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Abstract 

Background  Methylation changes linked to dilated cardiomyopathy (DCM) affect cardiac gene expression. We inves-
tigate DCM mechanisms regulated by CpG methylation using multi-omics and causal analyses in the largest cohort 
of left ventricular tissues available.

Methods  We mapped DNA methylation at ~ 850,000 CpG sites, performed array-based genotyping and conducted 
RNA sequencing on left ventricular tissue samples from failing and non-failing hearts across two independent DCM 
cohorts (discovery n = 329, replication n = 85). Summary-data-based Mendelian Randomisation (SMR) was applied 
to explore the causal contribution of sentinel CpGs to DCM. Fine-mapping of regions surrounding sentinel CpGs 
revealed additional signals for cardiovascular disease risk factors. Coordinated changes across multiple CpG sites were 
examined using weighted gene co-expression network analysis (WGCNA).

Results  We identified 194 epigenome-wide significant CpGs associated with DCM (discovery P < 5.96E−08), enriched 
in active chromatin states in heart tissue. Amongst these, 32 sentinel CpGs significantly influenced the expression 
of 30 unique proximal genes (± 1 Mb). SMR suggested the causal contribution of two sentinel CpGs to DCM and two 
other sentinel CpGs to the expression of two unique proximal genes (P < 0.05). For one sentinel CpG, colocalisa-
tion analyses provided suggestive evidence for a single causal variant underlying the methylation-gene expression 
relationship. Fine-mapping revealed additional signals linked to cardiovascular disease-relevant traits, including creati-
nine levels and the Framingham Risk Score. Co-methylation modules were enriched in gene sets and transcriptional 
regulators related to cardiac physiological and pathological processes, as well as in transcriptional regulators whose 
cardiac relevance has yet to be determined.
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Conclusions  Using the largest series of left ventricular tissue to date, this study investigates the causal role of cardiac 
methylation changes in DCM and suggests targets for experimental studies to probe DCM pathogenesis.

Introduction
Dilated cardiomyopathy (DCM) is the most common 
form of cardiomyopathy and a leading indication for 
heart transplantation. It affects 1 in 250–400 individu-
als and has an annual incidence of 5–7 cases per 100,000 
persons per year [1]. DCM is characterised by thinning 
and weakening of the left ventricular heart walls, leading 
to contractile dysfunction [2–4]. There is marked hetero-
geneity in both the prognosis and age of onset for DCM, 
with most patients becoming symptomatic between 
20–50  years of age [5]. DCM accounts for a substantial 
2–3% of yearly sudden cardiac death (SCD) events which 
are characterised by an abrupt loss of cardiac function 
and death occurring within one hour of symptom onset 
[6, 7].

Over the past decade, the genetic basis for DCM has 
only been partially unravelled [8]. Beyond genetic pre-
disposition, environmental factors could also influence 
the incidence and course of DCM [4]. DNA methylation, 
a key regulator of gene expression, as well as a molecu-
lar integrator of genetic and environmental influences, 
has been investigated in DCM to gain insights into its 
molecular pathogenesis. To date, multiple epigenome-
wide association studies (EWAS) of DCM have identi-
fied a handful of differentially methylated loci [9–14]. 
These include CpGs at the natriuretic peptide A (NPPA) 
and natriuretic peptide B (NPPB) loci, where disease-
linked methylation disturbances have been observed to 
be conserved between myocardial tissue and peripheral 
blood [9]. The NPPA and NPPB loci encode the cardiac 
stress markers atrial natriuretic peptide (ANP) and brain 
natriuretic peptide (BNP), which are commonly meas-
ured in clinical settings to establish the diagnosis and 
prognosis of heart failure [15]. These markers are consid-
ered gold standard indicators for heart-failure progno-
sis, underscoring the potential clinical relevance of DNA 
methylation in DCM.

Existing epigenome-wide methylation studies of DCM 
have largely been limited by sample size (n = 8–72) owing 
to the scarcity of left ventricular tissue and the lim-
ited coverage of CpG sites on older methylation arrays 
[9–11, 14]. The largest existing EWAS of DCM (discov-
ery n = 72) detected only five loci at epigenome-wide 
significance (P < 5E−8), highlighting the need for larger 
samples to uncover signals that are robustly associ-
ated with disease [9]. While previous DCM methylation 
studies utilised older Illumina arrays that covered up to 
450,000 CpG sites, newer arrays now cover up to 850,000 

sites and provide enhanced coverage of key gene regula-
tory regions, including enhancers [16]. Recent advance-
ments in statistical methodologies, such as Mendelian 
Randomisation (MR), have allowed researchers to move 
beyond discovering associated signals to addressing cau-
sality [17]. This is particularly relevant for DNA methyla-
tion studies, as DNA methylation is affected by various 
disease-related and environmental factors.

In this study, we sought to expand our understanding 
of myocardial-specific methylation changes in DCM. We 
analysed intra-operative left ventricular tissue from a 
cohort of 329 individuals of White and African American 
ancestries (n = 159 cases, 170 controls). This study builds 
upon existing research of DNA methylation in DCM by 
using a larger and more ancestrally-diverse myocardial 
tissue sample. Additionally, a suite of integrative omics, 
causal analyses and fine-mapping of putative meth-
ylation markers are employed to elucidate the putative 
causal involvement of methylation alterations to DCM 
pathogenesis.

Methods
Description of samples
Myocardial applied genomics network cohort (MAGNet)
Transmural biopsies of the left ventricular free wall 
(0.5–1.5  g per cryovial) were collected during cardiac 
surgery from subjects with heart failure attributed to 
DCM undergoing transplantation, and from donor hearts 
deemed unsuitable for transplantation but with appar-
ently normal ventricular function. DCM was diagnosed 
based on the American Heart Association guidelines 
[18]. Specifically, all left ventricular tissue included in this 
investigation were obtained from subjects with an LVEF 
of ≤ 40% and with a diagnostic workup that revealed no 
evidence of familial or pregnancy-associated DCM, car-
diac ischaemia, significant toxin exposure or myocarditis. 
Hearts were perfused immediately with cold in-situ high-
potassium cardioplegia before cardiectomy to arrest con-
traction and prevent ischemic damage. Tissue samples 
were promptly frozen in liquid nitrogen.

