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All data used for analysis in the current study are available in the Supplementary Tables (Table S1 and Table S16) and in publicly accessible repositories at https://www.scidb.cn/en/s/FBFFju, https://www.scidb.cn/en/anonymous/RkJGRmp1, https://drive.google.com/drive/folders/1JmK3_uqV62PHCfsSLaUuEPJ9UyJtSqrC?usp=sharing or https://pan.baidu.com/s/1XBh6sAD-tcQ2yAnteFQuuw?pwd=n1ha (access code: n1ha). Please cite our manuscript when using the related data. 
Multiple machine learning algorithms for gene selection
Through our in-house long non-coding RNA (lncRNA) microarray analysis, we identified a total of 11 lncRNAs that were significantly differentially expressed in exosomes derived from colorectal cancer (CRC) cells exposed to hypoxic conditions. These lncRNAs were significantly upregulated in H-Exo compared to N-Exo, including PAX8-AS1, MUC20-OT1, LINC01128, THUMPD3-AS1, WAC-AS1, PTOV1-AS1, SNHG16, HIF1A-AS2, LINC01578, ZNF503-AS2, and TUG1. To validate these findings, quantitative reverse transcription PCR (qRT-PCR) analysis was subsequently performed (Table S1), confirming the differential expression patterns of these 11 lncRNAs in exosomes. Among these, six lncRNAs (HIF1A-AS2, LINC01128, MUC20-OT1, PTOV1-AS1, SNHG16, and TUG1) demonstrated consistent and significant upregulation under hypoxic conditions through hypoxia-induced exosomal signaling. 
In this study for prognostic prediction, we utilized The Cancer Genome Atlas (TCGA) transcript per million (log2TPM) expression data from CRC (colon/rectum adenocarcinoma (COAD/READ) samples. The data were processed using the "caret" R package, with a p-value threshold of 0.70 through the “createDataPartition” function. The dataset was then divided into training and validation cohorts to assess the robustness of our findings. A comprehensive machine learning (ML) analysis was then performed, encompassing 101 different combinations of 10 ML algorithms within a tenfold cross-validation framework. The focus of this analysis was specifically on six selected lncRNAs (HIF1A-AS2, LINC01128, MUC20-OT1, PTOV1-AS1, SNHG16, and TUG1), aiming to uncover predictive patterns and assess their prognostic role in CRC. The algorithms included Lasso, Ridge regression, stepwise Cox regression, CoxBoost, Random Survival Forest (RSF), Elastic Net (Enet), Partial Least Squares Regression for Cox (plsRcox), Supervised Principal Components (SuperPC), Generalized Boosted Regression Modeling (GBM), and Survival Support Vector Machine (survival-SVM). For each of these models, we calculated the concordance index (C-index), which provides an evaluation of the model's ability to predict survival outcomes. The performance of each algorithm was assessed across both the training and validation cohorts. To determine the optimal model for predicting CRC overall survival (OS), we ranked the models based on their average C-index scores across the cohorts. This rigorous approach allowed for the use of ML-based models to identify optimal gene candidates.
For the binary classification analysis of recurrence data from TCGA-CRC, we utilized nine distinct algorithms, including Decision Tree (DT), Gradient Boosting Machine (GBM), Generalized Linear Model (GLM), K-Nearest Neighbors (KNN), Least Absolute Shrinkage and Selection Operator (LASSO), Neural Networks (NNET), Random Forest (RF), Support Vector Machine (SVM), and eXtreme Gradient Boosting (XGB). These algorithms were selected to evaluate the predictive performance of six selected lncRNAs for recurrence risk. By employing a diverse set of machine learning methods, we aimed to ensure robustness and accuracy in identifying key lncRNAs associated with recurrence. In summary, by utilizing multiple ML algorithms to develop prognostic and predictive models, we can identify and select optimal lncRNAs for further analysis.
The top three lncRNAs were selected based on the average rank for predictive recurrence. Subsequently, the final lncRNAs from the prognostic model were selected, and the intersecting lncRNAs from multiple ML algorithms were visualized using a Venn diagram (https://hiplot.com.cn/cloud-tool/drawing-tool/detail/113). 
Pan-cancer TCGA data
TCGA expression data (htseq_counts) were obtained using the “UCSCXenaTools” package, encompassing 33 cancer types: Adrenocortical carcinoma (ACC), Bladder urothelial carcinoma (BLCA), Breast invasive carcinoma (BRCA), Cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), Cholangiocarcinoma (CHOL), Colon/rectum adenocarcinoma (COAD/READ), Diffuse large B-cell lymphoma (DLBC), Esophageal carcinoma (ESCA), Glioblastoma multiforme (GBM), Head and neck squamous cell carcinoma (HNSC), Kidney chromophobe (KICH), Kidney renal clear cell carcinoma (KIRC), Kidney renal papillary cell carcinoma (KIRP), Acute myeloid leukemia (LAML), Brain lower grade glioma (LGG), Liver hepatocellular carcinoma (LIHC), Lung adenocarcinoma (LUAD), Lung squamous cell carcinoma (LUSC), Mesothelioma (MESO), Ovarian serous cystadenocarcinoma (OV), Pancreatic adenocarcinoma (PAAD), Pheochromocytoma and paraganglioma (PCPG), Prostate adenocarcinoma (PRAD), Sarcoma (SARC), Skin cutaneous melanoma (SKCM), Stomach adenocarcinoma (STAD), Testicular germ cell tumor (TGCT), Thyroid carcinoma (THCA), Thymoma (THYM), Uterine corpus endometrial carcinoma (UCEC), Uterine carcinosarcoma (UCS), and Uveal melanoma (UV). The count data were converted to transcripts per kilobase million (TPM) format using the “count2tpm” function from the “IOBR” package [1], followed by a log2(x+1) transformation. To evaluate the differential expression of HIF1A-AS2 across multiple cancer types, we conducted analyses between tumor and normal tissue samples. For unpaired samples, the Wilcoxon rank-sum test was applied to assess statistical differences. In contrast, for paired tumor-normal samples, a paired t-test was used. 
Survival analyses in pan-cancer
To investigate the prognostic significance of HIF1A-AS2 across various cancer types, we categorized tumor samples into high and low expression groups based on the median HIF1A-AS2 expression level as the cutoff for each cancer type. Prognostic data, including overall survival (OS) and disease-free/relapse-free survival (DFS/RFS), were obtained from SangerBox [2] (http://www.sangerbox.com/index.html). In addition, disease-specific survival (DSS) and progression-free interval (PFI) data were retrieved from the UCSC Xena database (https://xenabrowser.net/datapages/?dataset=Survival_SupplementalTable_S1_20171025_xena_sp&host=https%3A%2F%2Fpancanatlas.xenahubs.net). These data sources provide comprehensive survival information that enabled a detailed analysis of patient outcomes across multiple cancer types, facilitating the exploration of prognostic biomarkers and their potential clinical significance. Survival analyses of HIF1A-AS2 across multiple cancer types were conducted by using Kaplan–Meier (KM) survival curves with log-rank tests as well as Cox proportional hazard regression analyses. KM analyses enabled visualization and assessment of survival differences between patient groups stratified by HIF1A-AS2 expression levels, while the log-rank test provided statistical significance for these differences. In addition, Cox regression modeling was performed to evaluate the prognostic relevance of HIF1A-AS2 expression, yielding hazard ratios (HRs) along with 95% confidence intervals (95% CIs). 
