Supplementary Methods
Data sources and processing
Incorporating data from multiple studies, our analysis encompassed a total of 3,299 DLBCL samples. We acquired publicly available datasets from the GEO and TCGA databases. For background correction and quantile normalization of the raw CEL file obtained from the GPL570 platform (the Chapuy et al.'s cohort, GSE10846 and GSE31312 cohorts), we employed the robust multi-array averaging algorithm available within the Affy software package. DLBCL patients with comprehensive clinical data from GSE10846 (n = 232 treated with R-CHOP) and GSE31312 (n = 470 treated with R-CHOP) cohorts were merged and served as the training set (n=702). To address non-biological technical biases, we employed the ComBat function within the R package sva for batch effect correction. The GSE10846 (n=232) and GSE31312 (n=470) cohorts were served as internal validation sets. And for external validation sets NCICCR (n=234) cohort, gene-expression data were acquired from TCGA, and RNA-sequencing data were transformed into transcripts per kilobase million (TPM) values, which are more similar to those resulting from microarrays and more comparable between samples, subsequently, the data were normalized by log2(TPM + 1). For external validation sets the GSE117556 (n=928), GSE181063 (n=1144) and GSE87371 (n=221) cohorts, the clinical, expression profiles or genomic data were obtained from GEO database or relevant studies. The gene expression data for these three datasets were obtained directly from the GEO database, with detailed data processing and normalization steps available on the respective accession pages. No additional special processing was applied to the data.

Dimensional reduction analysis
We used principal component analysis (PCA) to reduce the dimensionality of mRNA expression profiles and evaluate differential expression patterns of the proliferation, stromal, and immune-related (PSI) genes in normal vs DLBCL samples. 

Evaluate differences in transcription patterns among HPSI-DLBCL, LPSI-DLBCL and BL
To investigate the biological mechanisms underlying the differences in prognosis and clinical characteristics between HPSI- and LPSI-DLBCL, we utilized GSVA with 23 gene sets associated with B-cell diseases from the lymphoid biology database and 29 functional gene expression signatures representing major cellular populations, as well as the immune and stromal components of the tumor. Additionally, we incorporated 28 gene sets of tumor-infiltrating immune cell types representing innate and adaptive immunity. These analyses were conducted using the "GSVA" R software package.

Characteristic genomic alterations of PSI-model-based subgroups in DLBCL
Next, we used 176 samples with copy-number alteration (CNA) data from the GSE87371 cohort and somatic mutation data from the Randomized Evaluation of MolecularGuided Therapy for Diffuse Large B-Cell Lymphoma With Bortezomib (REMoDL-B) cohort (the GSE117556 cohort), to compare genomic alterations between HPSI- and LPSI-DLBCL.
In GSE117556 cohort, 400 DLBCL patients were sequenced for a 70-gene panel, chosen by known relevance to DLBCL, with HaloPlexHS (Agilent Technologies, Santa Clara, CA) target enrichment and HiSeq 4000 (Illumina, San Diego, CA) sequencing. Initially, we assessed the mutation frequency of these genes in both HPSI- and LPSI-DLBCL. To illustrate the mutation landscape of these groups, we utilized the ComplexHeatmap R package. Additionally, we examined the fraction of samples with at least one alteration in each of the 13 cancer hallmark signaling pathways for each groups and performed comparisons in every two groups (Fisher’s exact test). A tumor sample was considered altered in a given pathway if one or more genes within the pathway contained an alteration. Additionally, we conducted further validation of our findings using genomic and transcriptomic data (n = 100) from the cohort of Chapuy et al.[1].
To analyze somatic CNAs data of the GSE87371 cohort, we processed the copy number variation (CNV) data using the following approach. The CNV data was annotated using Bedtools (v2.25.0), and we calculated the CNV value (log2 copy number) of genes in each sample. Next, we employed GISTIC2.0 (v2.0.23) (https://cloud.genepattern.org) to identify recurrently occurring CNV fragments in HPSI- and LPSI-DLBCL, along with the genes encompassed by these fragments. We then performed a comparison of somatic CNAs between HPSI- and LPSI-DLBCL using Fisher's exact test.