Bruce McManus cardiovascular biobank cohort (BMCB)
Biopsies of the left ventricular free wall (apical portion; 
1- to 2-mm diameter) were obtained within five minutes 
post-cardiac surgery from subjects with DCM undergo-
ing transplantation. Tissue samples were sourced from 
the Bruce McManus Cardiovascular Biobank (BMCB) 
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at the University of British Columbia (UBC). DCM was 
diagnosed based on the American Heart Association/
American College of Cardiology (AHA/ACC) guide-
lines during pre-transplant admission, as well as during 
routine follow-ups and evaluation. Following the heart 
transplant, cardiac pathologists conducted detailed 
examinations of the explanted hearts to confirm the diag-
nosis of DCM. The pathology findings were documented 
in reports, which were subsequently utilised by the 
BMCB for DCM stratification. All left ventricular tissue 
included in this investigation were obtained from sub-
jects with a diagnostic workup that revealed no evidence 
of familial DCM, cardiac ischaemia, significant toxin 
exposure or myocarditis. Biopsies were washed in ice-
cold saline (0.9% NaCl) and stored in liquid nitrogen until 
DNA extraction. Control tissue samples were recovered 
within 0–2 h of circulatory death and were purchased by 
UBC from the International Institute for the Advance-
ment of Medicine (IIAM).

The iHealth‑T2D study
iHealth-T2D is a prospective study of Indian Asian males 
and females living in West London [19]. Participants 
were recruited in 2016. At enrolment, all participants 
completed a structured assessment of cardiovascular 
and metabolic health, which included (i) previous medi-
cal history of cardiovascular disease (CVD), specifically 
myocardial infarction, angina, and coronary heart disease 
(CHD); (ii) risk factors for CVD including hypertension, 
Framingham Coronary Heart Disease (FramCHD) score 
and creatinine; as well as (iii) high-sensitivity C-reactive 
protein (hsCRP). Methylation profiling was performed 
using genomic DNA from peripheral blood collected 
at enrolment. The study is approved by the National 
Research Ethics Service and all participants provided 
written informed consent.

Quantification of DNA methylation
Genomic DNA was bisulfite-converted using the EZ 
DNA methylation kit according to the manufacturer’s 
instructions (Zymo Research). Case and control sam-
ples were randomised in all experiments. Bisulfite-con-
verted genomic DNA was quantified using the Infinium 
MethylationEPIC BeadChip (EPIC array). Bead intensity 
retrieval and Illumina background correction were per-
formed using the minfi R package (version 1.40.0). Mark-
ers were excluded from analyses if they met any of the 
following criteria: (i) they were non-CpG; (ii) they were 
present on sex chromosomes; or (iii) they had a low call-
rate (< 95%). Samples were excluded from analyses if they 
met any of the following criteria: (i) they had a low call-
rate (< 98%); (ii) they had mislabelled sex; or (iii) they 
were present in duplicate. After filtering, the discovery 

cohort (MAGNet) had 838,624 autosomal CpG probes 
and 329 samples, while the replication cohort (BMCB) 
had 841,904 autosomal CpG probes and 85 samples avail-
able for analysis.

Statistical analyses of epigenome‑wide data
Epigenome-wide methylation data was analysed using 
the CPACOR pipeline (incorporating Control Probe 
Adjustment and reduction of global CORrelation) [20]. 
Quantile-normalised marker intensity values were used 
to calculate per-CpG methylation beta values. In the 
CPACOR pipeline, signal intensities from control probes 
built into the array are used to address technical biases in 
methylation data. These control probes assess key aspects 
of array chemistry, such as bisulfite conversion efficiency. 
A principal component analysis (PCA) is performed on 
the control probe intensities, and the resulting principal 
components (PCs) are included as linear predictors in 
regression analyses. This method was designed to mini-
mise technical bias when comprehensive information 
on experimental factors that could cause data variations 
is lacking. In the current investigation, PCs accounting 
for ~ 95% of control probe variation were included as pre-
dictors in regression models to adjust for technical biases 
(MAGNet: first 10 PCs; BMCB: first 3 PCs). The associa-
tion of each autosomal CpG site with DCM was tested 
using logistic regression, adjusting for age, sex and con-
trol probe PCs (Model: DCM ~ Beta + Age + Sex + PCsco

ntrol-probes). Within the mixed-ancestry MAGNet cohort, 
regression was performed separately for each ancestry 
group, followed by a trans-ancestry inverse-variance-
weighted meta-analysis using METAL. Test-statistic bias 
and inflation in association results was adjusted pre- and 
post- meta-analysis, using a Bayesian algorithm imple-
mented in the bacon R package (version 1.30.0) [21].

Enrichment analysis of genomic regulatory features
Sentinel CpGs were evaluated for enrichment in genomic 
regulatory features. This evaluation was conducted 
against a background set of 1000 permutations of EPIC 
array CpGs. Permuted background sites were matched 
to sentinel CpGs based on similar methylation levels 
(± 0.025 difference in mean methylation beta) and vari-
ability (± 0.25 difference in standard deviation). Instead of 
using a fixed threshold for mean and standard deviation 
across all sentinel CpGs, a sliding-window approach was 
applied [22]. Using this approach, starting values of 0.025 
for mean and 0.0025 for standard deviation were gradu-
ally incremented up to a maximum of 0.25 for mean and 
0.025 for standard deviation, until 1000 permuted sites 
were identified for each sentinel CpG.

The assessed genomic features included 15 learned 
chromatin states, deoxyribonuclease I (DNAse I) 
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hotspots, regions marked by 5 core histone modifica-
tions, as well as 1210 transcription factor binding sites 
(TFBS). Information on chromatin states, DNAse I hot-
spots and regions enriched in histone modifications 
in various tissues and cell subsets were obtained from 
the Roadmap Epigenomic Consortium database, while 
known TFBS were sourced from the Remap 2022 data-
base [23, 24]. Transcription Factors (TFs) correspond-
ing to enriched TFBS were classified as follows: ‘Cardiac 
TF’ if expressed in humans and validated in vivo [25, 26]; 
‘Computational-based’ if predicted as cardiac TFs com-
putationally due to disruption of TFBS near heart-failure 
linked loci [27, 28], or ‘Cardiac role unknown’ if existing 
literature has not suggested any cardiac role in humans. 
Enrichment was determined through a one-tailed per-
mutation test. Permutation P values were computed by 
comparing overlap counts in the sentinel CpG set (test 
set) with the background distribution.

