MATERIALS AND METHODS
Patients and sample collection	
[bookmark: _GoBack][bookmark: _Hlk156484996]This study received approval from the Ethics Committee of Cancer Hospital, Chinese Academy of Medical Sciences, and Peking Union Medical College (NCC2021C-232). Ten patients diagnosed with osteosarcoma and treated at National Cancer Center, were recruited for participation in the study. All patients provided written informed consent. sc-RNA seq data of other patients were obtained GSE162454 [1] and GSE152048[2], from GEO database (https://www.ncbi.nlm.nih.gov/geo/). To ensure the accuracy and reliability of our integrated analysis, we applied the Harmony method for batch correction across all datasets. This method was used to correct batch effects not only for integrated UMAP visualization but also for differential gene expression analysis and other downstream analyses.

Human tissue processing and screening for single cell transcriptomics sequencing 
The tissue samples were processed as described below. Briefly, samples were first washed with phosphate-buffered saline (PBS), minced into small pieces (approximately 1mm3) on ice and enzymatically digested with 100 U/mL collagenase I (Worthington) and 30 U/mL DNase I (Worthington) for 45 min at 37°C, with agitation. After digestion, samples were sieved through a 70µm cell strainer, and centrifuged at 300g for 5 min. After the supernatant was removed, the pelleted cells were suspended in red blood cell lysis buffer (Miltenyi Biotec) to lyse red blood cells. After washing with PBS containing 0.04% BSA, the cell pellets were re-suspended in PBS containing 0.04% BSA and re-filtered through a 35μm cell strainer. Dissociated single cells were then stained with AO/PI for viability assessment using Countstar Fluorescence Cell Analyzer. The single-cell suspension was further enriched with a MACS dead cell removal kit (Miltenyi Biotec). The Single-Cell 3′ Library Kit v3 (10x Genomics) was employed for single-cell transcriptome amplification and library preparation, following procedures according to the manufacturer's instructions. The sorted single-cell suspension was loaded onto a microfluidic chip from 10x Genomics to generate the cDNA library. Subsequently, cDNA libraries were prepared and sequenced across six lanes on an Illumina NovaSeq 6000 system (Illumina Inc., San Diego, CA, USA).

Preprocessing of scRNA-seq data
The preprocessing of scRNA-seq data was meticulously performed using CellRanger (version 7.1.0, 10X Genomics) with the default settings. Subsequently, the data were aligned to the GRCh38 reference genome (Genome Reference Consortium Human Build 38), generating matrices of gene counts against cell barcodes. For datasets lacking annotated models, we followed the process described as the First Time Cell Type Annotation. The osteosarcoma sc-RNA seq data annotated through this method were then used by the Celltypist algorithm to generate annotation models, which served as reference models for subsequent research. For datasets with pre-established reference models corresponding to the cell classification hierarchy, we applied the process outlined in the Second Time Cell Type Annotation for annotations. This systematic approach ensures that our annotated osteosarcoma sc-RNA seq datasets are both accurate and comprehensive, providing a solid foundation for future investigations in this field.