Prognostic analysis of LINC01128, MUC20-OT1, PTOV1-AS1, SNHG16, and TUG1 in CRC
The expression differences between tumor and normal samples for LINC01128, PTOV1-AS1, SNHG16, and TUG1, as well as their prognostic role for OS and DFS in COAD, were analyzed using the Lnc2Cancer 3.0 database (http://www.bio-bigdata.net/lnc2cancer or http://bio-bigdata.hrbmu.edu.cn/lnc2cancer) [3]. High and low expression groups were determined based on the median value. For MUC20-OT1, which was not available in this database, we utilized downloaded COAD data to examine the expression difference between tumor and normal samples for this lncRNA using the Wilcoxon test. Kaplan-Meier plot survival analysis was performed for OS and DFS. 
DNA methylation in pan-cancer
TCGA methylation data (beta values) from the Illumina Infinium HumanMethylation450 (Methy450) chip were downloaded for analysis (https://portal.gdc.cancer.gov/analysis_page?app=Projects). We extracted methylation data related to HIF1A-AS2 and examined its association with HIF1A-AS2 expression across pan-cancer datasets. To assess the differences in HIF1A-AS2 methylation levels across various cancer types, the Wilcoxon rank-sum test was employed between tumor and normal groups. To assess the relationship between HIF1A-AS2 expression and its methylation status, both Pearson and Spearman correlation analyses were performed. This analysis aimed to explore potential epigenetic regulatory mechanisms controlling HIF1A-AS2 expression in various cancer types and to determine the role of DNA methylation in modulating the expression of this non-coding RNA. 
Pan-cancer genomic and somatic data
To investigate the role of HIF1A-AS2 in genomic features across pan-cancer, we examined 13 genomic and somatic characteristics. These included intratumor heterogeneity (ITH), neoantigen load from somatic nucleotide variant (SNV) and indels, copy number variation (CNV) burden (measured by the number of segments and fraction of the genome altered [FGA]), aneuploidy score, homologous recombination defects (HRD), and cancer-testis antigens (CTA) score, all curated from the study by Thorsson et al. [4]. Tumor mutation burden (TMB) for each sample was calculated based on the methodology outlined by the reference [5]. The APOBEC mutagenesis enrichment score was sourced from the study of Shi et al. [6], and TCW mutation (including TCW to TTW and TCW to TGW, where W means A or T) count was also calculated based on their findings. Microsatellite instability (MSI) scores were retrieved from the "cBioPortalData" package, while the mutant-allele tumor heterogeneity (MATH) score was calculated using the "inferHeterogeneity" function from the “maftools” package. Spearman correlation analyses were conducted to evaluate the potential associations between HIF1A-AS2 expression and diverse genomic and somatic features across multiple cancer types (Table S2). 
Gene Set Variation Analysis (GSVA) of exosome-related processes in pan-cancer
A total of 9 exosome-related gene signatures were obtained from the “IOBR” package [7], and 6 additional signatures related to exosome biological processes were retrieved from the Molecular Signatures Database (MSigDB) (https://www.gsea-msigdb.org/gsea/msigdb/) (Table S3). To evaluate the potential impact of HIF1A-AS2 on exosome biology across pan-cancer, we calculated the z-scores for these processes using the “gsva” function from the “GSVA” package. Spearman correlation analysis was performed to assess the association between the expression of HIF1A-AS2 and the exosome-related signatures. 
Functional analysis of GO and KEGG
Pan-cancer samples were classified into high and low HIF1A-AS2 expression groups based on a 30% expression threshold for HIF1A-AS2. Briefly, samples in the top and bottom 30% of HIF1A-AS2 expression were defined as high- and low-expression groups, respectively. The pan-cancer expression data (EBPlusPlusAdjustPANCAN_IlluminaHiSeq_RNASeqV2.geneExp.tsv) [4] were used for analysis. Differentially expressed genes (DEGs) between high and low HIF1A-AS2 expression groups were identified using the "limma" package. DEGs with adjusted P values < 0.05 were considered significant and included in subsequent analyses. Spearman correlation analysis was then performed to assess the relationship between HIF1A-AS2 and other genes, with genes showing a correlation coefficient > |0.4| being selected. The adjusted P-values were calculated using the BH method. Finally, 51 intersecting genes (NDRG1, LDHA, PGK1, VEGFA, EGLN3, HIF1A, PFKP, IVNS1ABP, SLC16A3, CA9, ERO1L, FOSL2, FNDC3B, ADM, OSMR, MBNL1, CLDN18, B3GNT5, CMIP, KCNE3, PLEKHA1, RIOK3, TMOD3, KSR1, CFLAR, RAP1B, NUMB, PDK1, OSBPL3, FGF11, CASP10, RLF, C6orf223, EMR2, SGPP2, C1GALT1, TREM1, TNFRSF10D, ZNF267, KLF7, KIAA1919, ZC3HAV1L, ZNF460, DGKH, FPR2, SPDYE1, RPL23AP64, OCLM, GABRR2, LIPN, and DCXR) were identified from both the DEG and Spearman correlation analyses. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were conducted for these 51 genes using the “clusterProfiler” R package. 
Metascape [8] (https://metascape.org/gp/index.html#/main/step1), a comprehensive, web-based portal for gene list annotation and analysis. Metascape analysis was also used to gain further biological insights and transcription factor targets for these 51 genes. 
Gene Set Enrichment Analysis (GSEA) of cancer-related hallmarks in pan-cancer
14 gene sets representing various functional states, including stemness, invasion, metastasis, proliferation, epithelial-mesenchymal transition (EMT), angiogenesis, apoptosis, cell cycle, differentiation, DNA damage, DNA repair, hypoxia, inflammation, and quiescence, were sourced from the CancerSEA database [9]. Vasculogenic mimicry (VM), a unique mechanism for tumor blood supply independent of endothelial cells, was also investigated, as it correlates with malignant phenotypes [10]. A gene set representative of VM was compiled from the literature [11-13]. Chemotherapy-related genes were obtained from published studies [14]. Moreover, 50 hallmark gene sets, as well as gene sets related to radiotherapy and immunotherapy, were downloaded from the Molecular Signatures Database (MSigDB). To investigate the potential biological mechanisms underlying the role of HIF1A-AS2, we explored its involvement in various functional status and signaling pathways. We defined high (top 30%) and low HIF1A-AS2 expression (bottom 30%) groups based on a 30% expression threshold. Gene Set Enrichment Analysis (GSEA) was performed to compute the enrichment of these gene signatures (Table S4) between the high and low HIF1A-AS2 groups. Differential enrichment analysis was carried out using the “limma” package, with P values adjusted for multiple testing using the false discovery rate (FDR) method. An FDR < 0.05 was considered statistically significant. 
