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Single-cell RNA-Seq ( scRNA-seq ) is a technology to analyze gene expression at single cell level. Currently PCR plate-based

and droplet-based protocols are 2 major popular ones used in the studies of plant. Here, we firstly outline the technical principles and data

analysis procedure of plant scRNA-seq, and then introduce its research status, focusing on how scRNA-seq can be used to detect distinct plant

cell types,

to reveal cell evolution trajectories and to construct inter-cell regulatory networks. ScCRNA-seq may provide a new perspective on

plant research, and help to understand and identify critical cellular biological processes in complex tissues.
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