfy the core assumptions of
MR: the relevance assumption through strong meQTL associations and
LD-independent instruments; the independence assumption by
excluding SNPs associated with covariates or outcomes; and the exclu-
sion restriction assumption was assessed using the Sargan
over-identification test (Emdin et al., 2017). Subsequently, a two-stage
least squares regression (TSLS) analysis was performed using the ivreg
package in R (version 0.6.1). Results that were statistically significant
but challenging to interpret biologically were excluded.

2.7.4. Assessment of DMR effect on diseases using two-sample Mendelian
Randomization

We conducted two-sample MR using the same set of DMRs used in
the one-sample MR, all of which had been identified through both the
Brown method and MIMA. This analysis aimed to evaluate the effect of
DMRs on 23 disease outcomes, using DMR-related SNP data from this
study and disease-related SNP data from two separate sources: a com-
bined dataset from KoGES and GENIE.

The process for selecting instrumental variables was identical to that
used in the one-sample MR. The two-sample MR analyses were con-
ducted using the TwoSampleMR R package (version 0.5.6). MR-PRESSO
was applied to detect and correct for horizontal pleiotropy and outlier
effects that could bias causal estimates (Verbanck et al., 2018). In
addition, Cochran’s Q-statistics were used to evaluate heterogeneity
across instruments. Diseases significant at the BH-adjusted P threshold

Methylation-Area regression

Refinery-2 vs Control-2
(N =137)

m Brown method

Refinery-1 vs Control-1
(N =130)

]
=

Step2.
Meet-in-the-middle

Mendelian
randomization
[One-sample]
Causal Inference

Mendelian
randomization
[Two-sample]

Primary DMRs
| (DMRs = 1,586 [Total] , 612 [Male], 722 [Female])

Area

Final DMRs
(DMRs = 3 [Total] , 5 [Male], 5 [Female])

Heavy metals
Clinical variables

Clinical variable

23 Diseases

Fig. 1. Workflow for DMR detection and causal analysis.
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of 0.05 and biologically interpretable were selected.
2.8. Gene set analysis

DMRs identified through MIMA, which were significant in at least
one area, were annotated using the Ensembl DB (Kinsella et al., 2011).
For DMRs located outside of gene regions, annotation was performed
using the name of the nearest gene. To investigate the broader biological
programs associated with these genes, we performed gene set enrich-
ment analysis using the enrichR package (Kuleshov et al., 2016) and
specifically utilized the GO Biological Process 2023 database
(Consortium, 2019), which provides comprehensive functional annota-
tions of biological processes. For the GO analysis, separate analyses were
conducted for Male-only, Female-only, and Total group. In each group,
GO analysis was performed separately for hypermethylated regions and
hypomethylated regions.

2.9. Independent validation analysis

To validate the key associations identified in the main analysis, we
performed an independent validation using EPIC array-based DNA
methylation data from the FROM cohort, which were not included in the
primary analyses. An epigenome-wide association study (EWAS) was
conducted using the Limma package in R. Because the validation dataset
did not include repeated samples, random effects were not applied.
Instead, a linear model was fitted for each CpG site, using the same
covariate structure applied in the DMR discovery analysis—adjusting for
age, sex, smoking status, body mass index (BMI), and estimated cell-type
proportions. As independent variables, we included the heavy metal and
clinical variable that showed significant associations with DMRs in the
main analysis to assess whether these CpG-variable relationships could
be replicated in the validation dataset.

3. Results
3.1. Descriptive statistics

We compared variations in heavy metal concentrations among par-
ticipants from different areas (Table S1). All six heavy metal exposure
variables showed higher average concentrations in the exposure areas
compared to the control group. Notably, urine cadmium (uCd) and
blood mercury (bHg) levels were significantly higher in Mine, while
blood cadmium (bCd) showed the highest concentration in Refinery-1,
and blood lead (bPb) levels were the highest in Refinery-2. For arsenic
species (As™, AsY, and MMA), both Control-2 and Refinery-2 showed
significantly higher concentrations compared to the other areas. The
Kruskal-Wallis test confirmed that the differences in heavy metal con-
centrations across all areas were statistically significant. For descriptive
comparisons of covariates, continuous variables were assessed using the
Kruskal-Wallis test, whereas categorical variables (sex and smoking
status) were evaluated using the chi-square test.

