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DNA methylation at CpG sites is an important biomarker of biological state, including age,¹˒² sex,³ cell composition,⁴ and diverse health-relevant phenotypes.⁵ Because 
whole genome short read methods like whole genome bisulfite sequencing (WGBS) or enzymatic methyl-seq (EM-seq) remain relatively costly and workflow-intensive, 
large human methylation association studies have relied heavily on arrays and reduced representation bisulfite sequencing (RRBS)5˒6 . However, EPIC arrays target fewer 
than 5% of human CpGs,7 while RRBS typically recovers between 5 and 15% of CpGs,6 limiting discovery to a minority of CpG sites. Oxford Nanopore sequencing pre-
serves native DNA modifications and enables direct CpG methylation inference alongside primary sequence,8-10 allowing methylation to be linked with nearby variants, re-
gional co-methylation patterns, and haplotype-informative SNPs11˒12. A lack of chemical or enzymatic conversion simplifies wet lab workflows and increases the final usable 
fraction of sequencing data relative to standard short read methods13. These features make nanopore sequencing a compelling candidate for whole-genome methylation 
analysis and phenotype inference, motivating evaluation across common use cases.

Here, we evaluate Oxford Nanopore whole genome methylation sequencing (WGMS) for phenotype inference and association testing using 22 healthy human 
whole-blood samples with matched EPIC array and WGMS data. We examine three common applications: methylation-based chronological age prediction (“epigenetic 
clocks”), whole-blood cell-type deconvolution, and a proof-of-principle epigenome-wide association study (EWAS).
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Concordance in methylation frequencies and multidimensional clustering

To investigate the high-level patterns in the data and comparability of Oxford Nanopore and EPIC array derived methylation values, we calculated the correlation of methyl-
ation proportions derived from the Oxford Nanopore WGMS data (down-sampled to 30X coverage) and the beta values derived from the EPIC arrays at sites common to 
both technologies. Across 46 matched samples, ONT and EPIC methylation estimates were highly correlated (Figure 2a); Pearson’s R range between 0.97-0.98, with a mean 
of 0.977, while the mean absolute divergence was 7.6% across all shared sites across all samples. Principal coordinate analysis based on all sites (not just common sites) 
showed extremely concordant high-level patterns in both data types, with a first principal coordinate axis dominated by cell type composition (predominantly neutrophil 
proportion) and the next two highly correlated with self-reported ethnicity (Figure 2b).

Oxford Nanopore WGMS produced methylation estimates that were highly concordant with EPIC v2 arrays at shared CpGs (mean Pearson’s R = 0.977), and both platforms 
captured the same dominant population-level structure, driven by cell composition and ancestry. Across the three common applications, nanopore data performed com-
parably to arrays. Pre-trained epigenetic clocks achieved similar accuracy after intercept calibration and remained robust down to 5X coverage. Ab initio models were more 
sensitive to sequencing depth, reflecting the challenge of feature selection when features vastly outnumber samples. Methylation-based cell-type deconvolution from both 
platforms agreed closely with complete blood counts, with each platform modestly outperforming the other for different lineages. In a proof-of-principle BMI EWAS, ag-
gregating co-methylated CpG tracts enabled detection of FDR-significant associations in the nanopore data. Top hits from both platforms overlapped previously reported 
BMI EWAS and GWAS loci, supporting their biological credibility. Together, these results suggest that nanopore WGMS can serve as a direct replacement for array-based 
methylation analyses while extending coverage to the large majority of CpGs that arrays miss, and it adds sequence and haplotype context. Larger cohorts will be needed 
to fully realize the discovery potential of genome-wide, long-read methylation data.
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Dataset Best pre-trained clock Best ab initio trained clock
MAE R Method CpGs MAE R
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Table 3: Top ten BMI EWAS hits for Oxford Nanopore WGMS and 
EPIC array data, annotated with the closest protein coding gene 
and the most relevant known phenotype for that gene from the 
EWAS Atlas and OpenTargets databases.

Figure 5: Manhattan plots for BMI EWAS hits in Oxford Nanopore 
WGMS and EPIC array data, with the closest gene labeled for the 
top six hits in each technology. A line representing the FDR=10% 
line is shown for the Nanopore plot (no hits met this threshold 
for the EPIC array analsyis)

10% FDR

Figure 2: a) Correlation between Oxford Nanopore WGS-derived methylation proportions and EPIC array-derived beta values. b) Principal coordinate projection of samples from WGS and EPIC values.

b)

Self-reported 
ethnicity

Figure 3: Methylation-derived age 
estimates using a) existing models 
trained on large methylation co-
horts (validated jointly using all 
samples) and b) ab initio models 
trained using the inferrence data 
type (validated with leave-one-out 
cross validation)

Figure 1: Flowchart showing the wetlab and drylab experiments undertaken to compare Oxford Nanopore WGMS and EPIC array methylation.

a) b)