Data analysis for Single-cell RNA sequencing (scRNAseq) 
We obtained a total of 20 single-cell RNA sequencing samples for analysis, comprising four normal samples (including three reactive lymph nodes and one tonsil), seven DLBCL tumors, seven follicular lymphomas (FLs), and two transformed FL (tFL) samples. These samples were sourced from the GSE182434 cohort (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE182434)[2] and the VRJUNV cohort (https://heidata.uni-heidelberg.de/dataset.xhtml?persistentId=doi:10.11588/data/VRJUNV)[3]. The data processing steps for the single-cell RNA-seq analysis are outlined below:
Data Processing
To process and perform quality control of single-cell transcriptome data, we utilized the Seurat R package. We defined cells that met specific criteria as poor-quality cells: a) gene expression counts lower than 200 or higher than 6000; b) proportion of mitochondrial genes exceeding 15%; c) proportion of ribosomal genes exceeding 30%. Data normalization was performed using the NormalizeData function. Subsequently, the FindVariableFeatures function was employed to identify the top 2000 highly variable genes for subsequent analysis. Preprocessing of the single cells involved the NormalizeData and ScaleData functions to prepare them for downstream analysis. To address potential batch effects, we utilized the RunHarmony function from the harmony R package. The number of principal components was determined by analyzing the results of the ElbowPlot function. Potential cell clusters were identified using the FindNeighbors and FindClusters functions. Dimensionality reduction visualization was achieved through the t-distributed Stochastic Neighbor Embedding (tSNE) and uniform manifold approximation and projection (UMAP) methods.
Annotation of cell types
T cells were defined by the expression of markers such as CD3D, CD3E, PTPRC, CD4, and CD8A. NK cells were characterized using NCAM1, KLRB1, FCGR3A, and NKG7. B cells were characterized by the expression of CD19, MS4A1 and CD79A. Macrophages or monocytes were identified based on the expression of CD14, CD163, and CD68. Then macrophages were defined by C1QA and C1QB, while monocytes were distinguished by S100A8, S100A9, and MMP19. Dendritic cells were annotated by the expression of IDO1, IDO2, LAMP3, CD1E, ITGAX, and CD1C. 
Analysis of tumor cells
The annotation details of tumor cells were obtained from the studies conducted by Steen et al. and Roider et al.[2, 3]. In our study, we categorized tumor cells in DLBCL samples into two groups: SRM-low (representing the lowest 30% of SRM expression levels) and SRM-high (representing the highest 30% of SRM expression levels), based on SRM expression levels. Differential expression analysis was performed using the wilcoxauc function from the presto R package, followed by gene set enrichment analysis (GSEA) on stem cell-related, cancer hallmark, chemokine and cell cycle-related pathways. The gene sets for these pathways were sourced from the Molecular Signatures Database (MSigDB), Kyoto Encyclopedia of Genes and Genomes (KEGG), and ImmPort Portal (https://www.immport.org/resources). P-values were adjusted using the Benjamini-Hochberg method. To evaluate tumor cell stemness, we compiled stemness gene sets from previous studies and quantified stemness using GSVA. Moreover, to elucidate transcription factors associated with differential expression between SRM-high and SRM-low tumor cells, we employed single-cell regulatory network inference and clustering (SCENIC) analysis. Additionally, we identified genes with p-values less than 0.01 and logFC values in the top 1% as marker genes for SRM-high tumor cells. Based on the mean expression level of these marker genes, we quantified SRM-high tumor cells within the DLBCL cohort, and subsequently, Kaplan-Meier survival analysis was performed.
Analysis of dendritic cells (DCs)
We applied the same analysis pipeline above to perform re-clustering on DCs by using the top 44 principal components and setting the accuracy of the FindClusters function to 1. Next, we stratified DCs into SRM-high and low-expressing groups using the same method as described above. Subsequently, we employed the wilcoxauc function of the presto R package for differential expression analysis and conducted GSEA on metabolic, cancer hallmark, and chemokine pathways. The P values were corrected using the Benjamini-Hochberg method. Additionally, we compared the expression levels of co-stimulatory and MHC molecules as well as markers of tolerogenic DCs (tol-DCs) between SRM-high and low-expressing DCs. 
Analysis of macrophages
We applied the same analysis pipeline above to perform re-clustering on macrophages by using the top 50 principal components and setting the accuracy of the FindClusters function to 1 and found two macrophage clusters: C0 and C1. We compared the expression levels of SRM between the two clusters, and used GSEA and GO enrichment analysis to compare their functional differences, particularly metabolic and immune-related pathways. In addition, we comprehensively assessed the expression levels of costimulatory, co-inhibitory and MHC molecules as well as markers of M1 or M2 macrophages between C0 and C1. Moreover, we used SCENIC to detect which transcription factors underlie differences between the two clusters. 

Development of nomogram and a comprehensive database for DLBCL
To develop a clinically applicable method to predict DLBCL prognosis, we integrated the PSI score and other clinical covariates to build a nomogram in the training cohort. The nomogram was validated using time-dependent receiver operating characteristic (ROC) curves and calibration curves in the training, internal validation, and external validation cohorts. 
To provide real-time and easily accessible support for clinical decision-making, we have created an intuitive visual tool that integrates multi-omics datasets, PSI-model, and clinical features to generate a comprehensive portrait of DLBCL.
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