3.2. DNA methylation analysis

Before performing downstream analyses, quality control and basic
descriptive statistics of the DNA methylation data were summarized
(Table S2). After filtering, a total of 104,931 regions were retained for
analysis. The average bisulfite conversion rate across samples was 99.47
%, indicating high conversion efficiency. The mean p-value across all
samples was 0.757.

3.2.1. Permutational analysis of variance (PERMANOVA) analysis
PERMANOVA analysis revealed that both area and sex remained
significant after the BH adjustment (BH-adjusted P < 0.05) (Table S3).
The significance of the area variable supports the initial hypothesis of
this study, suggesting that methylation profiles differ according to the
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area of residence. Notably, the strong significance observed for sex is
particularly interesting, especially considering that the analysis was
restricted to autosomal regions. This result suggests that sex may have a
substantial impact on methylation profiles, highlighting the necessity of
conducting sex-stratified analyses to better understand these effects. In
addition, bHg was significant at the a = 0.05 level, suggesting that heavy
metal exposure may contribute to variations in methylation profiles.

3.2.2. Discovery of differentially methylated regions (DMRs) based on area
differences

The DMR results from area comparisons were visualized using a
volcano plot (Fig. 2) (Table S4-6). In the comparison between Mine and
Control-1, the number of DMRs satisfying FDR <0.05 was relatively
similar for both hypo- and hypermethylation. However, in the remaining
area comparisons, hypomethylated DMRs were markedly more preva-
lent than hypermethylated DMRs. This trend, where hypomethylated
DMRs were markedly more prevalent than hypermethylated DMRs, was
also observed in the separate analyses conducted for the sex-stratified
analyses (Fig. S5). To further explore the chromosomal distribution of
DMRs, a Circos plot was generated using the circlize R package (v0.4.15)
(Gu et al., 2014). The Circos plot confirmed the dominance of hypo-
methylated DMRs, mirroring the trend observed in both the overall and
sex-stratified analyses (Fig. S5-6, Tables S4-12).

Following the linear regression analysis using the Limma package,
the results of the three comparisons (Mine vs. Control-1, Refinery-1 vs.
Control-1, Refinery-2 vs. Control-2) were aggregated using the Brown
method. Methylation regions that achieved a 0.05 BH-adjusted signifi-
cance level were selected as primary DMR candidates. The results of
these analyses revealed that a total of 1,586 differentially methylated
regions (DMRs) were identified as significant in the overall comparison.
When the data were stratified by sex, the male subgroup had 612 sig-
nificant DMRs, while the female subgroup had 722 significant DMRs
(Tables S13-15).

3.2.3. Meet-in-the-middle analysis (MIMA)

Using the primary DMR candidates identified through the Brown
method, the subsequent Meet-in-the-middle analysis (MIMA) was per-
formed. A total of 11 DMRs were finally selected from MIMA, all of
which were significant across all area comparison analyses. The log2
fold change values and P from each area comparison for these DMRs,
along with the meta P calculated based on these, are presented in
Table S16. To provide a comprehensive summary of the relationship
between beta values and P for associations involving DMRs-areas,
DMRs-heavy metals, as well as DMRs-clinical variables, these associa-
tions are graphically illustrated in Fig. 3(B) and Fig. S7. Additionally, the
beta values for associations involving clinical variables-heavy metals
and clinical variables-areas are visualized in the form of a heatmap
(Fig. S8). A Venn diagram further highlights the overlap among the 11
selected DMRSs, indicating which were significant in the Total, Female-
only, and Male-only analyses (Fig. 3(A)). Notably, the DMRs signifi-
cant in the Male-only analysis did not overlap with any other group,
whereas two overlapping DMRs were identified between the Female-
only and Total analyses. This similarity between the Female-only and
Total results is also evident in the heatmap shown in Fig. 3(B) and
Fig. S7.