RNA sequencing
RNA sequencing (RNA-Seq) data for gene expres-
sion  was obtained from the same left ventricular tissue 
samples analysed for methylation, if available (n = 306, 
MAGNet). Prior to downstream analyses, genes were 
removed if they met any of the following criteria: (i) they 
had low read counts (< 10 counts in the minimum group 
size of samples); or (ii) they were present on sex chro-
mosomes. Gene expression levels were normalised using 
Trimmed Mean of M-values (TMM), recommended for 
quantitative trait loci analyses [29]. More details on the 
sequencing, alignment, filtering and normalisation of 
RNA-seq data are available in Additional file 3.

Expression quantitative trait methylation (cis‑eQTM) 
analysis
Expression quantitative trait methylation (cis-eQTM) 
analysis was conducted to identify significant associa-
tions between sentinel CpG methylation and proximal 
(cis) gene expression (± 1 Mb of the sentinel CpG based 
on gene transcription start site (TSS)). Gene expression 
was modelled against CpG methylation with adjustment 
for age, sex, ethnicity, RNA Integrity number (RIN) and 
the top 5 probabilistic estimation of expression residu-
als (PEER) factors which represent latent sources of vari-
ability in the gene expression data, possibly including 
technical and unknown confounders [30]. Association 
testing was performed using a linear model implemented 
within the MatrixEQTL R package (version 2.3) [31]. Fol-
lowing cis-eQTM identification, physical interactions 
between sentinel CpGs and their target genes were fur-
ther examined using left ventricular chromatin interac-
tion data from an external dataset at 5 kb resolution [28]. 
Sentinel CpG enrichment in cis-eQTMs was evaluated 

against matched background CpGs, using the same per-
mutation testing method earlier described in ’Methods: 
Enrichment analysis of genomic regulatory features’.

Methylation quantitative trait loci analysis (meQTL)
DNA samples were obtained from the same left ventricu-
lar tissue samples analysed for methylation, if available 
(n = 304, MAGNet). Genotyping was performed using 
the Affymetrix Genome-Wide SNP Array 6.0 [32]. SNPs 
were removed from the current analyses if they met any 
of the following criteria: (i) they were multiallelic; (ii) they 
were present in duplicate; (iii) they had low imputation 
quality (R2 < 0.3); or (iv) they were rare, defined as having 
an ancestry-specific minor allele frequency (MAF) of less 
than 0.05. Methylation quantitative trait loci (meQTL) 
analysis was conducted to identify significant asso-
ciations between SNPs and sentinel CpG methylation 
(± 500 kb). CpG methylation was regressed against SNP 
dosage values with adjustment for age, sex and methyla-
tion array control probe PCs capturing 95% of control 
probe variation. Association testing was performed using 
a linear model implemented within the MatrixEQTL R 
package (version 2.3) [31]. Regression was performed 
separately for each ancestry group, followed by a trans-
ancestry inverse-variance-weighted meta-analysis using 
METAL.

Causal analyses (Mendelian Randomisation 
and Colocalisation)
Summary-data-based Mendelian randomisation (SMR) 
was performed to investigate the putative causal contri-
bution of sentinel CpGs to DCM. SMR uses summary-
level association statistics from independent association 
studies to compute a causal estimate for the influence of 
an exposure (e.g. sentinel CpG methylation) on an out-
come (e.g. DCM disease status, or gene expression) [17]. 
The significance of the causal estimate is determined 
using the Wald Test. Separate SMR analyses were con-
ducted to examine causal relationships between sentinel 
CpG methylation and (i) DCM, as well as (ii) proximal 
gene expression (± 1  Mb). For each sentinel CpG, the 
SNP that was most strongly associated with the CpG 
in meQTL analysis (P < 0.05), that was also analysed for 
association with the respective outcome, was chosen to 
be the instrumental variable (IV) for assessing causal rela-
tionships. Genetic associations for DCM were obtained 
from the largest published GWAS of DCM (n = 355,381, 
UKBioBank), while genetic associations for gene expres-
sion were obtained from the largest left ventricular tis-
sue cis-expression quantitative trait loci (cis-eQTL) study 
(n = 386; GTEx v8 release; SNPs within ± 1  Mb of gene 
transcription start sites) [33, 34]. We validated SMR-
significant associations using one-sample Mendelian 



Page 5 of 17Tan et al. Clinical Epigenetics           (2025) 17:45 	

Randomisation (one-sample MR), and also conducted 
colocalisation analyses to evaluate the posterior prob-
abilities of a shared causal variant for the assessed traits. 
One-sample MR was performed with individual-level 
genotype, methylation, and outcome data (MAGNet) 
using the 2-stage least squares regression method imple-
mented in the AER R package (version: 1.2–12). Colo-
calisation analysis was conducted using the coloc.abf 
function in the coloc R package (version 5.2.3), based on 
a ± 500  kb region around each sentinel CpG as this was 
the window size used for identifying meQTL [35].

Weighted gene co‑expression network analysis (WGCNA)
We employed weighted gene co-expression network 
analysis (WGCNA) to construct co-methylation mod-
ules using DCM-associated CpGs from discovery-stage 
EWAS [36]. These CpGs were (i) associated with DCM 
(FDR P < 0.05); (ii) replicated with consistent associa-
tion direction; and (iii) displayed variability (methylation 
beta SD > 0.02). Using 32,198 CpGs, we built a signed 
consensus co-methylation network using the blockwise-
consensusModules function in the WGCNA R package 
(version 1.72–5), using settings recommended for our 
sample size (soft thresholding power = 12, merge cut 
height = 0.25 and minimum module size = 30). Meth-
ylation levels within consensus modules were sum-
marised as module eigengenes (ME) and tested for 
correlation with DCM separately by ancestry (Model: 
DCM ~ ME + Age + Sex + 10PCs). Ancestry-specific 
results were combined using inverse-variance-weighted 
meta-analysis to determine module associations with 
DCM. Additionally, a hypergeometric test was applied 
to assess module enrichment in DCM sentinel CpGs 
(P < 0.05) against all CpGs used for network construction. 
Genes mapped to CpGs within co-methylation modules 
were assessed for overrepresentation of Gene Ontology 
(GO) terms and biological processes from KEGG and 
REACTOME databases using the clusterProfiler R pack-
age (version 4.10.0). GO gene sets were obtained from 
org.Hs.eg.db (version 3.18.0), while KEGG and REAC-
TOME datasets were accessed via the msigdbr R pack-
age (version 7.5.1). Co-methylation modules were also 
assessed for enrichment in known TFBS.

