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Cell type clustering algorithm based on single—cell RNA sequencing data
HE Rui, YU Na, LI Miao, ZHANG Junwei, WANG Haojie, ZHAO Yuming

(Information and Computer Engineering College, Northeast Forestry University, Harbin 150000, China)

[ Abstract] Withthe development of single—cell sequencing technology, many clustering algorithms based on single —cell RNA
sequencing data have been proposed and applied to single cell classification and achieve good application results. But so far, the
research field of single—cell clustering algorithms still lacks summary research on clustering models and performance evaluation
studies of different clustering models. Therefore, from the perspective of the clustering model, we divide 11 common single—cell
clustering algorithms into five types: K — means clustering, hierarchical clustering, graphic —based clustering, model — based
clustering, and density—based clustering. The characteristics and research progress of related algorithms are summarized, and ten
scRNA-seq datasets are selected for evaluation of 11 clustering algorithms. The experimental results show that the performance of
SC3, Seurat, and SIMLR are better in the existing clustering methods. Among the five types of models, the algorithms based on the
density model have the best performance and reflect good application value.
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Tab. 1 Common single—cell RNA sequencing clustering methods
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