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Bulk RNA-seq and bioinformatics analysis
To prepare the original sequencing data, we first removed rRNA sequences, sequencing adapters, short fragments, as well as other poor-quality reads. After matching the reads to the reference genome, we estimated FPKM values for known gene models using StringTie (version 1.3.0) with reference annotation. EdgeR was used to identify differentially expressed genes (DEGs). The false discovery rate (FDR) was used to assess the significance of p-values in multiple tests. Fold-change values were computed for each sample based on FPKM. The criteria for selecting DEGs included a fold-change ≥ 2 and an FDR ≤ 0.05. To visualize gene expression patterns, we created heatmaps using log2 fold changes of genes identified as differentially expressed by DESeq2 (adjusted P-value < 0.05). All DEGs from pairwise comparisons were mapped to GO and KEGG terms for enrichment analysis and pathway identification. Significantly enriched terms were determined by comparing to the genomic background. For the clustering analysis, Z-scores were used to scale and center the rows. Gene Set Enrichment Analysis (GSEA) was performed using GSEA 4.0.2 with gene sets from the MSigDB database, applying z-scores and gene set permutation methods. To explore general expression profiles, we performed K-means clustering on all DEGs from at least one comparison group, using the Euclidean distance method in tMEV. The transcripts in each cluster were then subjected to GO enrichment analysis.
Single-cell data analysis
Initial processing of raw single-cell RNA sequencing (scRNA-seq) data
CeleScope v1.5.2 (Singleron Biotechnologies) was used with the default parameters to generate gene expression profiles from raw sequencing data. In brief, barcodes and unique molecular identifiers (UMIs) were retrieved from R1 readings and processed appropriately. R2 readings were aligned to the GRCh38 (hg38) transcriptome using STAR(v2.6.1b) after removing adapter sequences and poly-A tails. Reads that corresponded to the transcriptome were allocated to exonic regions using FeatureCounts (v2.0.1). Reads with matching cell barcodes, UMIs, and gene identities were aggregated to form a gene expression matrix, which was then utilised for downstream analysis.
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The single-cell RNA-seq data were quality controlled, dimensionality optimized, and clustered using Scanpy v1.8.2 in Python 3.7. We filtered the expression matrix for each sample using the following criteria: 1) cells with fewer than 200 genes or in the highest 2% of transcript numbers were removed; 2) cells with unusually high UMI counts were discarded. 3) cells with a mitochondria genetic composition greater than 5% were excluded; and 4) genes present in fewer than five cells were excluded. Following these filters, 64,227 cells were selected to additional study, with an average number of 1,563 genes and 3,623 UMIs each cell. To create a normalized data matrix, the raw count matrix was normalized by total cell counts and then log-transformed. To identify the most variable genes, we used the 'seurat' normalization technique on the top 2,000 genes. Principal component analysis (PCA) was used via an enlarged matrix of variable genes, and the top 20 principal components (PCs) were chosen for clustering and dimensionality optimization. Using the Louvain technique, cells were split into 20 clusters with a resolution of 1.2 each. Finally, cell clusters were visualised using the uniform manifold approximation and projection (UMAP).
Batch effect removal
Harmony v1.0 used the top 20 principal components via principal component analysis (PCA) to integrate data and reduce batch effects between samples.
Celltype annotation
Cell-ID is a method using multiple variables that finds signatures of genes unique for each cell and employs hypergeometric tests (HGT) to verify cell identity. To address the normalized transcription matrix's dimensionality, multiple correspondence analysis (MCA) was used, which projected both cells and genes into a single, lower-dimensional space. A gene ranking was then generated for all of the cells, emphasising the most prominent gene sets associated with it. HGT was conducted using these ranked gene sets by comparing them to a brain-specific reference from the SynEcoSys database, which contains a curated list of cell-type-specific genes. The characteristic of all the cells was allocated based on the cell type with the lowest HGT p-value. For cluster annotation, we assessed the proportion of all kinds of cells inside each cluster and assigned the cluster identity to the cell type that had the highest frequency.
Cell types in each cluster were identified using canonical markers from the SynEcoSys™ reference database (Singleron Biotechnology). SynEcoSys™ incorporates proven cell type markers for single-cell RNA sequencing from databases including PanglaoDB, CellMakerDB, and current publications.
Doublet cell exclusion
Cell doubles was determined based on the gene expression profiles of established cellular markers. Clusters exhibiting the expression of multiple cell type-specific markers were termed doublets and eliminated for further analysis.
Scanpy-based differentially expressed genes (DEGs) Profiling
DEGs were identified using the scanpy.tl.rank_genes_groups function, applying the Wilcoxon rank-sum test with default parameters. DEGs were defined as genes that were expressed in more than 10% of the cells in either of the compared groups and exhibited an average log(fold change) greater than one. Statistical significance was determined by adjusting the p-values using the Benjamini-Hochberg correction, with a threshold of 0.05 used to define significant DEGs.
Cell-to-Cell interaction assessment 
CellPhoneDB (v2.1.0) was employed to predict cell-cell interactions (CCI) between T cell subclusters, utilizing known ligand-receptor pairs. To assess the null distribution of average ligand-receptor pair expression across randomly cell identification, a permutation number of 1,000 was applied. Expression data for individual ligands and receptors were filtered based on a cutoff derived from the average log gene expression distribution of all genes within each cell type. Heatmaps and dot plots in CellPhoneDB were used to visualise significant predicted communication couples (p-values < 0.05 and average log expression > 0.1).
UCell gene set scoring
Gene set scoring was carried out using the R package UCell (version 1.1.0). UCell scores are calculated using the Mann-Whitney U statistic, which ranks genes according to their gene expression in each cell. UCell, being a rank-based scoring system, is well-suited for huge datasets with many samples and batches, making it a reliable approach for high-throughput analysis.
Pseudotime Trajectory Analysis
Cell differentiation pathways were inferred using Monocle2 (version 2.10.0). To establish the trajectory, Seurat (v3.1.2) utilised the FindVariableFeatures tool to choose the top 2,000 highly variant genes, which were then dimensionally reduced using DDRTree. The resul was visualized in Monocle2 with the plot_cell_trajectory function.
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