3.3. Mendelian randomization

3.3.1. Sensitivity assessment via one-sample Mendelian Randomization
We performed one-sample MR analysis to identify significant re-
lationships between the DMRs and clinical variables detected through
MIMA. Among the 11 DMRs identified as significant in MIMA, 2 were
found to be significant at the 0.05 significance level in the sensitivity
analysis using one-sample MR, with consistent directions of effect
compared to those observed in the MIMA analysis (Table S17). The DMR
located within the RARA gene region on chromosome 17, which
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Fig. 2. Volcano plots representing the results of DMR analysis based on regions. Volcano plots (A-C) present the results of DMR analysis for the comparisons of Mine
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colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 3. Visualization of final selected DMRs identified via Meet-in-the-Middle analysis. Venn diagram (A) and heatmap (B) illustrate the final selected DMRs
identified through MIMA. The Venn diagram (A) clearly illustrates which of the significant DMRs were observed in each of the Total (Male + Female), Male-only, and
Female-only analyses. Heatmap (B) provides a comprehensive visualization of beta values and P for the associations between DMRs and areas, DMRs and heavy
metals, as well as DMRs and clinical variables. This heatmap represents the results for the Total, allowing for a detailed comparison of methylation patterns.

exhibited a negative relationship with uCd, showed a positive relation-
ship with hemoglobin and a negative relationship with WBC. In the
Male-only dataset, the DMR located in the EIF2AKI1 gene region on
chromosome 7 was found to have a negative association with 2-MG.
Detailed information on IVs used in the one-sample MR

analysis—including rsID, chromosome, position, effect sizes, standard
errors, P from the meQTL analysis, and allele frequencies—is provided
in Tables S18-21, for each DMR included as an exposure.
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3.3.2. Assessment of DMR effect on diseases using two-sample Mendelian
Randomization

We conducted a two-sample MR analysis to evaluate the relationship
between the DMRs and 23 diseases at the BH-adjusted significance level
of 0.05 (Table S22). Through this analysis, the DMR located in the
IL10RB gene region on chromosome 21 was found to be significantly
associated with lung cancer at the BH-adjusted 0.05 significance level,
and the complete association results for all 23 diseases—including the
IL10RB DMR—are summarized in the updated Table S23. Notably, lung
cancer was the only disease that remained statistically significant after
BH correction, whereas none of the other 22 diseases reached BH-
adjusted significance, indicating that the ILIORB DMR exhibits a lung
cancer-specific association pattern. The remaining results that satisfied
the threshold of P < 0.05 are summarized in Table S24. Detailed in-
formation on the IVs used in the two-sample MR analysis is provided in
Tables S25-34. For each DMR used as the exposure, the table includes
the rsID, chromosome, position, effect and non-effect alleles in both
exposure and outcome datasets, effect sizes, standard errors, P from the
exposure meQTL and outcome GWAS analyses, and allele frequencies.

The significant MR results, including the direction of effects, are
summarized in Fig. 4(A). In addition, the key genomic and statistical
findings for the IL1IORB and RARA regions are presented in Table 1.

3.4. Gene set analysis

The gene set analysis identified significant GO terms (BH P < 0.05) in
both the hypermethylated and hypomethylated regions of the Total
group and the Female-only group (Fig. 4(B-C), Fig. S9). However, in the
Male-only group, no GO terms met the adjusted P threshold (<0.05), and
the results have been summarized in the Supplementary section
(Fig. S10).
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3.5. Independent validation analysis

To validate the key associations presented in Fig. 4(A), we performed
an independent replication analysis using EPIC array data from the
FROM cohort, which was not included in the main analyses. The CpG
site ¢g18506172 within the ILIORB DMR region showed a significant
association with uCdCr, and cg05824218 within the RARA DMR region
was significantly associated with WBC in the female subset. Both CpGs
exhibited consistent effect directions with the primary results and are
located precisely within the genomic coordinates of the DMRs identified
in this study, providing additional support for the robustness of the main
findings (Table S35).

