Analyzing ClITE-seq data like an Immunologist with a hybrid hierarchical gating approach in CellEngine software
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BACKGROUND Unbiased clustering generated consistent clusters across replicates Hybrid gated populations were more uniform than the original gated populations and the unbiased cell clusters
The use of single cell sequencing for deep immune monitoring in both discovery and clinical settings is accelerating. Cellular Cells tfrom the 4 replicate samples were clustered by the 23 protein teatures used for hierarchical gating. t-SNE dimensionality A heterogeneity score was devised as the spread between the 90th and 10th percentiles of the expression of each protein or gene
indexing of transcriptomes and epitopes (CITE-seq) is a version of single cell sequencing that generates highly multiplexed protein and gene reduction and I_.elden Commynlty Detec.:tlon algorlthms.lmplemente.d in CellEngine resulted n con3|st§nt Clu§ter|ng acCross repllcate§. in each cell population. Lower scores indicate a more molecularly uniform population. By looking at cumulative heterogeneity across
expression readouts'. Dimensional reduction and clustering are the standard methods used to define immune cell populations in CITE-seq Clusters were interrogated in CellEngine for expression of protein and gene markers of interest, including common phenotypic all proteins and genes, we concluded that immune cell populations identified by hybrid gating with input from clustering were more
analyses. In contrast, hierarchical gating has been the approach favored by Immunologists for decades to identify cell populations in flow markers like CD3 (T cells), CD13 (B cells), CD56 (NK cells), and CD14 (monocytes). uniform than the originally gated populations (illustrated for gamma-delta T cell subsets, below).
cytometry single cell datasets. Here we evaluated the use of hierarchical gating to identify immune cell types in CITE-seq data. tra-assay pracision
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The resulting 1,600-parameter FCS files were uploaded to CellCarta’s cloud-based CellEngine software for analysis. . .
J J / Clustering revealed several gated populations that could be further subsetted
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