The IOBR2 (Immuno-Oncology Biological Research) repository provides over 200 published gene signatures (https://iobr.github.io/book/), covering a wide range of areas, including the tumor microenvironment (TME), tumor metabolism, and oncogenic features [7] (Table S5). Data processing was carried out using the z-score method, which was implemented through the “calculate_sig_score” function from the “IOBR” R package. Our analysis focused on gene signatures related to hypoxia, metabolism, oncogenesis (i.e. cell cycle regulation, EMT1-3, WNT target, lymph vessels, m6A modifications, and extracellular vesicle biogenesis), and TGF-beta signaling pathways. To explore the potential role of HIF1A-AS2, we investigated its correlation with these specific signatures using Spearman correlation analysis. 
Immune and tumor microenvironment characteristics across pan-cancer
Tumor-infiltrating immune cells in pan-cancer were assessed using the TIMER2.0 database (http://timer.cistrome.org/) [15]. The abundances of these immune infiltrates were estimated using several immune deconvolution methods, including TIMER, CIBERSORT, CIBERSORT-ABS, quanTIseq, xCell, MCP-counter, and EPIC. Immune cell populations were categorized into 19 distinct subsets, such as B cells, cancer-associated fibroblasts (CAFs), CD4 and CD8 T cells, endothelial cells, regulatory T cells (Tregs), tumor-associated neutrophils (TANs), and others. To investigate the relationship between HIF1A-AS2 expression and the tumor microenvironment (TME) components, Spearman correlation analysis was performed. Adjusted P-values were calculated using the Benjamini-Hochberg (BH) method, with a significance threshold set at 0.05. 
Using Spearman analysis, we also examined the correlation between HIF1A-AS2 expression and immune-related signatures from the IOBR package. Specifically, we focused on cytolytic activity (CYT) and cytotoxic cells, as well as immunosuppressive features, including myeloid-derived suppressor cells (MDSC), cancer-associated fibroblasts (CAFs), regulatory T cells (Tregs), tumor-associated macrophages (TAMs), and exhausted CD8+ T cells (Table S6). Data were processed using the z-score method via the “calculate_sig_score” function from the “IOBR” package. These signatures were chosen to explore the potential involvement of HIF1A-AS2 in modulating immune responses within the TME. 
To investigate the association between HIF1A-AS2 expression and immune-related features across various cancers, we obtained data from the UCSC Xena database, which includes 68 published immune-related signatures (https://pancanatlas.xenahubs.net). Spearman correlation analysis was conducted to evaluate the relationship between HIF1A-AS2 expression and these immune-related signatures, with a significance threshold set at an adjusted P value of < 0.05, denoted by an asterisk ("*"). The findings from this analysis were subsequently presented in a heatmap for visualization. 
Drug sensitivity analysis in cancer cell lines using CellMiner data
The NCI-60 compound activity data and RNA-seq composite expression data as well as “nci60_Protein__Histone_H3K27ac_TMM_FPKM” data were retrieved from the CellMiner database (http://discover.nci.nih.gov/cellminer) [16] to perform drug sensitivity analysis. Gene expression data were processed as log2-transformed fragments per kilobase per million reads [log2(FPKM + 1)]. For this analysis, only compounds approved by the FDA or currently in clinical trials were selected. Missing values in the dataset were addressed using the “impute.knn” function from the “impute” package. To evaluate the relationship between HIF1A-AS2 expression and drug sensitivity, Pearson correlation analysis was conducted. 
CAF-related genes and therapy-associated genes across pan-cancer
A set of 20 genes related to cancer-associated fibroblasts (CAFs) were selected from several references [17-19]. These CAF-related genes include VIM, S100A4, FAP, TNC, DES, PDGFRA, PDGFRB, CAV1, MME, C5AR2, PDPN, ACTA2, CD70, CD74, MCAM, SAA3P, MFAP5, COL11A1, ITGA11, and CSPG4. Moreover, 9 immune checkpoint blockade (ICB)-related genes were derived from the "IOBR" package and the reference [20], encompassing CD274, PDCD1LG2, CTLA4, PDCD1, LAG3, HAVCR2, TIGIT, IDO1, and BTLA. Subsequently, 32 genes associated with radiotherapy response were extracted from the MSigDB database. These include IL6, A2M, LIPC, HBB, IGFBP5, SERPINE1, PLAT, IFIT2, CCN1, CFB, CD69, COL4A1, COL6A1, COL6A2, CCN2, EGR1, IFI6, TNFRSF11B, TGFB2, TGFBR2, TGFBR3, THBS1, VEGFA, IFITM1, BST2, COL6A3, ISG15, VEGFC, LGALS3BP, SMAD3, TSC22D1, and OAS3. 10 chemotherapy-related genes were sourced from the reference [14], including TYMS, DPYD, TYMP, DHFR, FPGS, GGH, TOP1, ERCC1, VEGF (VEGFA), and EGFR. VEGFA emerged as a shared gene involved in chemotherapy and radiotherapy treatments. To evaluate the relationship between HIF1A-AS2 expression and these genes, Spearman correlation analysis was performed using pan-cancer TCGA data. This analysis aimed to uncover potential associations between HIF1A-AS2 and genes implicated in CAF biology and therapy response. 