Targeted methylation sequencing
Targeted methylation sequencing was performed using 
genomic DNA from peripheral blood samples col-
lected from participants of the iHealth-T2D study. 
Targeted methylation sequencing was performed for 
regions defined as ± 500 bp of DCM sentinel CpGs. The 
choice of window size is supported by previous publi-
cations demonstrating a decay in correlation between 
methylation sites beyond 1–2 kb [37, 38], and from our 

in-house whole-genome bisulfite sequencing dataset 
where we observed that |r|> 0.2 was within ± 500 bp for 
most of the assessed CpGs (data unpublished). Addi-
tional details on probe design, sample processing and 
library preparation, sequencing and quality control 
steps employed are available in Additional file 3.

Statistical analyses of targeted methylation sequencing 
data
Within each sequenced region, the association of each 
CpG site with CVD-related traits was tested using lin-
ear regression for continuous traits and logistic regres-
sion for binary traits, adjusting for age, sex and white 
blood cell proportion of six white blood cell sub-popu-
lations (CD8 T cells, CD4 T cells, Natural Killer Cells, 
B-cells, Monocytes, Granulocytes) estimated by the 
Houseman algorithm [39]. In parallel, pairwise correla-
tion in methylation levels between CpGs within regions 
was calculated using the R function cor. For a given 
pair of CpGs, only samples where methylation data was 
available for both CpGs being compared were used to 
calculate correlation.

Regions represented by sentinel CpGs were assessed 
for enrichment in significant associations to CVD 
traits, compared regions represented by a background 
set of 1000 permutations of non-sentinel CpGs. The 
background set consisted of EPIC array CpGs matched 
by methylation levels and variability to sentinel CpGs 
using the same sliding-window approach that was 
described in ‘Methods: Enrichment analysis of genomic 
regulatory features.’

Construction of methylation risk score (MRS)
We constructed a methylation risk score (MRS) from 
CpGs in fine-mapped regions and examined the asso-
ciation of these scores with CVD traits. Effect sizes 
of association between individual CpG loci and CVD 
traits were used as weights for constructing the meth-
ylation score. Specifically, we defined trait-specific MRS 
within each region as a linear combination of k CpG 
sites, beta values b and weights w:

Within each region, the association of each MRS with 
CVD-related traits was assessed, adjusting for the same 
covariates as in single loci association testing described 
in ‘Statistical analyses of targeted methylation sequenc-
ing data’. Permutation testing was conducted using 

MRS =

k∑

i=1

wibi
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the same methodology as that applied to single CpG 
associations.

Results
Overview of study design
Our study design is summarised in Fig. 1. In brief, we first 
carried out an epigenome-wide association investiga-
tion of DCM using 414 left ventricular samples obtained 
from two repositories: the Myocardial Applied Genomics 
network  (MAGNet; n = 329 [discovery]) and the Bruce 
McManus Cardiovascular Biobank (BMCB; n = 85 [rep-
lication]) (Additional file  1: Table  S1). Integrative omics 
analyses were performed on the identified sentinel CpGs. 
To discover additional signals beyond CpG sites captured 
by the methylation array, we conducted fine-mapping of 
selected top-ranking loci in blood samples obtained from 
a population-based cohort (iHealth-T2D, n = 1974).

Epigenome‑wide association analysis
We performed EWAS of DCM using genomic DNA 
extracted from left ventricular free-wall tissue. Sepa-
rate EWAS were carried out for Whites and African 

Americans within the discovery cohort (MAGNet), fol-
lowed by inverse-variance meta-analysis (Methods; Addi-
tional file  2: Figure S1). From discovery-stage EWAS, 
196 CpG sites were associated with DCM at a Bonfer-
roni-corrected threshold of P < 5.96E−08 (0.05/838,624) 
(Fig.  2A). Subsequent targeted replication testing in the 
BMCB cohort (n = 36,925 CpGs, discovery FDR P < 0.05) 
confirmed consistent directionality of effect size esti-
mates for all 196 Bonferroni-significant discovery CpGs, 
as well as previously reported CpG associations with 
DCM (Additional file  1: Tables S2 and S3). The 196 
CpG sites were distributed across 171 genetic loci, with 
150/171(88%) genetic loci containing a single sentinel 
CpG and 21/171 (12%) loci containing two or more sen-
tinel CpGs (Additional file 1: Table S2, Additional file 2: 
Figure S2). Conditional analyses at each locus identified 
a total of 194 robustly associated and conditionally inde-
pendent signals (‘sentinel CpGs’), which were further 
analysed for functional relevance and causal contribution 
to DCM pathogenesis (Fig. 2B).

Unsupervised hierarchical clustering based on the 
methylation levels of the 194 sentinel CpGs resulted 

Fig. 1  Study design. Key abbreviations used: (Analyses) EWAS = epigenome-wide association study; eQTM = expression quantitative trait 
methylation analysis; WGCNA = weighted gene co-expression network analysis; (Ancestries) AA = African American; (Cohorts) MAGNet = Myocardial 
Applied Genomics Network; BMCB = Bruce McManus Cardiovascular Biobank; UKBB = UK Biobank; GTEx = Genotype-Tissue Expression project
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in two distinct clusters, segregating samples by their 
respective case and control status (binomial P < 2.2E−16) 
(Fig. 3). DCM cases comprised the majority of one cluster 
(128/145; 88%), while controls constituted the majority of 
the second cluster (153/184; 83%). This finding supports 
a perturbation of DNA methylation in DCM. Clustering 
by case and control status persisted in ancestry-specific 
unsupervised hierarchical clustering of methylation lev-
els of the sentinel CpGs (Additional file 2: Figure S3).