One important use of DNA methylation data is predicting traits in a sample, either using existing models or by training models ab initio. Chronological age models (so 
called “epigenetic clocks”) are particularly common given the robust signal of aging in DNA methylation data and the general interest in the epigenetic basis of aging. We 
applied a range of models from Zhang et al.14 to Oxford Nanopore WGMS data downsampled to various depths as well as to our matched EPIC array data (Figure 3a; Table 
1). Following intercept calibration, we observed comparable performance for the best models for both 30X WGMS and EPIC array data, although different models were 
found to be optimal for each technology (the BLUP model for WGMS, the Elastic Net model for EPIC array). Downsampled WGMS data showed excellent performance down 
to 5X coverage. We also trained models ab initio with all the data types and assessed by leave-one-out cross-validation, given the small sample size (Figure 3b; Table 1). We 
were able to train robust models for all datasets except for the 5X coverage WGMS dataset, although performance dropped off much faster with decreasing depth than in 
our inferrence-only test, highlighting the limitations of site selection and model fitting with such a high feature-to-sample ratio.

Table 1: Mean average error (MAE) and Pear-
son’s R for methylation-derived age estimates 
using existing pre-trained models and ab initio 
models, as well as model information for the 
best performing ab initio models.

Table 2: Pearson’s R for predicted vs. CBC-derived 
cell type proportions using Oxford Nanopore 
WGMS or EPIC array data.

Figure 4: Blood cell proportion estimates from a) 
WGMS and b) EPIC array methylation values vs 
CBC-derived values. Points are colored by cell 
type, and a dottod line indicates 1:1 parity.

a) b)

Peripheral blood samples contain DNA extracted from a variety of cells from various blood cell lineages, with each lineage containing a distinct methylation profile regulat-
ing cell-specific gene expression. Per sample cell-type proportion estimation (”cell-type deconvolution”) is routinely used to preserve real biological signal during down-
stream analyses. To compare the performance of Oxford Nanopore WGMS data to traditional EPIC array methods, we followed best practices for cell type deconvolution 
for each datatype and compared proportion estimates to those derived from a complete blood count (CBC) from sample provider. Methylation deconvolution and CBC re-
solve different sets of cell types, so estimates were merged to most granular shared categories: lymphocytes, monocytes, and neutrophils. Both methylation technologies 
provided estimates with high concordance to CBC values (Figure 4; Table 2). WGMS gave more accurate estimates for Lymphocytes (Pearson’s R 0.983 vs. 0.977), while EPIC 
arrays gave more accurate estimates for Monocytes (0.901 vs. 0.795).

Epigenome-wide association studies (EWAS) can reveal how DNA methylation regulates and responds to physiological change and environmental exposure, and can help 
identify or refine drug targets. For example, EWAS of phenotypes associated with metabolic disorder, including BMI, may be helpful for designing lifestyle and pharmeceu-
tical interventions for this disorder and its comorbidities. We conducted EWAS of BMI using both WGMS and EPIC array data, controling for age, sex, cell type composition, 
and self-reported ethnicity. In order to increase methylation frequency estimation precision and improve detection power, we identified correlated tracts of neighboring 
CpGs in the WGMS data and aggregated methylation counts within these tracts for our WGMS EWAS. After FDR correction, we identified six significant associations in the 
WGMS data and none in the EPIC array data (Figure 5). However, because the disparate data types necessitated very different statistical models, direct comparison of P 
values is likely inappropriate. We therefore looked at the top ten hits for each platform and assessed biological credibility of the hits by comparison to the EWAS Atlas and 
OpenTargets database (Table 3). We found that one WGMS hit matched a previous BMI EWAS hit, while four matched BMI GWAS hits. Meanwhile, two EPIC array hits 
matched previous BMI EWAS hits and one more matched a BMI GWAS hit.

Blood samples were obtained from 46 healthy donors through Cambridge Bioscience, across a range of ages (18-65). DNA was extracted from the donor blood by che-
magic BBS (blood, buffy coat and saliva) DNA kit H96 with DNA extractions occurring on the day of blood delivery. Shearing to ~10 kb was performed with the genogrinder 
(speed 1750 spm at ~30ng/ul, total per well volume of 120 ul). Whole genome sequencing with LSK114 was performed in-house with one sample per flow cell, run on a 
PromethION24 for 72 hours with no washes. Live basecalling was performed during sequencing, using the v5.2.0 hac basecalling model with 5mC and 5hmC detection in 
CG contexts and aligning to the hg38 human reference. In parallel, samples were sent to an external vendor to assay with the EPIC v2 array, with QC and initial data pro-
cessing provided by the vendor. For all analyses, WGMS 5mC and 5hmC values were combined to ensure comparability to arrays, and data were downsampled to 30X cov-
erage unless otherwise indicated. Methylation values for each sample on each platform were plotted and compared to assess large-scale concordance, and then data from 
both platforms was analyzed according to platform-specific best practices for cell-type deconvolution, age/trait prediction (using pre-trained models as well as ab initio 
models with leave-one-out cross validation), and Epigenome-wide association studies (EWAS).