Pan-cancer single-cell RNA sequencing data processing and GSEA analysis
We acquired a pan-cancer single-cell RNA sequencing (scRNA-seq) dataset (GSE210347) from the Gene Expression Omnibus (GEO) repository. This dataset encompassed ten distinct cancer types, including bladder, breast, colorectal, gastric, intrahepatic cholangiocarcinoma (ICC), lung, ovarian, pancreatic ductal adenocarcinoma (PDAC), prostate, and thyroid cancers. To ensure data quality, we performed a rigorous multi-parameter filtration strategy. Only cells with at least 1,000 unique molecular identifier (UMI) counts were retained. Furthermore, we restricted our analysis to cells expressing between 200 and 6,000 genes, with mitochondrial and ribosomal gene contents each limited to a maximum of 20%. After applying these filtering steps, our final integrated dataset included 380,073 high-quality single cells. Subsequently, gene expression data were normalized using the LogNormalize method, and the “ScaleData” function was utilized to standardize gene expression across cells. Principal component analysis (PCA) was conducted based on highly variable genes (HVGs) to effectively reduce data dimensionality, with the first 30 principal components (PCs) selected. To minimize potential batch effects, we applied the Harmony algorithm (implemented via the “RunHarmony” function) for batch correction at the sample and group levels. Cell clusters were determined using a clustering resolution of 1.2, and cluster visualization was performed employing both t-distributed stochastic neighbor embedding (tSNE) and uniform manifold approximation and projection (UMAP) methods. Finally, cell types within clusters were annotated through the identification of cluster-specific differentially expressed marker genes using the “FindAllMarkers” function. Cell annotation was conducted by integrating two robust, well-established resources to ensure accurate and reliable cell-type identification. Specifically, we utilized the "easybio" R package, a single-cell annotation tool based on the comprehensive CellMarker 2.0 reference database [21]. In addition, we used the DISCO database (https://www.immunesinglecell.org/) [22], a high-quality, curated resource widely recognized for its utility in annotating cell types. A total of 24 cell types were annotated, including endothelial cells, epithelial cells, fibroblasts, plasma cells, macrophages, T cells, monocytes, myofibroblasts, cytotoxic T cells, acinar cells, alveolar epithelial cells, gastrointestinal epithelial cells, proliferative cells, unclear cells (stress response: cell signaling), mast cells, prostate epithelial cells, glial cells, enteroendocrine cells, natural killer (NK) cells, ciliated cells, hepatocytes, luminal epithelial cells, chief cells, and basal cells. The UMAP plots using the “SCpubr” package showed the distinct cell types. To evaluate the differences in HIF1A-AS2 expression, we utilized the Wilcoxon test for two-group comparisons between the normal, adjacent, and tumor groups. Furthermore, to investigate variations in HIF1A-AS2 expression across different cell types, we applied the Kruskal-Wallis Rank Sum Test. 
We classified the data into high (top 30%) and low (bottom 30%) HIF1A-AS2 expression groups based on a threshold of 30% expression in tumor cells. GSEA analysis was performed, focusing on the enrichment of cancer hallmark gene sets (Table S7). A BH-adjusted P-value (FDR) < 0.05 was considered statistically significant. 
Pan-cancer analysis of single-cell and bulk RNA-seq data in immune checkpoint blockade therapy
Single-cell RNA sequencing (scRNA-seq) data related to immune checkpoint blockade (ICB) therapy were used [23] (https://zenodo.org/records/14511579), including basal cell carcinoma (BCC), clear cell renal cell carcinoma (ccRCC), estrogen receptor-positive breast cancer (ER+), hepatocellular carcinoma (HCC), HER2-positive breast cancer (HER2+), intrahepatic cholangiocarcinoma (iCCA), melanoma derived brain metastases (MBM), melanoma (Mel), and triple-negative breast cancer (TNBC). The data underwent preprocessing and cell annotation, resulting in a final dataset of 355,941 cells. A total of 34 distinct cell types were identified and annotated, including B cells, cancer-associated fibroblasts (CAFs), CD4+ T cells, CD8+ T cells, activated CD8+ T cells, effector CD8+ T cells, exhausted CD8+ T cells, memory CD8+ T cells, naive CD8+ T cells, dendritic cells (DCs), endothelial cells, fibroblasts, haematopoietic progenitor cells-like cells (HPC_like), lymphoid cells, macrophages, malignant cells, mast cells, melanocytes, microglia, monocytes, myeloid cells, myofibroblasts, naive T cells, natural killer T cells (NK_T cells), plasmacytoid dendritic cells (pDCs), plasma cells, proliferating T cells, T cells, tumor-associated macrophages (TAMs), thymic epithelial cells (TEC), T follicular helper cells (Tfh), Th17 cells, regulatory T cells (Tregs), and unclassified cells. The outcomes of ICB therapy were classified into four categories: favorable, unfavorable, untreated (UT), and not available (n/a). Specifically, 137,678 cells were categorized as favorable, 174,243 as unfavorable, 21,883 as untreated (UT), and 22,137 cells had missing information (n/a). To assess the difference in HIF1A-AS2 expression across different outcomes of ICB therapy, we used the Wilcoxon test for two-group comparisons between the favorable, unfavorable, and untreated (UT) groups. To examine variations in HIF1A-AS2 expression among different cell types, we applied the Kruskal-Wallis Rank Sum Test. Next, we extracted cells from the favorable, unfavorable, and UT groups and classified the samples into high and low HIF1A-AS2 expression groups based on the median expression levels. We then calculated the proportion of each cell type within each therapy group and expression group. Subsequently, we evaluated the differences in the proportions of high and low HIF1A-AS2 expression groups across the different therapy groups and cell types. Fisher's Exact Test was performed to assess the statistical significance of these differences, A BH-adjusted P-value (FDR) < 0.05 was considered statistically significant. 
We integrated six bulk cancer cohorts to assess immune checkpoint blockade (ICB) therapy outcomes. The data encompassed two urothelial cancer (UC) cohorts: GSE176307, which included 89 patients undergoing PD-1/PD-L1 immunotherapy [24], and IMvigor210, comprising 348 patients treated with PD-L1 immunotherapy [25]. Additionally, two cohorts of clear cell renal cell carcinoma (ccRCC) were analyzed: Braun 2020 [26], consisting of 311 patients treated with PD-1/mTOR therapy, and Miao 2018, which included 33 patients receiving a combination of PD-1/PD-L1/CTLA-4 therapy [27]. Furthermore, a melanoma cohort (GSE78220, N=27) undergoing PD-1 therapy [28] and a non-small cell lung cancer (NSCLC) cohort (GSE135222, N=27) receiving anti-PD-1/PD-L1 therapy [29] were also included. To remove potential batch effects across these diverse ICB cohorts, we applied the "ComBat" method from the “sva” package for normalization. The GSE135222 dataset provided information on therapy outcomes, including durable clinical benefits (DCB) and non-durable benefits (NDB). In this cohort, the DCB group was categorized as the response (R) group, while the NDB group was classified as the non-response (NR) group. For other datasets, complete response (CR) and partial response (PR) were categorized as the R group, whereas stable disease (SD) and progressive disease (PD) were classified as the NR group. We then assessed the difference of HIF1A-AS2 expression between the R and NR groups using the Wilcoxon test. 
Integrated analysis of TCGA and GEO datasets to assess the prognosis of HIF1A-AS2 in CRC
To investigate the prognostic significance of HIF1A-AS2 expression in CRC, we combined datasets from the TCGA and GEO repositories. We conducted a thorough search for GEO datasets with relevant CRC expression profiles and clinical follow-up information. After careful screening, we identified two suitable datasets, GSE106584 and GSE159216, both of which included prognostic outcome data and the expression levels of HIF1A-AS2. For data, expression values from the GEO datasets (GSE106584 and GSE159216) were normalized using the Robust MultiChip Averaging (RMA) algorithm, followed by log2(x + 1) transformation. Meanwhile, the TCGA-CRC dataset expression data were processed using log2 (TPM+1) values. To expand the sample size, we integrated these independently derived datasets. To mitigate potential batch effects, the “ComBat” algorithm was used. We merged data from TCGA, GSE106584, and GSE159216 for OS analysis. In addition, data from TCGA and GSE106584 were combined for DFS analysis. To identify the optimal threshold for stratifying patients based on HIF1A-AS2 expression, we utilized the "surv_cutpoint" function by the "survminer" R package. 
