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Inheritance of cell state heterogeneity
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Lineage Correlations are in Cell-Covariance

0.6
——memory
mmm NON-Memory
p(m)0.3T
00 1 1 L IIIIIIIIIIIIII...II.IIIIII
1 5

3
Half-life (m)

Inheritance is dependent on time-
scales. The cell covariance matrix
carries signatures of “memory

genes”
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Can a sample identify memory genes?
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Can we identify the time-scale of the dynamics of gene expression

from a single snapshot?



The null model is M-P
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Deriving Eigenvalues of Cell Covariance
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Figenvalues show a power-law form
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Green: Degenerate Power-Law distributed
eigenvalues

Purple: Slow division gives back MP
Black: Analytics
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Simple Algorithm to Identify Memory
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Applying to scRNA seq data
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We can identify previously

Real Data is Distinctly non MP suggested memory genes in the

and looks power-law like in a literature from single snapshots

regime
Shaffer et al. Cell 2020
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