Enrichment of Sentinel CpGs in active gene regulatory 
regions and impact on proximal gene expression
To understand the regulatory role of sentinel CpGs, we 
first examined the enrichment of chromatin states. Com-
pared to a background of array CpGs matched by methyl-
ation levels and variability, sentinel CpGs were enriched 
in transcriptionally active chromatin states of left ven-
tricular tissue, including weakly-transcribed regions 
(permutation test P < 0.001), actively transcribed regions 
and enhancers (permutation test P < 0.05; Additional 
file  2: Figure S4A). Conversely, sentinel CpGs exhibited 
depletion in polycomb-repressed regions relative to the 
background (permutation test P < 0.001). In addition to 
enrichment for transcriptionally active chromatin states, 
sentinel CpGs were also enriched in deoxyribonucle-
ase I (DNase I) hotspots  (Additional file  2: Figure S4B). 
DNase I hotspots are genomic regions that exhibit a 
significantly high frequency of cleavage by the enzyme 
DNase I, indicating areas of increased accessibility within 
the chromatin. Sentinel CpGs were not only enriched 

in cardiac tissue-specific DNase I hotspots, but also in 
DNAse I hotspots across various other tissue types and 
cell subsets, suggesting their gene regulatory role across 
multiple tissues. We also analysed the overlap between 
sentinel CpGs and regions marked by histone modifica-
tions associated with gene regulation. Sentinel CpGs 
were enriched in H3K4me1-marked regions indicative 
of primed enhancers and promoters. Conversely, sentinel 
CpGs were depleted in H3K4me3-marked regions associ-
ated with active promoters. This enrichment in primed, 
rather than active regulatory elements, suggests that 
sentinel CpGs could contribute to an epigenetic priming 
mechanism that facilitates changes in gene expression in 
response to pathological stressors.

To identify sentinel CpGs that impacted proximal 
gene expression, hereon referred to as cis-expression 
quantitative methylation loci (cis-eQTM), we examined 
the association between methylation levels of the 194 
sentinel CpGs and expression of their proximal genes 
(< 1  Mb from the gene transcription start site (TSS)) 
present in the discovery (MAGNet) and replication 
(BMCB) RNA-seq datasets. The 194 sentinel CpGs were 
enriched for association with proximal gene expression 
(discovery FDR P < 0.05) in left ventricular tissue (4.20-
fold compared to expectations under the null hypoth-
esis; P < 0.001) (Additional file 2: Figure S5). Subsequent 
targeted replication testing on sentinel CpG-gene pairs 
reaching FDR P < 0.05 in discovery-stage association test-
ing confirmed consistent directionality of effect size esti-
mates between 32 sentinel CpGs and 30 unique proximal 

Fig. 2  DCM Sentinel CpGs. a Manhattan plot for discovery-stage EWAS of DCM. The horizontal significance line (red) corresponds 
to the epigenome-wide significance threshold (P < 5.96E−08, 0.05/838,624 tests). The 194 DCM sentinel CpGs are highlighted. At genomic loci 
with > 1 epigenome-wide significant signal, secondary signals (green) were identified by conditioning on the lead signal (lowest P in region; red). 
b Distribution of DCM Sentinel CpGs across various gene features. The 194 Sentinel CpGs were annotated to gene features based on the Illumina 
manifest file (version b2)
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Fig. 3  Unsupervised clustering using methylation levels of 194 sentinel CpGs. DCM, dilated cardiomyopathy
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genes (35 pairs; ‘replicated cis-eQTMs’) (Fig.  4, Addi-
tional file 1: Table S4). Bulk left ventricular Hi-C data fur-
ther supported physical interactions between 29 sentinel 
CpGs and 27 unique proximal genes (31/35 pairs, 88.6%) 
(Fig.  4, Additional file  1: Table  S4). For most replicated 
cis-eQTMs, sentinel CpGs were located 5’ upstream of 
their target genes (Fig. 4A) and were inversely correlated 
with target gene expression (25/35 pairs, 71.4%) (Fig. 4B).

Summary‑data‑based Mendelian Randomisation to infer 
disease causation
Having obtained initial evidence of sentinel CpG contri-
bution to transcriptional regulation, we next leveraged 
upon summary-data-based Mendelian randomisation 
(SMR) to further evaluate potential causal relationship 
of the sentinel CpGs with both DCM and proximal gene 
expression. Separate causal analyses were conducted 
for DCM and gene expression. We found two senti-
nel CpGs that were potentially causally linked to DCM 
(cg08140459 and cg12359658; P < 0.05), with subsequent 
validation testing via one-sample Mendelian Randomisa-
tion (one-sample MR) confirming consistent direction-
ality of causal estimate for cg08140459-DCM (P < 0.05) 
(Additional file 1: Table S5).

To gain further insight into the molecular mecha-
nisms underpinning the contribution of sentinel CpGs to 
DCM, we conducted a separate SMR of gene expression, 
focusing on replicated cis-eQTMs. After excluding sen-
tinel CpGs without suitable instrumental variables (e.g. 
the SNP with the strongest association to CpG meth-
ylation was not assessed for association with proximal 
gene expression in the GTEx cis-eQTL analysis), 33 
cis-eQTMs (31 unique sentinel CpGs, 28 unique genes) 
could be analysed in the SMR of gene expression. Of the 
31 sentinel CpGs analysed, two sentinel CpGs showed 
putative causal relationships with two unique proximal 
genes (P < 0.05) (Additional file 1: Table S6).