Correlation between HIF1A-AS2 expression and clinical and molecular features in CRC
We assessed the association between HIF1A-AS2 expression and various clinical and molecular features in colorectal cancer (CRC). Clinical features included age (< 60 years vs. ≥ 60 years), gender (male vs. female), T stage (T1-2 vs. T3-4), lymph node metastasis (N) (Negative vs. Positive), distant metastasis (Negative vs. Positive), tumor stage (Stage 1-2 vs. Stage 3-4), and microsatellite instability (MSI) status (MSS [microsatellite stability] vs. MSI). The Wilcoxon rank-sum test was applied for comparison across these categorical variables. In addition, high and low groups were performed using the median expression value of HIF1A-AS2, differences between high and low HIF1A-AS2 expression groups with respect to clinical features were analyzed using the Chi-square test. 
CRC is classified into four consensus molecular subtypes (CMSs): CMS1 (MSI and immune activation), CMS2 (canonical subtype characterized by epithelial traits and activation of WNT/MYC signaling), CMS3 (metabolic dysregulation), and CMS4 (mesenchymal subtype, distinguished by TGF-β activation, stromal invasion, and angiogenesis) [30]. Furthermore, the TME can be categorized into four distinct subtypes: immune-enriched fibrotic (IE/F), immune-enriched/non-fibrotic (IE), fibrotic (F), and immune-depleted (D) [31]. Six immune subtypes are identified based on their immune landscape: C1 (Wound Healing), C2 (IFN-γ Dominant), C3 (Inflammatory), C4 (Lymphocyte Depleted), C5 (Immunologically Quiet), and C6 (TGF-β Dominant) [4]. To investigate the relationship between HIF1A-AS2 expression and these molecular subtypes, the Wilcoxon rank-sum test was used to compare the expression levels between two distinct groups. 
GSVA Analysis of functional status in CRC
We conducted GSVA analysis to calculate the z-scores for 15 distinct functional pathways, including stemness, invasion, metastasis, proliferation, EMT, angiogenesis, apoptosis, cell cycle regulation, differentiation, DNA damage, DNA repair, hypoxia, inflammation, quiescence, and VM. The “GSVA” package (the “gsva” function, method = "zscore") was used for this analysis. Spearman correlation analysis was applied to assess the relationship between HIF1A-AS2 expression and these functional status pathways. 
Pathway Responsive Genes for Activity Inference (PROGENy) in CRC
[bookmark: _Hlk212423432]The Pathway Responsive Genes for Activity Inference (PROGENy) package [32] was utilized to infer the activity of cancer-related pathways based on the gene expression matrix from CRC. This analysis included 14 key PROGENy pathways: androgen, epidermal growth factor receptor (EGFR), estrogen, hypoxia, Janus kinase-signal transducer and activator of transcription (JAK-STAT) signaling, mitogen-activated protein kinases (MAPK), nuclear factor-kappaB (NFκB), p53, phosphatidylinositol-3-kinase (PI3K), transforming growth factor-beta (TGF-β), tumor necrosis factor alpha (TNF-α), tumor necrosis factor related apoptosis inducing ligand (TRAIL), vascular endothelial growth factor (VEGF), and WNT. The high and low expression groups were defined using the median expression value as a threshold. To compare the PROGENy pathway scores between the high and low HIF1A-AS2 expression groups, the Wilcoxon rank-sum test was applied. Moreover, the association between HIF1A-AS2 expression and pathway activity was further explored using Spearman correlation analysis in CRC. 
Interactions between HIF1A-AS2 and miRNAs
Pan-cancer miRNAs were analyzed, utilizing the dataset pancanMiRs_EBadjOnProtocolPlatformWithoutRepsWithUnCorrectMiRs_08_04_16.csv [4]. To classify pan-cancer samples based on HIF1A-AS2 expression, the samples (n = 9828) were divided into two groups: high (top 30%, n = 2948 samples) and low (bottom 30%, n = 2948 samples) expression, using a 30% threshold for HIF1A-AS2 expression. Differentially expressed miRNAs between high and low HIF1A-AS2 expression groups were identified using the "limma" package. The significance of these miRNAs was assessed with the BH-adjusted P-values, where 426 miRNAs with adjusted P-values less than 0.05 were identified. Furthermore, potential interactions between HIF1A-AS2 and miRNAs were predicted using two prominent databases. A set of 28 miRNAs was predicted using the DIANA-LncBase v3 database [33] (https://diana.e-ce.uth.gr/lncbasev3/home), while an additional set of 11 miRNAs was predicted using the LncBook 2.0 database [34] (https://ngdc.cncb.ac.cn/lncbook/). The overlap of these miRNAs (Table S8) was visualized using a Venn diagram (https://hiplot.com.cn/cloud-tool/drawing-tool/detail/113), which illustrates the intersection of predicted interactions across the three different approaches. 
Spearman correlation analysis was performed to evaluate the relationship between miR-33 (hsa-miR-33a-5p and hsa-miR-33b-5p) and HIF1A-AS2, as well as HIF1A. In addition, we assessed the Spearman correlation of miR-33 with other markers, including fibroblasts-related genes (ACTA2 and FAP), angiogenesis-associated genes (VEGF, bFGF, PDGFRA, PDGFRB, and HGF), and matrix-processing enzymes MMP-7 and MMP-9. Survival analysis for DFS of miR-33 was performed using the log-rank test and Cox regression analysis, with the optimal cutoff value, defining the high- and low-expression groups, determined by the “surv_cutpoint” function in the “survminer” R package. We also investigated the biological mechanisms of miR-33 in CRC. Spearman's correlation analysis was performed to explore the relationship between miR-33 expression and 15 functional states. Based on the median values of miR-33 expression, the samples were classified into high and low expression groups. To assess the differences in the activity of 14 PROGENy pathways between these two groups, we employed the Wilcoxon test. 
We also examined the functional role of hsa-miR-33a/b-5p based on data from the CancerMIRNome database (http://bioinfo.jialab-ucr.org/CancerMIRNome/) [35]. The results showed functional enrichment only for miR-33a-5p, while miR-33b-5p showed no enrichment. Pearson correlation analysis of the miRNA and its targets (HIF1A) (miRTarBase 2020) was conducted using data from the CancerMIRNome database. 
Immune signatures in CRC
To explore the correlation between HIF1A-AS2 and immune-related features, we downloaded data from the UCSC Xena database, which included 68 published immune-related signatures (TCGA_pancancer_10852whitelistsamples_68ImmuneSigs.xena) (https://pancanatlas.xenahubs.net). To assess the relationship between HIF1A-AS2 expression and these immune-related features, Spearman correlation analysis was performed. The results of this analysis were visualized in a heatmap. 
