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Can cell type markers be discovered using k-mer counts instead of the Why k-mers?
conventional gene counts? If so, can it uncover aspects of cellular identity that Short - may give more sensitive results

- . . . . compared to genes, which are longer.
traditional gene expression analysis might miss? Not exclusively found in genes - may

*k-mer: a short nucleotide sequence of length k reflect differences between cell types
aside from gene expression.
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clusters that individual
cells fall into.
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