We further integrated evidence from multi-omics 
analyses to evaluate the causal contribution of two sen-
tinel CpGs to DCM, both of which had significant 
causal estimates for gene expression based on SMR. 
We examined the posterior probability for a shared 
causal variant influencing both CpG methylation and 

proximal gene expression (cg11793257-ABHD12, coloc.
abf-PP.H4 = 0.47; cg01651169-ATP5MF, coloc.abf-PP.
H4 = 0.020) (Additional file 1: Table S6). The causal esti-
mates for both pairs were confirmed in one-sample MR, 
showing consistent direction of association (Additional 
file  1: Table  S6). To illustrate our approach for causal 
analysis, we focused on cg11793257-ABHD12, which 
exhibited suggestive evidence of genetic colocalisation 
(Fig. 5). To further investigate the potential causal regu-
latory relationship between cg11793257 methylation and 
Abhydrolase Domain Containing 12 (ABHD12) expres-
sion, we additionally examined an external dataset of 
left ventricular Hi-C chromatin interactions [28]. This 
analysis revealed that the chromatin region containing 
cg11793257 interacts with several chromatin regions 
along ABHD12, including a putative promoter region 
at the 5’ end of ABHD12 that features H3K27ac peaks 
(Fig. 5C).

While the target genes identified by SMR of gene 
expression to be influenced by sentinel CpG methylation 
have not been directly evaluated for their impact on car-
diac function, existing research suggests their relevance 
to cardiac pathogenesis. Abhydrolase Domain Contain-
ing 12 (ABDH12) is an enzyme that hydrolyses endocan-
nabinoids, a class of lipids influencing various cardiac 
pathologies including inflammation and cell death [40]. 
ATP Synthase Membrane Subunit F (ATP5MF) encodes a 
subunit of the mitochondrial ATP Synthase complex that 
plays a crucial role in maintaining mitochondrial energy 
production, a fundamental process in cardiac cell con-
tractility and function [41].

Genes mapped to CpG sites demonstrating coordinated 
changes in methylation patterns are enriched 
in disease‑relevant pathways
Beyond analysing single CpG associations, examining 
coordinated methylation changes across multiple CpG 
sites and their linked genes could reveal disease-relevant 
pathways regulated by DCM methylation. To achieve 
this, we conducted weighted gene co-expression network 
analysis (WGCNA), constructing co-methylation mod-
ules using methylation levels of 32,918 DCM-associated 
CpG sites (discovery EWAS FDR P < 0.05, with consistent 

(See figure on next page.)
Fig. 4  Association of sentinel CpG methylation with gene expression. A cis-eQTMs by genomic region. Sentinel CpGs are annotated by their 
genic locations: 5’ upstream (the region from upstream to + 100 bp downstream of the gene TSS), gene body, and 3’ downstream (the region 
following the gene body). Replicated cis-eQTMs were defined using two criteria: discovery FDR P < 0.05 (MAGNet) and confirmed directionality 
in replication testing (BMCB). B Directionality of replicated cis-eQTMs by genic location of sentinel CpGs. In each region-specific plot, replicated 
cis-eQTMs are ordered by chromosomal location of sentinel CpGs along the x-axis. The y-axis represents beta values of individual cis-eQTM 
relationships based on discovery-stage analysis. The table below each plot summarises the inverse and positive cis-eQTMs by genomic region, 
including their ratio (inverse/positive). Gene coordinates and TSS are based on the GENCODE version 19 annotation. eQTM = expression quantitative 
trait methylation loci
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Fig. 4  (See legend on previous page.)
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direction of association in replication EWAS, SD > 0.02 
across all samples). Seven co-methylation modules were 
identified (Fig. 6A). Regressing the module eigengene (the 
first principal component of module-specific methylation 
intensities) against DCM confirmed an association with 
DCM for all modules (Additional file 1: Table S7).

To investigate the biological relevance of co-methyla-
tion modules, we looked for over-represented gene sets 
and enrichment in transcription factor binding sites 
(TFBS). Gene set overrepresentation of gene ontology 
terms and pathways (KEGG/REACTOME) was ana-
lysed using genes belonging to replicated cis-eQTM 

pairs of module-specific CpGs (Fig.  6B–D, Additional 
file  1: Table  S8). Three of the seven identified co-meth-
ylation modules had enriched gene ontology terms 
(FDR P < 0.05). None of the modules showed significant 
enrichment for KEGG or REACTOME pathways. The 
most enriched gene sets and pathways in each module 
reflected distinct aspects of DCM pathogenesis, includ-
ing alterations in extracellular matrix composition (Mod-
ule 1; Fig.  6B), cell motility (Module 3; Fig.  6C), and 
immune-mediated pathways (Module 6) (Fig. 6D).

Five of the seven identified modules showed sig-
nificant enrichment in TFBS relative to background 

Fig. 5  Regional plots for a sentinel CpG gene pair with suggestive evidence for colocalisation. A Associations of CpGs surrounding cg11793257 
with DCM from discovery-stage EWAS (MAGNet). The displayed region (2 Mb) is centred on cg11793257. B Regional genetic associations 
with cg11793257 and ABHD12 Genetic associations were obtained for a region (± 500 kb) centred on the genetic variant (rs2424699) that was used 
as an instrumental variable in SMR to assess causal relationships between cg11793257 methylation and ABHD12 gene expression. The posterior 
probability (coloc PP.H4) of colocalisation between cg11793257 meQTLs and ABHD12 eQTLs was 0.47. Gene tracks for all regional plots consist 
of protein-coding genes obtained from Ensembl Release 75 (last release to be based on hg19 assembly). C Left ventricular chromatin interactions. 
At 5 kb resolution, multiple interactions were identified between the chromatin region containing cg11793257 and various regions along ABHD12. 
meQTL = methylation expression quantitative trait loci; eQTL = expression quantitative trait loci
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CpGs (permutation test P < 0.001) (Additional file  1: 
Table  S9, Additional file  2: Figure S6). Examining the 
most enriched TFBS for each module, two modules fea-
tured TFBS with known or likely cardiac roles, namely 
Thyroid Hormone Receptor Alpha (THRA) (Module 1) 
and Homeobox protein Hox-B8 (HOXB8) (Module 2). 
THRA contributes to cardiac function and contractility 

and HOXB8 belongs to the HOX family of genes that 
contribute to cardiac development [42, 43]. The top 
enriched TFBS for the other modules corresponded to 
TFs which are not currently known to specifically con-
tribute to cardiac pathways, including a component 
of the RNA polymerase II transcription machinery 
(GTF2A2; Module 4), a zinc finger protein (ZNF224; 
Module 5), and an oncogenesis-linked TF (LMO1; 
Module 7) [44]. Taken together, findings from gene 

