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[ Abstract] Single—cell RNA-seq data provides us with the opportunity to study cell heterogeneity and differentially expressed
genes under biological conditions. Some highly variable genes play a key role in the downstream analysis of single-cell sequencing
data. This paper proposes a single—cell RNA-Seq data preprocessing algorithm based on LOESS regression weighting to process
gene expression data in cells, so that high—variation genes are strengthened in the entire analysis process to achieve gene soft
screening and data noise reduction . Further, I selected 6 single—cell RNA-seq datasets to test the algorithm, first preprocessed the
gene expression matrix generated, and then analyzed the impact of pretreatment on subsequent analysis ( visualization, clustering,
differential expression analysis) , experimental results shows that the algorithm effectively improves the accuracy of downstream
analysis and shows good application value.
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Tab. 1 Comparison of clustering results

Method pollen biase gool deng yan
SC3 0.962 835 1 1.000 000 0 0.773 636 4 0.758 702 1 0.727 2727
LOESS+SC3 0.962 842 6 0.914 847 2 0.666 974 2 0.744 048 8 0.740 514 1
LM+LOESS+SC3 0.962 632 0 1.000 000 0 0.773 636 4 0.770 214 8 0.727 272 7
Seurat 0.869 367 4 0.731 993 3 0.711 538 5 0.655 350 6 0.698 042 9
LOESS+Seurat 0.869 367 4 0.731 993 3 0.926 880 2 0.584 643 7 0.722 790 7
LM+LOESS+Seurat 0.869 367 4 0.731 993 3 0.926 880 2 0.663 053 6 0.722 790 7
SIMLR 0.784 462 9 0.982 817 9 0.491 541 4 0.850 008 3 0.683 896 6
LOESS+SIMLR 0.947 943 6 0.969 837 6 0.613 817 5 0.917 950 0 0.667 961 2
LM+LOESS+SIMLR 0.847 168 0 0.982 817 9 0.601 795 8 0.770 569 3 0.657 068 1
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