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Gene Co-Expression Analysis
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Co-Expression Analysis
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scCOSMIX & Time-CoExpress

@ Single-cell RNA-seq enables gene—gene interaction analysis at cellular
resolution

@ Many analyses focus on mean expression, ignoring interactions
@ Gene co-expression can:

e vary across conditions (treatment, cell type)

@ evolve continuously along pseudotime
o Key challenges:

e zero inflation and over-dispersion

e hierarchical (multi-patient) designs

e non-linear, covariate-dependent correlations
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scCOSMiX

Inter-patient

Image from Nature, Tanaka et al, 2018
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scCOSMiX: Empirical Results

@ Simulation studies:

e improved power vs. Gaussian and permutation methods
e proper coverage and FDR control

@ Real data:

o TNBC myeloid cells (pre vs post treatment)
o CRC CD4 vs CD8 T cells

o ldentifies biologically meaningful interaction changes
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Deep learning for inferring gene relationships from

single-cell expression datal
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