First Time Cell Type Annotation
After generating matrices of gene counts by cell barcodes, we conducted further analyses using the Seurat package [3] (version 4.4.0) in R (version 4.1.2, The R Foundation). Quality control measures were applied to retain only those genes detected in at least 0.1% of all cells. Additionally, cells with a minimum of 200 features and a mitochondrial gene fraction below 15% were included in the analysis. Doublets were identified using the DoubletFinder package [4] (version 2.0.3) and subsequently removed. Normalization of raw unique molecular identifier (UMI) counts was carried out using the SCTransform function, with the number of cells set to 5,000. The Harmony package [5] (version 1.1.0) was employed to adjust for possible batch effects arising from patient-specific expression patterns. Dimension reduction was performed through principal-component analysis (PCA) using the RunPCA function, and the optimal number of principal components (PCs) was determined using the ElbowPlot function. The same PCs were applied in cell clustering with modularity optimization using the kNN graph algorithm as input. Visualization of cell clusters was achieved using the UMAP algorithm. For unsupervised clustering, we applied the “FindNeighbors” function with a reduction in harmony (k.param=50), and the “FindClusters” function with a resolution array. Cell subtypes were annotated through unsupervised clustering and examination of marker gene expression levels. Specific marker genes were employed for cell type annotation: osteosarcoma cells characterized by expressions of RUNX2, IBSP, ACAN1, SOX9, and COL2A1 [2], myeloid cells by CD14 and C1QA [6], TNK cells by CD3E and NKG7 [7], mesenchymal stromal cells by COL1A1 and ACTA2 [8], endothelial cells by PECAM1 and VWF [8], osteoclasts by CTSK and MMP9 [9], B cells by MS4A1 and CD79A [8], plasma cells by MZB1 [10], mast cells by KIT, and and myocytes by MYOG [11]. Differential expression genes (DEGs) within each cell subcluster were identified using the "FindAllMarkers" function with Seurat's default parameters. These DEGs were pivotal in annotating cell subclusters, where clusters with similar gene expression patterns were annotated as the same cell type. Following the annotation of all cells, Celltypist [12] was employed to generate a reference model for subsequent use.

Second Time Cell Type Annotation
For the Second Time Cell Type Annotation, we utilized Scanpy (version 1.9.6) in Python (version 3.9.0) for cell annotation. Following the same quality control procedures as implemented in Seurat, the raw counts from the Seurat object were converted to an AnnData object using the dior package. Subsequently, Scanpy was employed to normalize and scale the raw counts. Cell identities were annotated using Celltypist with the previously generated reference model. To mitigate batch effects attributed to the "orig.ident", Cellhint was utilized [13].

Trajectory analysis by Monocle 3 analysis
To explore the dynamic changes in gene expression and infer the developmental trajectories of cells in our osteosarcoma dataset, we employed Monocle 3 [14] (version 1.2.7), a comprehensive tool for sc-RNA seq data analysis. Using the reduceDimension function with the UMAP method for dimensionality reduction, cells were embedded in a low-dimensional space. The orderCells function was then applied to organize cells along a trajectory, inferring a pseudotime that represents a synthetic timeline, which models the developmental progression of cells. The learnGraph function was utilized to construct a trajectory graph, revealing the branching structure and lineage relationships among cells. This allowed us to identify distinct developmental pathways and states that cells transition through during osteosarcoma progression.

Pathway analysis
Differentially expressed genes (DEGs) meeting the criteria of |logFC| > 0.5 and an adjusted P value < 0.05 were utilized for Gene Ontology (GO) enrichment analysis. The "compareCluster" function from the ClusterProfiler package [15] was applied to identify significantly enriched GO terms that exhibited differences between distinct fibroblast subclusters. To evaluate the differences in pathways across distinct subsets, Gene Set Variation Analysis (GSVA) and Gene Set Enrichment Analysis (GSEA) were performed. These analyses were conducted and computed using a linear model provided by the limma package.

Gene set variation analysis
[bookmark: _Hlk160968591]Pathway analyses were predominantly carried out on specific GO/Hallmark pathways obtained from the Molecular Signature Database (MSigDB version 6.2). To gauge pathway activity at the individual cell level, we utilized gene set variation analysis (GSVA) with default settings, implemented through the GSVA package (version 1.34.0).

Gene set signature scoring
To quantitatively represent each cell subtype, we determined a subtype signature score, defined as the arithmetic mean of the expression levels of signature genes sourced from the specified data slot (e.g., SCT data slot). This methodology facilitates a standardized and comparative analysis of cell subtypes across various conditions and studies. Signature scores were computed using AUCell with default parameters [16]. The genes employed for gene set signature scoring are detailed in Supplementary Table 2.