Gene programs and drug target canon in CRC
[bookmark: OLE_LINK2]To investigate the correlation between HIF1A-AS2 and drugTargetCanon in CRC (COAD: n= 479 and READ: n= 166), we downloaded data from the UCSC Xena database, which includes 39 drugTargetCanon-related signatures (Pancan12_GenePrograms_drugTargetCanon_in_Pancan33.tsv; https://pancanatlas.xenahubs.net). To evaluate the relationship between HIF1A-AS2 expression and these drugTargetCanon-associated features, we performed Spearman correlation analysis. The results were visualized using a heatmap.
DNA mutation and CNA analyses between high and low HIF1A-AS2 expression groups in CRC
DNA mutation data for CRC were obtained from the cBioPortal database (http://www.cbioportal.org/datasets). To classify the mutations, we categorized them into synonymous and non-synonymous mutations. The synonymous mutations included "Silent," "RNA," "Intron," "Splice_Region," "5'UTR," "3'UTR," "3'Flank," and "5'Flank," as these mutations do not lead to protein changes. In contrast, non-synonymous mutations included "Missense_Mutation," "Frame_Shift_Del," "Nonsense_Mutation," "In_Frame_Del," "Splice_Site," "Frame_Shift_Ins," "Translation_Start_Site," "In_Frame_Ins," and "Nonstop_Mutation." In our analysis, synonymous mutations were treated as wild-type, as they do not cause alterations in the protein structure. Frame_Shift_Del, Frame_Shift_Ins, and Nonsense mutations were considered protein-truncating variants [36]. Each CRC sample was assigned to the "High" or "Low" group based on the median HIF1A-AS2 expression. 524 CRC samples were used. We utilized the "maftools" package to analyze significantly mutated genes (P < 0.05) between the high and low HIF1A-AS2 expression groups, as well as the interaction effects of gene mutations, such as mutual exclusivity. Only genes with mutations occurring more than 30 times in at least one group were considered in the analysis. The Fisher’s exact test was used to evaluate the statistical significance of mutation proportions, with P < 0.05 deemed significant. The mutation landscape of both the high and low HIF1A-AS2 expression groups was visualized using the "oncoplot" function, providing a detailed overview of mutation patterns across the groups.
21 differentially mutated genes between the high and low HIF1A-AS2 expression groups were selected for further functional analysis. GO and KEGG enrichment analyses were conducted using the “clusterProfiler” R package. Metascape analysis (https://metascape.org/gp/index.html#/main/step1) was also conducted. 
Copy number alteration (CNA) data were also downloaded from the cBioPortal database. The CNA values were categorized into three groups: -1 for copy deletion, 0 for diploid normal copy, and 1 for copy number amplification. To assess the relationship between HIF1A-AS2 expression and its corresponding copy number variation (CNV) in 588 CRC samples, we performed statistical analysis using the Kruskal-Wallis Rank Sum Test.
Drug analysis in CRC
The Connectivity Map (CMAP) database is a valuable resource for exploring the correlations between small molecules, genes, and diseases through gene expression signatures [37]. We stratified CRC samples (n = 622) into high- and low-expression groups based on the median HIF1A-AS2 expression. To identify potential therapeutic compounds in the high HIF1A-AS2 expression CRC patients, the top 150 upregulated and 150 downregulated genes between the high and low HIF1A-AS2 expression groups were identified. Based on two files (“camp_sig.rds” for drug signature and “Core_function.R” for the “XSum” function), these 300 genes were then subjected to analysis using the XSum method [38], which was designed to integrate gene expression data to predict possible therapeutic interventions by identifying compounds in the high HIF1A-AS2 expression group. 
Expression profile data for human cancer cell lines (CCLs) were obtained from the Broad Institute’s Cancer Cell Line Encyclopedia (CCLE) project (https://portals.broadinstitute.org/ccle/) (file: CCLE_RNAseq_rsem_genes_tpm_20180929.txt). The corresponding IC50 values of various compounds were acquired from the Genomics of Drug Sensitivity in Cancer (GDSC) database (http://www.cancerrxgene.org/downloads) [39]. In addition, drug sensitivity data for CCLs were gathered from the Cancer Therapeutics Response Portal (CTRP v.2.0) (https://depmap.org/portal/download/), which includes drug sensitivity information for 481 compounds across 835 CCLs. The PRISM Repurposing dataset (19Q4) was used, which provides drug sensitivity data for 1,448 compounds across more than 482 CCLs [40]. These results provided drug response measurements in the form of area under the dose–response curve (AUC) values for various antitumor drugs. To address missing data in drug sensitivity profiles (CTRP_AUC.txt and PRISM_AUC.txt), we utilized the K-nearest neighbor (KNN) method for imputation. Prior to imputation, drugs with more than 20% missing AUC values were excluded from the analysis. We performed Spearman correlation analysis to examine the relationship between drug sensitivity and HIF1A-AS2 expression. Correlations showing a Spearman correlation coefficient (Rs) < -0.2 and an FDR-adjusted P value < 0.05 were deemed statistically significant. We divided CRC samples (n = 622) into high- and low-expression groups based on the median HIF1A-AS2 expression. We also conducted Wilcoxon tests between the high and low HIF1A-AS2 expression groups for the corresponding drugs. We selected results with log2FC > 0 and BH-adjusted P < 0.05. The intersecting drugs between two groups were visualized using a Venn diagram in both CTRP and PRISM databases. 
The Genomics of Drug Sensitivity in Cancer (GDSC2) database (https://www.cancerrxgene.org/) is a valuable resource for drug response data. To predict drug sensitivity in cancer cell lines, we utilized the 'oncoPredict' package [41], which leverages cell line expression data from the GDSC2_Expr dataset (RMA normalized and log-transformed) and corresponding drug sensitivity data from GDSC2_Res. Using the "calcPhenotype" function, we conducted drug (n = 179) response predictions based on gene expression profiles. To further investigate the relationship between drug sensitivity and HIF1A-AS2 expression, Spearman correlation analysis was performed in CRC (n = 622). A Spearman correlation coefficient (Rs) < -0.2 with an FDR-adjusted P value < 0.05 was considered statistically significant. Moreover, to identify the drugs with the most significant impact, we applied a threshold of FDR < 0.05 and log2 fold change (log2FC) > 0.3. For the selected drugs, we then performed Wilcoxon tests to compare drug sensitivity between high and low HIF1A-AS2 expression groups. Groups were defined by the median HIF1A-AS2 expression. Finally, we conducted pathway analysis related to drug targeting based on the significant drug prediction results, aiming to identify the underlying molecular pathways that may be influenced by the identified therapeutic agents.
