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Abstract ; Spatial transcriptomics sequencing technology captures spatial location information of multiple cells, but
single-cell resolution cannot be achieved, which hampers the analysis of spatial patterns of cell type heterogeneity
and gene expression specificity. The cell type deconvolution algorithm ( STDN) based on DenseNet network
structure and CORAL domain adaptive theory is proposed for spatial transcriptomics data. STDN learns cell type
information about introduced single-cell RNA sequencing ( scRNA-seq) data and migrates it to ST data using a
transfer learning model. Thus, the purpose of predicting the cell type composition and proportion of each capture
site (Spot) in the ST data is achieved. In this paper, four factual scRNA-seq datasets and simulated matching ST
datasets show that STDN can effectively recover cell type transcription profiles and their proportions in Spots, and is
superior to other deconvolution algorithms. By deconvolution of ST data from mouse hippocampus and human
pancreatic ductal adenocarcinoma, STDN identifies multiple cell types in tissues, resolves the high heterogeneity of
tissues and cancers, and laid a foundation for studying the pathogenesis of the disease.
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Fig.4 Deconvolution correlation score map of mouse brain hippocampus ST data 7 days after birth
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Fig.6 Human pancreatic ductal adenocarcinoma tissue slice and ST data deconvolution result
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