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Quality control metrics and data processing
Using CellRanger (version 3.0.0), reads were mapped to the reference genome and annotated as specific genes. After the UMI was corrected and counted, the unfiltered feature-barcode matrix was obtained. According to the unfiltered feature-barcode matrix, CellRanger identifies and distinguishes cells and noncells in the data and draws a rank-plot to intuitively reflect the effective cell identification results. CellRanger filters cells automatically according to gene expression levels, and some abnormal cells will remain, so it is necessary to further filter abnormal cells before subgroup classification. Gel beads-in-emulsion (GEMs) containing multiple cells in each sample were first detected. DoubletFinder (https://github.com/ddiez/DoubletFinder) was used to calculate the probability of GEM multicellular (pANN value), and then the multicellular rate of each sample was calculated based on the relationship between the effective cell number given by 10 × (after CellRanger filtering) and the multicellular rate. The multicellular filtering threshold of each sample was determined, and multicellular filtering was carried out in turn. The number of expressed genes in a single cell or the same type of cell is generally maintained within a certain range (340.0-6800.0). If the value is too high, it may be that multiple cell types are wrapped in a GEM, so the barcode is eliminated. The total number of mRNAs that can exist in a single cell is limited (UMI <44000.0). If the total number of UMIs is too high, two or more cells may be contained in the same GEM, thus eliminating such cells. Mitochondrial gene expression is usually high among cells with an apoptosis rate >25.0%. High expression of mitochondrial genes indicates that the cells are in poor health induced by damage during the experiment, so these cells are excluded from subsequent analysis.

Histological analysis   
For histopathological analysis, hematoxylin eosin (H&E) staining was performed on formaldehyde fixed, paraffin-embedded tissue samples. Microscopic analysis of the staining was evaluated by examining 3 sections from each tissue. The sections were observed using a laser scanning confocal microscope.

Immunohistochemistry (IHC)
Tissue sectioning and immunohistochemistry staining of formalin-fixed, paraffin-embedded SUPS specimens were performed. All sections were deparaffinized, rehydrated, and washed. Endogenous peroxidase was blocked using 3% hydrogen peroxide for 10 min. After water-bath heating for antigen retrieval, slides were incubated with primary antibodies followed by horseradish peroxidase (HRP)-linked secondary antibodies and diaminobenzidine staining (G1213-100UL, G1214-100UL). Hospital Pathology Department blinded to clinical data independently assessed staining results for SMA (unnecessary dilution, ZM-0003,ZSGB-BIO), CD68 (unnecessary dilution, ZM-0464, ZSGB-BIO), Ki67 (1:100, ZM-0166, ZSGB-BIO)，CD34 (unnecessary dilution, ZM-0046, ZSGB-BIO)，Desmin (unnecessary dilution, ZA-0686, ZSGB-BIO), EMA (unnecessary dilution, ZM-0095, ZSGB-BIO), S-100 (unnecessary dilution, ZM-0224, ZSGB-BIO), BCL-2 (unnecessary dilution, ZA-0536, ZSGB-BIO). Servicebio blinded to clinical data independently assessed staining results for CD3 (1:250, GB11014, Servicebio), CD4 (1:400, GB11064-1, Servicebio), CD8 (1:200, GB11068-1, Servicebio). Quantification was performed by counting positive cells in 6 to 10 high-powered fields (magnification, ×40) in a blinded fashion.

Analysis of differentially expressed genes (DEGs) in tumor tissues and paracancer tissues
We analyzed the tumor tissues and paracancer tissues of a patient with SUPS to find DEGs for a group in one cluster. We identified the DEGs based on the following criteria: |logFC| ≥ 0.25, p_value_adj ≤0.05 and the percentage of cells where the gene is detected in specific cluster is more than 25%.  We used the gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis to discover certain biological functions and pathway in each cell type. 

Pseudotime Analysis 
The PAGA [28] (Partition based graph abstraction) (https://github.com/theislab/paga) graph was made using the preprocessed Seurat object. PAGA achieves consistent and topology-preserving embeddings by initializing an embedding of a fine-grained graph using the coordinates of a coarse-grained graph. After assigning the starting cell, the software automatically calculated the pseudo-time value of each cell by referring to the DPT algorithm. Single cell trajectory was analyzed using matrix of cells and gene expressions by Monocle (http://cole-trapnell-lab.github.io/monocle-release/; https://cole-trapnell-lab.github.io/monocle3/docs/installation/). Monocle reduced the space down to one with two dimensions and ordered the cells (sigma = 0.001, lambda = NULL, param.gamma = 10, tol = 0.001). Once the cells were ordered, we could visualize the trajectory in the reduced dimensional space. The trajectory has a tree-like structure, including tips and branches.

RNA velocity-based cell fate tracing 
To perform the RNA velocity analysis, the spliced reads and unspliced reads were recounted by the velocyto python package based on previous aligned bam files of scRNA-seq data. The calculation of RNA velocity values for each gene in each cell and embedding RNA velocity vector to low-dimension space were done by following the scvelo python pipeline. We calculated the velocity-based cell transition matrix by transition_matrix () function from scvelo (https://scvelo.readthedocs.io/), of which the element was the Pearson correlation coefficient between the velocity vector and cell state difference vectors of the column cell as previously described. We estimated the destination of a cell by identifying the highest correlation value. Then Fisher’s exact test was performed on 2×2 cluster-by-cluster or cluster-by-tissue contingency tables to test the fate destinations of interested cell clusters. To infer the migration directions of T cell, osteoclast and macrophage, we first constructed partition-based graph abstraction for T cell population, osteoclast population and macrophage population respectively, and then oriented edges among cell populations using RNA velocity information as previously described.

Copy number karyotyping of aneuploid tumors (CopyKAT)
To distinguish malignant cells from normal cells in fibroblasts, we chose CopyKAT (copynumber karyotyping of tumors) software to calculate the CNV level of each cell[36]. CopyKAT is a software that combines integrative Bayesian method and hierarchical clustering to classify cells according to copy number. We use scRNAseq technology to get the gene expression data of fibroblasts in paracancer tissues and tumor tissues. The gene expression matrix of unique molecular identifier (UMI) of two fibroblasts from different sources is the input of CopyKAT. The software cluster the UMI data after processing, and select the diploid cells with high confidence first. Then, using hierarchical clustering, tumor cells with significant difference from normal cells are obtained. For non-significant genomes, Gaussian mixture model (GMM) is used to identify them one by one. Finally, get the gene expression profiles of malignant cells and normal cells.

Cell-to-cell communication of scRNA-seq data 
The CellPhoneDB [42] algorithm (https://github.com/Teichlab/cellphonedb) was used to infer cell-to-cell interactions. Briefly, the algorithm allows the detection of ligand–receptor interactions between cell types in scRNA-seq data using the statistical framework described in refs. We took the union of the significant interactions found in tumor tissues and paracancer tissues to explore specific interactions. Next, we assessed the amount of interactions that are shared and specific for tumor tissues and paracancer tissues, and explored specific interactions indicated as curated (that is, annotated by the CellPhoneDB developers).

Statistical analysis 
Statistical analyses were performed using GraphPad Prism. The data are expressed as the mean ± SEM unless indicated otherwise. Unpaired Student’s t-test was used to determine statistically significant differences. A value of P < 0.05 was considered significant at the 95% confidence level. Date analysis was performed using the OmicShare tools, a free online platform for data analysis.

