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Whole-genome bisulfite sequencing (WGBS) is a powerful and expensive
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same coverage of WGBS data. Using the k-nearest neighbors algorithm 1 _ —— — 80 -
(KNN), we can accurately extend methylation arrays using IHEC WGBS! ' ' ' . - . , , ,

methylation data as a reference. We calculated nearest neighbors and mEE KNN Imputation 10000 -
. . . 300000 - Nearest Array Probe Baseline

distances from the reference and used these to predict methylation
values for CpG sites not located on the array. We also transferred these 250000 - 8000 1
calculations to a different platform, the EPIC BeadChip array? 500000 -
downloaded using the recountmethylation package. Both studies using 60001
the KNN algorithm demonstrated higher correlations to the ground-truth 150000 - 1000 |
than when compared to a baseline. Using algorithms to impute 100000 -
methylation values rather than depending on WGBS data vastly reduces 5000 -
costs and efforts for EWAS studies. 200007
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The KNN algorithm, using WGBS data as a reference, is a viable method of
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Figure 1. K-selection performance on tuning set of data to ensure no over-fitting.
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