NNSVG: scalable identification of spatially variable genes using nearest-neighbor Gaussian processes
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Feature selection to identify spatially variable genes or other biologically informative * Biologically informative genes with spatially defined expression patterns Evaluations on spatially-resolved transcriptomics datasets from several platforms
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* Nearest-neighbor Gaussian processes (NNGP)

Datta et al. 2016
B e . RESOURCE ( ) y ~ N(XB,C(0) + 1°1)

* Linear scalability in number of spatial locations

Unsupervised / discovery-based analyses

» Feature selection: spatially variable genes
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