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Branching process deconvolution algorithm reveals
a detailed cell-cycle transcription program
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A unique feature of our deconvolution algorithm is that,
algorithm to reveal a detailed cell-cycle transcription program at
when applied to population-level measurements across the
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CLOCCS (characterizing loss of cell-cycle synchrony) (1, 2)
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The ability to distinguish dynamic programs of biologically
relevant subpopulations is not limited to mother and daughter
cells in budding yeast. By modifying the underlying branching
process model, this feature of our deconvolution algorithm could
be extended to other systems, thereby leading to the identiﬁcation of other transcription programs that occur only in distinct
subpopulations of cells.
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