4. Discussion

This study was driven by the hypothesis that DNA methylation pat-
terns differ among individuals in environmentally vulnerable areas,
particularly those exposed to heavy metals. Our primary objective was
to identify methylation markers capable of assessing the long-term ef-
fects of such exposure. Instead of relying on single-model regressions,
we employed a more comprehensive approach by integrating multiple
regression outcomes through MIMA and MR. MIMA provides a strategic
framework for linking environmental exposures to health outcomes by
identifying intermediate biomarkers associated with both exposure
levels and disease-relevant clinical traits. By incorporating both up-
stream (exposure) and downstream (clinical effect) biological signals,
MIMA addresses a key challenge in molecular epidemiology: drawing
causal inferences in complex exposure-response relationships. This
approach, as emphasized by the National Institute of Environmental
Health Sciences and others (Vineis & Perera, 2007), enhances causal
interpretation, helps identify key environmental contributors and is
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Fig. 4. Potential causal relationships between identified DMRSs, clinical variables, related diseases, and significant GO terms. (A) summarizes the relationships
identified through MIMA and MR analyses, showing associations between heavy metals, DMRs, clinical variables, and diseases. The figure highlights findings from
the Total, Male-only, and Female-only analyses, with arrows indicating the direction and type of associations. (B) presents the gene set analysis results for hyper-
methylated regions in the Total group, and (C) presents the results for hypomethylated regions in the Total group. The red dashed vertical line represents the BH-
adjusted P of 0.05. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Table 1
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Summary of key genomic characteristics and statistical findings for the RARA, IL10RB regions. This table summarizes the genomic position and gene annotation of each
DMR, as well as the direction of methylation change in exposed groups relative to controls. For each DMR, the associated heavy metal(s) and clinical outcome are listed
together with the effect directions for both heavy metal-DMR and DMR-outcome relationships. The raw P-values from the MR analysis and the dataset in which each

result was observed (Total, Male, or Female) are also provided.

Chr  Position Gene Direction of DMR Related heavy Effect direction with Related Effect direction with P (MR) Dataset
name (exposure) metal heavy metal outcome outcome
17 40,342,694 RARA Hypomethylated uCd Negative Hemoglobin Positive 4.80 x Total
~ 10792
40,343,028 uCd Negative WBC Negative 2.27 x Total
uCdCr 1079
bPb
bPb Negative WBC Negative 9.07 x Female
10-93
21 33,266,211  IL1I0RB Hypomethylated uCdCr Negative Lung Cancer Negative 1.92 x Total
B 10-93

33,266,593

compatible with both prospective and retrospective study designs. MR
complements this by using genetic variants as instrumental variables to
minimize confounding and reverse causation often encountered in
observational studies (Avery et al., 2022). This integrated methodology
provides a more robust framework for assessing the long-term health
effects of heavy metal exposure.

A key finding of this study is the potential causal relationship be-
tween the hypomethylation of the ILIORB gene and an increased risk of
lung cancer. We posit a mechanistic model in which heavy metal
exposure induces ILI0RB hypomethylation, which in turn acts as an
epigenetic ‘switch’ to promote immune evasion within the tumor
microenvironment. The proposed mechanism unfolds in several steps.
First, our data indicates that heavy metal exposure, particularly cad-
mium, is associated with IL10RB hypomethylation. Second, this epige-
netic change likely leads to the overexpression of its protein product, the
IL-10 receptor B. The IL-10 receptor is essential for mediating the
function of IL-10, a potent immunosuppressive cytokine. Third, previous
studies in non-small cell lung cancer have shown that signaling through
IL-10 and its receptor correlates with tumor size. Furthermore, IL-10
expression on tumor-infiltrating regulatory T-cells may contribute to
immune evasion by suppressing anti-tumor immunity through the PD-1/
PD-L1 pathway (Vahl et al., 2017). Notably, under tumor-like metabolic
stress, IL-10R expression can be upregulated, thereby inhibiting
apoptosis in tumor cells and inducing therapeutic resistance. These
findings suggest that ILIORB hypomethylation may reflect increased
IL-10 signaling within the tumor microenvironment, potentially pro-
moting tumor progression.

Our two-sample MR analysis further supports a causal link between
IL10RB hypomethylation and an increased risk of lung cancer. In sum-
mary, heavy metal exposure—via ILIORB hypomethylation—may
sensitize the tumor microenvironment to the immunosuppressive effects
of IL-10, thereby weakening the anti-tumor immune response. This hy-
pothesis is strongly corroborated by a study showing that smoking, a
major source of cadmium exposure, is associated with IL1I0RB hypo-
methylation. In that study, the ILIORB locus was identified as a signif-
icant DMR that distinguishes smokers from never-smokers and was
found to be hypomethylated in lung adenocarcinoma (Dong et al.,
2020). Therefore, this DMR could serve as a molecular indicator for
assessing damage from environmental pollutants.