Ligand and receptor interaction analysis using CellChat
To investigate the intercellular communication networks within the osteosarcoma microenvironment, we utilized CellChat (https://github.com/sqjin/CellChat) [17], a computational framework designed to analyze and interpret cell-cell communication from sc-RNA seq data. CellChat automatically inferred the cellular communication networks based on known ligand-receptor pairs and their corresponding signaling pathways. Using the CellChatDB.human database, the software identified significant signaling interactions among identified cell types within our samples. CellChat offers various visualization tools to illustrate the complexity of cell-cell communication. We employed the netVisual_heatmap function for a comprehensive overview of the interaction strengths among cell types and the netVisual_chord to depict the directional flow of signaling pathways, facilitating an intuitive understanding of the communication landscape.

[bookmark: _Hlk160859631]Human tissue processing and screening for spatial transcriptomics sequencing 
tissues were sampled by the surgeon and immediately frozen in liquid nitrogen. Tissues were homogenized in liquid nitrogen and 7–10 mm3 pieces were embedded in OCT compound (Tissue-Tek) and frozen on dry-ice. Ten-micrometre tissue cryosections were stained with H&E and the appropriate tissue regions were selected for further processing. In total 52 human tissue samples were screened this way and evaluated by a cardiac pathologist. For RNA quality control we minced a 3 × 3 mm3 heart tissue piece in liquid nitrogen and isolated the RNA using Qiagen RNeasy Mini kit (Qiagen) using a proteinase K digestion step as suggested in RNeasy Fibrous Tissue Mini Kit (Qiagen, 74704). RNA integrity number (RIN) analysis (Agilent) was performed using Bioanalyzer RNA 6000 Nano kits (Agilent, No. 5067). RIN ranged from >2 to a maximum of 8.8.

Spatial transcriptomic sequencing
We performed 10x Genomics Visium spatial transcriptomic sequencing on osteosarcoma samples having high RNA quality and recognizable histopathological status, using the methods as described [18]. Sequencing was conducted with an Illumina NovaSeq 6000 (Illumina). Raw sequencing data were aligned and quantified using the Spaceranger workflow (version 2.0.0). Count matrices were loaded into the Seurat [3] and RCTD [19]  packages for all subsequent data filtering, normalisation, filtering, dimensional reduction and visualization. To perform deconvolution of spatial tissue locations, we annotated sc-RNA seq data in Scanpy [20], and cell2location [21] was employed to deconvolve cell types.


Statistical Analysis
The study were conducted using R 4.3.0 and Python 3.9.0. Specific statistical ore and methods are described in the figure legends, main text, or methods section. P-values were calculated using a two-sided, unpaired Wilcoxon rank-sum test. For error representation, either standard error of the mean (S.E.M.) or standard deviation (S.D.) was used, based on a minimum of three independent experiments.










Fig S1
A. Dotplot illustrating marker gene expression across cell types, including osteosarcoma cells (OS), mesenchymal stem cells (MSC), myeloid cells, among others in NCC sc-RNA seq data.
B. Heatmap of the top 5 differentially expressed genes (DEGs) between major cell types within the osteosarcoma tumor microenvironment (TME) in NCC sc-RNA seq data.
C. UMAP plot displaying 194,083 single cells from osteosarcoma tissues, annotated by different data sources in integrated sc-RNA seq data.
D. FeaturePlot illustrating the expression of marker genes for major osteosarcoma subtypes in integrated sc-RNA seq data.
E. Dotplot illustrating marker gene expression across cell types, including osteosarcoma cells (OS), mesenchymal stem cells (MSC), myeloid cells, among others in integrated sc-RNA seq data.
F. Heatmap of the top 5 differentially expressed genes (DEGs) between major cell types within the osteosarcoma tumor microenvironment (TME) in integrated sc-RNA seq data.
G. Boxplot displaying the proportion of major cell types in samples from patients before and after chemotherapy in NCC sc-RNA seq data, offering insights into how treatment influences cellular composition within the TME.
H. Boxplot displaying the proportion of major cell types in samples from patients before and after chemotherapy in integrated sc-RNA seq data, offering insights into how treatment influences cellular composition within the TME.
I. & J. Visualization of the variation in major cell type composition among individual patients, underscoring the heterogeneity of osteosarcoma (OS) and its implications for patient-specific therapeutic strategies.
K. List of the top 10 DEGs among the main cell types before and after chemotherapy, providing molecular insights into the cellular response to treatment within the osteosarcoma TME.