Fig. 6  Co-methylation modules identified using DCM-associated CpGs. A Hierarchical cluster tree (dendogram) of co-methylation modules. 
WGCNA identified seven modules that exhibit conservation between co-methylation networks constructed independently within the White 
(n = 209) and African American (n = 118) ancestries. The colour band underneath the tree indicates distinct modules (grey = CpG sites that are 
not clustered into any module). B–D Bar plots of over-represented gene sets (FDR P < 0.05) in co-methylation modules. Genes were assigned 
to CpGs based on replicated cis-eQTM relationships. Gene set enrichment within a module was assessed against a background set consisting of all 
genes mapped to CpG sites that were used to identify co-methylation patterns (855 unique genes). Enriched gene ontology terms are displayed 
by decreasing order of significance (−log10p value)
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set and TFBS enrichment analyses highlight diverse 
aspects of DCM pathogenesis driven by coordinated 
changes in methylation patterns.

Fine‑mapping sentinel CpGs to investigate regional 
associations with traits related to cardiac disease 
and disease risk
As the methylation array covers only 2–3% of CpG sites 
in the epigenome, we sought to improve our investiga-
tion of regional associations using an existing target 
methylation sequencing dataset to increase coverage of 
CpG sites (± 500  bp) surrounding the top-performing 
DCM sentinel CpGs. Targeted methylation sequencing 
was performed using blood samples of individuals from 
the iHealth-T2D study, which is well phenotyped for 
various traits relevant to cardiovascular disease (CVD) 
(n = 1974). We assessed regional associations with: (i) 
previous medical history of CVD, specifically myocardial 
infarction, angina, and coronary heart disease (CHD); (ii) 
risk factors for CVD including hypertension, Framing-
ham Coronary Heart Disease (FramCHD) score and the 
renal marker creatinine, which has been associated with a 
greater risk of heart disease and early death in the general 
population [45]; as well as (iii) high-sensitivity C-reactive 
protein (hsCRP), an inflammatory marker that has been 
independently associated with increased risk of CVD in 
asymptomatic individuals [46].

Targeted sequencing was performed on regions sur-
rounding 28 DCM sentinel CpGs (28 regions) (Additional 
file 1: Table S10). A total of 293 CpG sites were captured, 
with two to 24 CpG sites captured in each region. Sev-
enteen regions had significant associations with at least 
one of the 10 unique CVD traits (Bonferroni-corrected 
P < 0.05) (Additional file 1: Table S11). At 14 regions, the 
CpGs with the strongest association with our CVD traits 
were not CpGs on the EPIC array, further illustrating the 
added value brought upon by targeted sequencing. Multi-
ple independent signals were also found for two regions, 
whereby conditioning on the lead signal revealed second-
ary signals in both regions. Compared to a background 
of non-sentinel CpGs matched by methylation levels and 
variability to sentinel CpGs and with ± 500  bp regions 
captured in the targeted sequencing experiment, the 28 
sentinel CpGs had a greater number of regions contain-
ing significant associations with creatinine (6/28 regions; 
permutation test P < 2.20E−02) and FramCHD score 
(5/28 regions; permutation test P < 3.80E−02) (Additional 
file 1: Table S13).

To illustrate the utility of targeted sequencing to 
improve regional associations with DCM, we highlight a 
region surrounding the DCM sentinel CpG, cg1179325 
(EWAS P = 1.94E−09). Targeted sequencing of this region 
revealed stronger signals for creatinine and FramCHD 

score (Bonferroni-corrected P < 0.05) from CpGs that 
were not present on the EPIC array (chr20_25218304 
with creatinine, P = 1.26E−03; chr20_25218276 with 
FramCHD score, P = 4.08E−03) (Fig.  7A, B; Addi-
tional file  1: Table  S11.) The newly identified CpGs 
exhibited methylation levels that correlated with 
cg11793257 (chr20_25218304 with cg11793257 |r|= 0.42; 
chr20_25218276 with cg11793257 |r|= 0.46) (Additional 
file 1: Table S11.)

We next combined methylation information from mul-
tiple CpGs in each region into a weighted methylation 
risk score (MRS) to investigate associations with CVD. 
Of the 28 sequenced regions, 25 regions had significant 
MRS (Bonferroni P < 0.05) for at least one investigated 
CVD trait (Additional file  1: Table  S12). In 23 of these 
25 regions, individual CpGs were not significantly asso-
ciated with CVD-related traits (Bonferroni P < 0.05). 
However, combining the methylation patterns of multi-
ple CpGs within these regions into an MRS revealed sig-
nificant associations with at least one of the investigated 
CVD-related traits, indicating that the combined effect of 
multiple CpGs provides stronger association with CVD 
traits than individual CpGs alone. Nonetheless, unlike 
regional single CpG association tests, the regional MRS 
of sentinel CpGs did not show enrichment for significant 
associations with specific CVD traits when compared to 
the regions surrounding permuted CpG sites (Additional 
file 1: Table S13).

Discussion
We perform the largest EWAS of DCM in cardiac tissues 
to date (discovery n = 159 DCM, 170 control), extending 
on previous EWAS of DCM in terms of sample size and 
coverage of CpG sites. In discovery-stage EWAS, we iden-
tified 36,925 CpG associations with DCM (FDR P < 0.05), 
which we assessed for replication in an independent 
DCM cohort. We further performed comprehensive 
multi-omics and causal analyses on the top signals: 194 
independent CpG signals for DCM that reached epige-
nome-wide significance (P < 5.96E−08). These integra-
tive omics analyses suggested the causal contribution of 
a subset of the 194 sentinel CpGs to DCM pathogenesis 
and transcriptional regulation. Fine-mapping of putative 
methylation markers supported the relevance of regions 
containing DCM-linked methylation changes to early 
indicators of CVD risk. Network analysis of coordinated 
changes across multiple DCM-associated CpG loci high-
lighted pathways relevant to DCM pathogenesis.

