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Abstract

Epigenome-wide association study

Chronological age prediction

DNA methylation at CpG sites is an important biomarker pf bi'ological staﬁe, including age,’»? Sex{3 cell composition,* and dive.rse health—relevant phenotypes.f Becagse a) Chronological age predictions using established clocks b) ab initio trained chronological age predictions S bvalue Gepe  Mostrelevant
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whole-blood samples with matched EPIC array and WGMS data. We examine three common applications: methylation-based chronological age prediction (“epigenetic horts (validated jointly using all S 40, s S o 8%.0° .8 ° 3 B 06081577-106082965  B50EQT  ZFPMD  GWAS B
clocks”), whole-blood cell-type deconvolution, and a proof-of-principle epigenome-wide association study (EWAS). samples) and b) ab initio models Y ® v . ee®_O° ogX - | |
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7 ~N R o 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 ¢q19297398_BC21 0000021 GPATCHZ  GWAS BMI
INPUT EXTRACTION FRAGMENTATION Kit14 R10.4 WGS Cell-type 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 4 | |
Whole genome sequencing : applied a range of models from Zhang et al.’ to Oxford Nanopore WGMS data downsampled to various depths as well as to our matched EPIC array data (Figure 3a; Table < Table 3: Top ten BMIEWAS hits for Oxford Nanopore WGMS and
n deconvolution PP rdang . . S P P P 9y 9 = EPIC array data, annotated with the closest protein coding gene
46 matched 1). Following intercept calibration, we observed comparable performance for the best models for both 30X WGMS and EPIC array data, although different models were T /
— g Int P P P : y 9 = 3 - and the most relevant known phenotype for that gene from the
> > WGMS-EPIC 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 aQ EWAS Atlas and OpenTargets databases.
~ ~ datasets on a 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 5, 5
4 ) healthy cohort : 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 O
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Figure 1: Flowchart showing the wetlab and drylab experiments undertaken to compare Oxford Nanopore WGMS and EPIC array methylation. : models, as well as model information for the Eplgenome W.lde association studies (EWAS) can reveal how DNA methylatlon regulates an.d re-fsponds.to phyS|o|og|ca| change and e”V'rO”mer.‘ta' cXPOSUTE, and can help
15X WGMS 3.03 0.968 elastic net 200 7.23 0.915 best performing ab initio models. identify or refine drug targets. For example, EWAS of phenotypes associated with metabolic disorder, including BMI, may be helpful for designing lifestyle and pharmeceu-
30X WGMS 257 0.979 ridge 500 4.54 0.954 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,

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- 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
Cel “t e d econvo ‘ Ut| on 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

yp 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.

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 EPIC 2.42 0999  elastic net 2,000 2.42 0.980
(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 a) WGMS cell proportion predictions ) EPIC array cell proportion predictions ]
models with leave-one-out cross validation), and Epigenome-wide association studies (EWAS). . - CO N d usIon
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COHCO rdance N methy‘a’uon frequenoes and mu‘t|d|mens|0na‘ dusteﬂng Lymphocytes 0,933 0.977 | ® Neutrophils /o' 201 ® Neutrophils ’ xford Nanopore > produced methylation estimates that were highly concordant wit v2 arrays at shared CpGs (mean Pearson's R = 0.977), and both platforms
/70 % e X captured the same dominant population-level structure, driven by cell composition and ancestry. Across the three common applications, nanopore data performed com-
o 7@ < ‘ arably to arrays. Pre-trained epigenetic clocks achieved similar accuracy after intercept calibration and remained robust down to 5X coverage. Ab initio models were more
Oxford Nanopore WGMS EPIC A Monocytes 0.795 0.901 S S o Parab’y y=- e PIgEn® Y P | g .
a) Methylation frequency for b) rray o 60- v 60- P sensitive to sequencing depth, reflecting the challenge of feature selection when features vastly outnumber samples. Methylation-based cell-type deconvolution from both
Nanopore vs. array in Sample #1 o o . . c w2 Neutrophils 0.972 0.974 = 1 = ,6 ® 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-
100 CpG count . o° . ° oo = Z .‘. Z '\ gregating co-methylated CpG tracts enabled detection of FDR-significant associations in the nanopore data. Top hits from both platforms overlapped previously reported
S : ~ 0..': e A ., s, o — Table 2: Pearson's R for predicted vs. CBC-derived g >0 %o & >0+ f. 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
S < ek, 00 < 0 %0 poPe o > foe @ M . « ® = i | S ® . S o/ g 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
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o 10 O o ¢ Je ¥ o o Q I I § o o SOV S WGMS or EPIC array data. S 40- ® , S 40 b . to fully realize the discovery potential of genome-wide, long-read methylation data.
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proportion) and the next two highly correlated with self-reported ethnicity (Figure 2b).
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