Fig S2 
A. Dimensionality reduction plot illustrating osteosarcoma cells grouped by original identification (orig.ident).
B. Pie chart displaying the proportions of seven major osteosarcoma cell subtypes, offering insights into the cellular heterogeneity of the disease.
C. Spearman similarity analysis indicating OC_C4_SPP1 as the most distinct subtype among the osteosarcoma cells, underscoring its unique gene expression profile.
D. A list of the top 10 differentially expressed genes (DEGs) for each osteosarcoma cell subtype, revealing the molecular signature characteristic of each subtype.
E. Box plot showing the distribution of osteosarcoma subtypes among patients before and after chemotherapy, illustrating changes in subtype prevalence associated with treatment.
F. Gene Set Enrichment Analysis (GSEA) for the seven primary osteosarcoma cell types across 50 hallmark genesets downloaded from MSigDB.
G. Dimensionality reduction plot illustrating MSCs grouped by original identification (orig.ident).
H. Pie chart displaying the proportions of each MSC subtype, indicating the relative abundance of each cell type within the tumor microenvironment.
I. Heatmap showcasing differential gene expression among the five MSC subtypes. 
J. Feature plot demonstrating the expression of known marker genes for MSC subtypes, aiding in the identification and characterization of these cells.
K. Variability in MSC subtype composition across individual patients, reflecting the heterogeneity of osteosarcoma at the cellular level.
L. GO enrichment analysis for matrix CAFs (mCAF), revealing significant pathways including extracellular matrix organization and extracellular structure organization, suggesting their role in tumor microenvironment remodeling.
M. Heatmap showing a preference for iCAFs in pre-chemotherapy samples and mCAFs in post-chemotherapy samples, suggesting changes in the tumor microenvironment in response to chemotherapy.
N. Heatmap displaying Gene Set Variation Analysis (GSVA) results for key functions of the five MSC subtypes, with mCAF enriched in collagen catabolic processes and myoCAF in myogenesis. 

Fig S3
A. Dimensionality reduction plot illustrating TNK cells grouped by original identification (orig.ident).
B. Pie chart displaying the proportions of seven major TNK cell subtypes, offering insights into the cellular heterogeneity of the disease.
C. Dot plot showing differential gene expression across TNK subtypes.
D. GSVA results for different TNK cell subtypes highlighting functions such as cytotoxicity, exhaustion, naïveté, resistance, and costimulation.
E. Heatmap highlighting a notable reduce of CD8.Temra, CD8.Tem, and CD8.Tex after chemotherapy, indicating adaptive changes within the tumor microenvironment in response to treatment.
F. Dimensionality reduction plot illustrating myeinid cells grouped by original identification (orig.ident).
G. Pie chart showing the distribution of nine myeloid cell subtypes, with Macro_C1QC identified as the most prevalent subtype.
H. Heatmap of known marker genes for different myeloid subtypes. 
I. Box plot comparing the distribution of myeloid cell subtypes in patients before and after chemotherapy, demonstrating a decrease in the total number of myeloid cells post-treatment, while the composition of subtypes remains unchanged.
J. Bar chart showing the proportions of major cell types before and after chemotherapy demonstrates that the proportion of myeloid cells decreases, while the proportion of MSCs increases after chemotherapy.
K. List of top differentially expressed genes (DEGs) among various osteoclast subtypes, with OC_mature showing the highest expression levels of ACP5, MMP9, and CTSK.
L. Dimensionality reduction plot categorizing endothelial cells into nine distinct clusters, revealing significant heterogeneity within the endothelial compartment of the tumor microenvironment.
M. Summary of top DEGs across different endothelial cell subtypes.
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