Our GO enrichment analysis provides additional mechanistic context
that complements the uCdCr-IL10RB-lung cancer axis described above.
Specifically, significant GO terms such as actin polymerization/depo-
lymerization  (GO:0008154) and phosphatidylinositol-mediated
signaling (GO:0048015) appear to reflect biological processes tightly
linked to cadmium-induced cellular stress and are also consistent with
molecular pathways that have been implicated in lung cancer. The link
between cadmium and the actin cytoskeleton is well-documented; cad-
mium exposure is known to disrupt actin dynamics, increase F-actin
formation in lung cells, and cause oxidative damage to related proteins

(Das & Al-Naemi, 2019). Thus, the epigenetic changes we observed in
actin-regulating genes are likely a direct consequence of
cadmium-induced cellular stress, which could create a vicious cycle that
enhances the migratory and invasive capabilities of cancer cells. For
G0:0048015, many annotated genes belong to the PI3K/Akt cascade, a
pathway that is frequently hyperactivated in non-small cell lung cancer
and plays a central role in tumorigenesis, cancer cell survival, and
resistance to EGFR-TKI therapy (Cheng et al., 2014). Importantly,
PI3K/Akt signaling is also a well-established downstream axis of
IL-10/IL-10R activation, with IL10RB serving as an essential co-receptor
that facilitates PI3K-dependent anti-inflammatory and immunoregula-
tory responses in macrophages (Antoniv & Ivashkiv, 2011; Saraiva et al.,
2019). This pathway has also been reported as a molecular target of
cadmium toxicity (Kulkarni et al., 2020), suggesting that cadmium
exposure may influence signaling processes that are relevant to lung
cancer biology. In summary, the GO analysis suggests that heavy metal
exposure contributes to lung carcinogenesis through multiple molecular
axes: epigenetic dysregulation, cytoskeletal remodeling, and activation
of pro-survival signaling, all of which lend biological plausibility to our
MR findings.

Another notable finding was a DMR located within the RARA gene
region (chr17:40,342,694-40,343,028). The RARA gene, encoding the
retinoic acid receptor, plays a crucial role in cell differentiation and
growth. The analysis revealed that individuals in environmentally
vulnerable areas with high urine cadmium concentrations exhibited
hypomethylation at this DMR compared to the control group, which was
associated with lower hemoglobin levels. This finding is consistent with
several previous studies, reporting a negative correlation between cad-
mium exposure and hemoglobin concentration, as cadmium can induce
anemia via hemolysis, iron deficiency, and insufficient erythropoietin
production (Horiguchi et al., 2011). The link between cadmium expo-
sure and the RARA gene is supported by previous research, which
identified a cadmium-related DMR within the RARA gene region
(Domingo-Relloso et al., 2020), and showed significant RARA hypo-
methylation in smokers compared to non-smokers (Lee et al., 2020).
Although direct evidence linking RARA to hemoglobin is limited, the
association is supported by its functional interaction with RXRA. These
two proteins form a heterodimer essential for retinoic acid signaling. A
recent study found that RXRA hypomethylation was significantly asso-
ciated with increased hemoglobin levels during high-altitude acclima-
tization, highlighting the role of RXRA-PPARA complex in regulating
hematopoiesis (Childebayeva et al., 2019). Given that RARA and RXRA
are transcriptional partners, it is biologically plausible that RARA
hypomethylation in cadmium-exposed individuals may contribute to
hematological phenotypes. Furthermore, RARA is well-known for its
involvement in hematopoietic cell differentiation, most notably in acute
promyelocytic leukemia, where the PML-RARA fusion protein blocks
myeloid differentiation (Yilmaz et al., 2021). This established role in
hematopoiesis reinforces the biological plausibility of the observed
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association between RARA methylation and blood cell traits in our
study.