Analysis of public scRNA dada in CRC
After quality control and data processing, the scRNA-seq dataset EMTAB8107 from colorectal cancer (CRC) was downloaded from the Tumor Immune Single Cell Hub 2 (TISCH2) database (http://tisch.comp-genomics.org/) [42]. This dataset was annotated with various cell types. To visualize gene expression patterns, UMAP analysis was performed using the "Nebulosa" package. To assess the differential expression of HIF1A-AS2 in different cell populations, we used the Kruskal-Wallis Rank Sum Test. To further identify DEGs between HIF1A-AS2-positive (expression > 0) and HIF1A-AS2-negative (expression = 0) groups in malignant cells or fibroblasts, we employed the "FindAllMarkers" function from the “Seurat” R package. The “test.use” parameter was set to Wilcoxon, “logfc.threshold” was set to 0.25, and “min.pct “was set to 0.1 to ensure robust results. GO and KEGG enrichment analyses for significant DEGs were subsequently conducted to explore the functional roles of HIF1A-AS2. Metascape analysis was also performed. The “AUCell” package was utilized to assess pathway scores related to immunity, metabolism, signaling pathways, proliferation, cell death, and mitochondria-associated biological processes. Based on gene expression, cells were categorized into two groups: gene-positive (expression > 0) and gene-negative (expression = 0). Differential pathway scores between these two groups were then compared using the “limma” package. We analyzed pathway differences across various cell types between HIF1A-AS2-positive and -negative groups. Specifically, pathways exhibiting increased scores in the positive group were interpreted as being activated, while pathways with decreased scores in the positive group were considered suppressed. 
Analysis of spatial transcriptomics (ST) in CRC
Spatial transcriptomics (ST) data were sourced from the 10x Genomics database (https://www.10xgenomics.com/cn) and the study by Wu et al. [43]. Specifically, the data "CRC: Human Colorectal Cancer: Whole Transcriptome Analysis" and "CRC2: Human Intestine Cancer (FPPE)" were retrieved from the 10x Genomics database. Additional ST data, including "CRC3: ST-colon1," "CRC4: ST-colon2," "CRC5: ST-colon3," "CRC6: ST-colon4," "CRC7: ST-liver1," "CRC8: ST-liver2," "CRC9: ST-liver3," and "CRC10: ST-liver4," were obtained from the study by Wu et al. [43]. We employed the Sparkle database (https://www.grswsci.top) to conduct spatial transcriptomics analysis on CRC tissue sections. The Sparkle database, which integrates 10x Visium sequencing data in accordance with previous studies [44, 45], has created a comprehensive ST atlas. By characterizing the cell types within each microregion of the tissue, we assigned names to the microregions based on the main cell type. For example, if malignant cells represented the majority in a given microregion, it was designated as a "malignant cell microregion." Subsequently, we examined the average gene expression levels across different cell-type microregions within each tissue section. To enhance comparability between different tissue sections, we applied Z-score normalization using the “scale” function. Finally, we visualized the standardized data using the “pheatmap” package to gain insights into the spatial distribution and expression patterns of genes across the various microregions. 
ST sequencing data were normalized using the “NormalizeData” function, which transforms the raw gene expression counts into standardization. This can mitigate technical variations across different samples. For visualization, we utilized the “SpatialFeaturePlot” function from the “Seurat” package. This function provided an intuitive graphical representation of the expression of HIF1A-AS2 across spatial regions. By integrating gene expression levels with spatial locations, it generated a dot plot with color encoding to visually capture the spatial distribution and intensity of HIF1A-AS2 expression within the tissue sections. ST data were visualized using the “SpatialPlot” function from the “Seurat” package, which illustrates the main cell type in each microregion (spot) and its spatial distribution across the tissue sections. Next, Spearman correlation analysis was performed to calculate the relationships between cell components across all spots, as well as between the cell type and HIF1A-AS2 expression levels. To present these correlation results, the “linkET” package was employed for visualizing the data. To investigate the spatial heterogeneity of HIF1A-AS2 expression within the TME, we categorized tissue regions based on the proportion of malignant cells in each microregion (spot). Based on the results of deconvolution analysis, microregions with a 100% proportion of malignant cells were defined as "malignant regions," while those with 0% malignant cells were classified as "normal regions." The remaining microregions were considered as "mixed malignant regions." If the number of microregions with a 100% proportion of malignant cells was insufficient (< 30), we redefined the results. Microregions with more than 50% malignant cells were reclassified as "high malignant regions" (hMal), while those with 0% malignant cells were designated as "non-malignant regions" (nMal). The remaining microregions were categorized as "low malignant regions" (lMal). If the number of high or low malignant regions still did not meet the threshold of 30, we further defined all areas with a nonzero proportion of malignant cells as "malignant regions" (Mal) and those with 0% malignant cells as "non-malignant regions" (nMal). After grouping the microregions, we used the Wilcox test to analyze the expression differences of HIF1A-AS2 between the various groups.
The definition of tumor boundaries was a key step in this study. The process was performed as follows: 1) Identification of tumor core regions: To determine the tumor core, we performed clustering analysis on the morphology-adjusted expression matrix using the “Cottrazm” package. This analysis was conducted by incorporating the high-CNV characteristics of tumor cells, which allowed for the identification of microregions (spots) within the tumor core. 2) Identification of tumor boundary regions: Using a hexagonal system, we then extrapolated from the tumor core spots to adjacent spots and calculated the UMAP distance from each neighboring spot to the tumor centroid. This method effectively distinguished whether adjacent spots were part of the tumor region or the tumor boundary region (denoted as "Bdy"). By applying this approach, we identified the tumor boundary, which connects malignant and non-malignant cells (“Cottrazm-boundarydefine). We visualized the average expression levels of HIF1A-AS2 across different groups by generating bar plots using the “dplot5” function from the “fromto” package. We exploited the Wilcoxon test to assess the difference of HIF1A-AS2 expression across the different regions.
Analysis of Notch1/ERK pathways
We retrieved and collected 112 signatures related to the Notch1/ERK pathways or processes from the MSigDB database (https://www.gsea-msigdb.org/gsea/msigdb/) (Table S9). To evaluate the activity of these pathways, we performed GSVA analysis. Z-scores were calculated using the “gsva” function from the “GSVA” package. Spearman correlation analysis was conducted to examine the relationship between the expression of HIF1A-AS2 and the Notch1/ERK pathways in pan-cancer. A significance threshold was set at a BH-adjusted P-value of less than 0.05. 
Using our in-house scRNA-seq data, CRC cells were divided into HIF1A-AS2-high and -low groups using the median expression value as the cut-off threshold. Scores for Notch and ERK signaling pathways were calculated using the "irGSEA.score" function from the "irGSEA" package with multiple methods ("AUCell," "UCell," "singscore," and "ssGSEA"). The "irGSEA.heatmap" function was used to visualize statistically significant differences in Notch and ERK signaling pathway activity between high and low HIF1A-AS2 expression groups. 