In addition to identifying novel CpG associations with 
DCM, our study confirmed strong associations reported 
by the most comprehensive existing EWAS of DCM con-
ducted by Meder et al. on a predominantly White cohort 
(discovery n = 41 cases, n = 31 controls) utilising the 
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older 450 k methylation array [9]. Among Meder et al.’s 
reported associations that were confirmed in the current 
investigation (discovery FDR P < 0.05, consistent direc-
tionality of effect between MAGNet and BMCB cohorts) 
were two CpG sites (cg25838968 and cg16254946) that 
had reached epigenome-wide significance in Meder 
et  al.’s investigation, as well as an additional CpG site 
(cg24884140) that had been singled out as a promising 
DCM diagnostic biomarker demonstrating consistent 
hypomethylation in both myocardial tissue and blood 
samples from individuals with DCM compared to control 
subjects, as well as superior classification accuracy for 
DCM compared to the clinical gold standard biomarker 
NT-proBNP.

Further to describing robust CpG associations with 
DCM, our study expands previous investigations with 
causal analyses of sentinel CpG contribution to DCM 
pathogenesis. While individual-level genotype data avails 
the option of conducting one-sample MR as the primary 
analysis to avoid issues arising from population hetero-
geneity, we opted instead to conduct SMR as our pri-
mary analysis to leverage genetic association data from a 
large-scale external GWAS of DCM. Additionally, utilis-
ing two samples minimises the risk of false positives. For 

CpG-DCM or CpG-gene pairs with SMR causal estimates 
that reached nominal significance (P < 0.05), one-sample 
MR was subsequently performed for validation. We iden-
tified a putative causal relationship between cg08140459 
and DCM. In our investigation, cg08140459 was also 
robustly linked to the expression of LTBP2, a recently dis-
covered prognostic biomarker for DCM, in independent 
cohorts [47]. To gain insight into the molecular pathways 
in DCM pathogenesis that involve sentinel CpGs, we 
conducted a separate SMR analysis for gene expression, 
revealing the putative contribution of two sentinel CpGs 
to nearby genes (cg11793257-ABHD12 and cg01651169-
ATP5MF) with functions relevant to DCM pathogenesis, 
thus warranting further investigation in a cardiac context.

Using targeted methylation sequencing data from a 
population-based cohort phenotyped for multiple car-
diac traits, we discovered independent CVD risk factor 
signals near DCM sentinel CpGs that were not captured 
by the EPIC array, particularly for creatinine and Fram-
CHD. We presented an example of new signals identi-
fied for both creatinine and FramCHD in the cg11793257 
locus. Notably, this locus was also highlighted in our 
SMR of gene expression, which suggested a putative 
causal relationship between cg11793257 methylation and 
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Fig. 7  Regional associations of a DCM sentinel CpG with CVD-related traits. This plot shows the regional associations of the cg11793257 
region with creatinine and FramCHD score. 12 CpGs were sequenced in this region. Three types of plots are included in each panel: (top) 
pairwise correlation in methylation levels between CpGs within the region; (middle) CpG-CVD trait associations; (bottom) protein-coding genes 
in the region. A Regional associations with creatinine. The lead signal is chr20_25218304 (P = 1.26E−03). B Regional associations with FramCHD 
score. The lead signal is chr20_25218276 (P = 4.08E−03). CVD = cardiovascular disease
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ABHD12 expression. ABHD12 plays a role in metabolic 
processes potentially related to cardiac pathology and 
cardiovascular disease, making it a relevant candidate for 
further investigation. While we found that aggregating 
methylation data from CpGs on a regional level improved 
regional associations with CVD traits, permutation 
analysis did not reveal enrichment for specific CVD 
traits among sentinel CpG regions. Further validation is 
required to ascertain the biological relevance of regions 
with MRS that are associated with CVD traits.

Our study has some limitations. Firstly, the cell-type 
heterogeneity of left ventricular tissue makes it chal-
lenging to delineate the specific cell types driving the 
associations between CpG methylation and DCM and 
to investigate cell composition bias. Although cell-type 
deconvolution algorithms exist for this task, the lack of 
reference methylation profiles for heart cell types means 
that only reference-free approaches can be applied. 
While reference-free deconvolution algorithms can 
predict distinct cell classes using major variations in 
methylation profiles, finding a biological basis to justify 
assigning these output classes to specific heart cell types 
(e.g. cardiomyocytes or cardiac fibroblasts) currently 
poses a significant challenge. As single-cell profiling tech-
niques for methylation and gene expression in cardiac 
cell types advance, future methylation studies of DCM 
should prioritise elucidating the cellular context of DCM-
linked CpG methylation and their gene regulatory roles. 
Regarding our MR analyses, one limitation is the poten-
tial bias in the causal relationships estimated by two-
sample MR due to population heterogeneity between 
the multi-ancestry MAGNet cohort (which includes 
White and African American participants) used to gen-
erate meQTL, compared to the predominantly White 
cohorts used in the GWAS of DCM and left ventricu-
lar eQTL analyses. Despite this, we did not restrict the 
meQTL analysis to only samples from subjects of White 
ancestry in our cohort with methylation and genotype 
data available (n = 194) to maximise power for detecting 
left ventricular meQTL associations. A second limitation 
of the MR analyses would be the limited sample size of 
the cohort used to generate meQTL, despite the current 
meQTL analysis being the largest to be conducted in left 
ventricular tissue to date.

Nonetheless, our study has important strengths. 
Besides being the largest existing study of DCM-linked 
methylation disturbances in left ventricular tissue to date, 
the current investigation extends previous methylation 
studies of DCM by seeking evidence for the causal con-
tribution of DCM-linked sentinel CpGs and by investi-
gating regional associations with traits indicative of CVD 
risk.

Conclusion
This is the largest investigation of perturbed CpG meth-
ylation in DCM to be conducted in disease-relevant left 
ventricular tissue obtained from patients and controls. 
We identify CpGs independently and robustly associ-
ated with DCM and suggest molecular players in puta-
tive causal mechanisms by which DNA methylation 
may impact DCM. We also provide preliminary indica-
tions of the prognostic potential of regions containing 
DCM-linked methylation alterations that are associated 
with CVD-relevant traits in the general population.
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