Additionally, we observed the association between EIF2AK1 and p2-
MG levels in the context of blood cadmium exposure. Although direct
evidence linking EIF2AK1, 2-MG, and cadmium exposure remains
sparse, our findings suggest that cadmium-induced hypomethylation at
EIF2AK1 region may contribute to elevated p2-MG levels. Further
experimental studies are needed to substantiate this hypothesis.

In this study, we conducted both sex-combined and sex-stratified
analyses to comprehensively assess DNA methylation changes associ-
ated with environmental exposure. The sex-combined model, which
included sex as a covariate, revealed significant DMRs across the entire
cohort. In addition, sex-stratified analyses identified several DMRs that
were significant only in either males or females, including genes such as
GM2A, CRB3, and EIF2AK1. Notably, some genes such as GM2A and
PPFIA3 exhibited opposite directions of methylation changes between
males and females. These findings suggest that certain methylation re-
sponses to environmental exposures may manifest in a sex-specific
manner and could be overlooked in pooled analyses. This observation
is consistent with previous studies showing that autosomal DNA
methylation patterns differ between men and women, even beyond the
influence of sex chromosomes (Gatev et al., 2021; Grant et al., 2022).
Moreover, although most evidence for sex-dependent epigenetic
changes in response to environmental exposures such as heavy metals
has come from studies in animal models or developmental cohorts, such
findings raise the possibility that similar mechanisms may also operate
in adults (Sen et al., 2015; Sobolewski et al., 2018). These effects may be
mediated by sex-specific differences in immune function, hormonal
regulation, or metabolic pathways. These findings support the inclusion
of both sex-combined and sex-stratified approaches in environmental
epigenetic research and underscore the importance of considering sex as
a biological factor in interpreting DNA methylation patterns.

Despite the significance of these results, there are several limitations.
Firstly, the presence of heavy metals such as cadmium, lead, and mer-
cury in cigarettes creates a significant correlation between smoking
status and heavy metal concentrations. This correlation complicates the
interpretation of elevated heavy metal levels in residents’ urine and
blood — whether they arise from residing in environmentally vulnerable
areas or smoking habits. Our data indicated that the proportion of in-
dividuals with a smoking history was higher in the control group
compared to the exposed areas (Table S1). To address this issue, we
adjusted for the effect of smoking status by including it as a covariate in
our regression analysis. Nevertheless, the potential for residual con-
founding effect remains a concern and should be considered when
interpreting the findings. Secondly, while we have proposed potential
links between specific DMRs and disease or clinical variables through
extensive literature review, the detailed biological mechanisms under-
lying these associations are not yet fully elucidated. Future experimental
research, grounded in various theoretical frameworks, is essential to
provide more concrete evidence and deepen our understanding of these
relationships. Thirdly, the cross-sectional design of this study limits the
ability to infer temporality or establish causal relationships between
environmental exposure, DNA methylation changes, and clinical out-
comes. Since both exposure and outcomes were measured at the same
time point, the possibility of reverse causation cannot be ruled out.
Longitudinal studies will be necessary to establish the directionality of
these relationships. Finally, although we utilized reference-based
deconvolution methods to estimate cell-type proportions from bulk
methylation data, we were unable to directly measure or validate cell-
type compositions. This limitation may introduce bias, especially in
the interpretation of findings presumed to be cell type-specific. Future
studies incorporating single-cell methylation profiling or flow
cytometry-based validation are warranted to address this limitation.
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5. Conclusions

In conclusion, our study demonstrates that individuals residing in
environmentally vulnerable areas, such as mining or refineries, show
notable alterations in DNA methylation patterns, which may reflect the
influence of various environmental factors including potential heavy
metal exposure. These methylation changes may be associated with
specific clinical or disease-related traits, as partially supported by our
MIMA and MR analyses. In particular, the results of DMRs located in the
IL10RB and RARA gene regions are noteworthy because they showed
results consistent with previously known literature. These DMRs are also
expected to serve as biomarkers for the continuous monitoring of the
residents’ conditions in environmentally vulnerable areas, which was
the original aim of the analysis. This approach can provide invaluable
insights into the long-term impact of environmental contaminants on
human health, emphasizing the need for proactive measures to mitigate
these effects.
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