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Heterogeneity in DNA methylation (DNAM)
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Motivating example: mouse neuronal sScCONAmM

e {SNE of ~3K mouse
neurons

e features: DNAmM level
in non-overlapping
100kb bins

e Clusters annotated
using gene body
DNAmM depletion in
neuronal marker
genes
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Key data science challenges
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Adapted from Fig 1, Kremer et al. 2022 (bioRxiv)



Variably Methylated Regions (VMRS)
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Detection of subpopulations
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vmrseq step 1: scan genome tor candidate regions

@each Site j, compute variance across cells

adjust for uneven coverage biases
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Adapted from Fig 2, Kremer et al. 2022 (bioRxiv)

Independent training data is used to
simulate a null distribution of variance

Kernel smoothing is used to borrow strength
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vmrseq step 2: compare likelihood of 2 vs 1-state
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vmrseq output

non-VMR
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Clustering using
vmrseq features
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Clustering mouse
neurons using
vmrseq features

yields increased cell

type separation
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Data from LUG &t al. 2017 (Science)



vmrseq features reveal heterogeneity associated

with cell cycle
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scRNA-seq cell cycle scoring
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Mouse gastrulation multi-omic profiling
with single-cell DNAmM and RNA-seq by
Argelaguet et al. 2019 (Nature)
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