Correlation analysis between HIF1A-AS2 and key oncogenic proteins using TCPA data
Protein expression data from reverse phase protein array (RPPA) profiling (CONTRIB-TCPA00000002) were retrieved from The Cancer Proteome Atlas (TCPA) database (https://www.tcpaportal.org/index.html). We focused on proteins involved in angiogenesis and tumor progression, those related to the VEGF signaling and extracellular matrix remodeling, including VEGF, MVD, MMP-7, MMP-9, Notch1, and ERK. Among these targets, only data for Notch1 and ERK (ERK2 and phosphorylated ERK1 [MAPKPT202Y204]) were available. We performed Spearman correlation analyses between HIF1A-AS2 expression and the protein abundance of Notch1, ERK2, and ERK1. 
Patient specimens and ethical approval for in-house data
The analysis focused on patients with CRC who underwent primary curative resection at Shanghai Municipal Hospital of Traditional Chinese Medicine (TCM), from May 2023 to January 2024. Eligible patients met the following criteria: (1) aged 50–80 years; (2) histopathologic confirmation of CRC; (3) no diagnosis of any other malignancy; (4) no family history of cancer; (5) no prior systemic anti-cancer therapy, including radiotherapy, chemotherapy, targeted therapy, or immunotherapy (treatment-naïve); and (6) provision of written informed consent for surgery and research. A total of six specimens were collected, consisting of three tumor tissues and three adjacent normal tissues, all of which were included in the in-house dataset. Fresh tissue samples were procured within 24 hours of surgical resection to ensure the preservation of sample integrity for subsequent analysis. 
Cell preparation, scRNA-seq library construction, and sequencing for in-house data
The single-cell suspension was assessed to ensure that cell viability exceeded 80%. Cells that met this criterion were then washed, resuspended, and adjusted to a final concentration of 700–1200 cells/μL. Subsequently, these viable cells were processed using the 10x Genomics Chromium™ system for scRNA-seq, ensuring high-quality input material for downstream analysis. Tissues were transported in a sterile culture dish containing 10 mL of 1x Dulbecco's Phosphate-Buffered Saline (DPBS; Thermo Fisher, Cat. no. 14190144) on ice to remove any residual storage solution. The tissues were then minced on ice to facilitate dissociation. For enzymatic digestion, tissues were treated with 0.25% Trypsin (Thermo Fisher, Cat. no. 25200-072) and 10 μg/mL DNase I (Sigma, Cat. no. 11284932001) in PBS supplemented with 5% Fetal Bovine Serum (FBS; Thermo Fisher, Cat. no. SV30087.02). The digestion was carried out at 37°C with continuous shaking at 50 rpm for approximately 40 minutes, with the cell suspension collected every 20 minutes to optimize both yield and cell viability. The dissociated cells were then filtered through a 40 μm nylon cell strainer to remove tissue debris, and red blood cells were eliminated using 1x Red Blood Cell Lysis Solution (Thermo Fisher, Cat. no. 00-4333-57). The resulting cell suspension was washed with 1x DPBS containing 2% FBS. Cell viability was assessed using 0.4% Trypan Blue (Thermo Fisher, Cat. no. 14190144) and quantified on a Countess® II Automated Cell Counter (Thermo Fisher). 
For the six samples, beads containing unique molecular identifiers (UMIs) and cell barcodes were loaded into a Gel Beads-in-Emulsion (GEM) at near-saturation levels to facilitate the pairing of individual cells with beads. Following exposure to cell lysis buffer, polyadenylated RNA molecules hybridized to the beads. The beads were then pooled into a single tube for reverse transcription. During cDNA synthesis, each cDNA molecule was tagged at its 3' end (corresponding to the 5' end of the mRNA transcript) with a unique UMI and a cell barcode, allowing identification of the cell of origin. Subsequently, beads underwent second-strand cDNA synthesis, adaptor ligation, and universal amplification to generate sequencing-ready libraries. The libraries were prepared by amplifying randomly fragmented whole-transcriptome products, specifically enriching for the 5' ends that were linked to both the cell barcodes and UMIs. Sequencing libraries were constructed using the Chromium Single Cell 5' v2 and V(D)J Reagent Kits (10x Genomics) according to the manufacturer's guidelines, with unique sample indices assigned to each library. Library quantification was performed using a High Sensitivity DNA Chip (Agilent) on a Bioanalyzer 2100, and the DNA concentration was measured using a Qubit High Sensitivity DNA Assay (Thermo Fisher Scientific). Sequencing was carried out on a NovaSeq Xplus platform (Illumina) with paired-end 150 base-pair (PE150) chemistry at Majorbio Bio-Pharm Technology Co. Ltd. (Shanghai, China). 
scRNA-seq data preprocessing and analysis of in-house data
scRNA-seq data were processed using the “Seurat” R package. To ensure data quality, cells were filtered according to several quality control criteria: only cells with ≥1000 UMI counts were retained. Furthermore, cells were required to exhibit between 200 and 8000 detected genes, a mitochondrial gene content of ≤20%, and a ribosomal gene content of ≤20%. These filtering criteria led to the retention of a total of 51,462 cells for subsequent analysis. Cell clusters were identified using the “FindClusters” function at a resolution of 0.8. Other processing steps followed the same protocol as described in the “Pan-cancer single-cell RNA sequencing data analysis”.
Identification of malignant cells for in-house data
We extracted epithelial cells and applied DoubletFinder to detect putative doublets and retain high‑quality single‑cell data. To identify CNVs within the epithelial cell population, the “InferCNV” package was applied, enabling the distinction between malignant and normal cells. In this analysis, normal samples served as the reference group. As a result, malignant cells were identified and distinguished based on the CNV profile.
Characterization of HIF1A-AS2 expression in our in-house scRNA-seq data
To visualize cell populations and characterize HIF1A-AS2 expression, The UMAP plots using the “SCpubr” package revealed distinct clusters corresponding to a variety of cell types, including B cells, T cells, endothelial cells, epithelial cells, fibroblasts, macrophages, mast cells, monocytes, neuronal-glial cells, neutrophils, natural killer (NK) cells, proliferating cells, and smooth muscle cells. Canonical marker genes were used to annotate cell types, visualized using the “FeaturePlot” function from the “Seurat” package. Moreover, to enhance the visualization of HIF1A-AS2 expression at the single-cell level, the “Nebulosa” package was used. This method estimated a weighted kernel density by incorporating similarities between cells, thereby enabling a more robust recovery of low-abundance gene expression signals. To assess the differential expression of HIF1A-AS2, the Wilcoxon rank-sum test was used to compare expression levels between tumor and normal groups. Furthermore, the Kruskal–Wallis test was conducted to evaluate differences in HIF1A-AS2 expression across various cell types, including B cells: n = 3,311, Endothelial cells: n = 5,421, Epithelial cells: n = 5,825, Fibroblasts: n = 11,296, Macrophages: n = 4,531, Malignancy: n = 5,729, Mast cells: n = 836, Monocytes: n = 1,201, Neuronal-Glial cells: n = 2,109, Neutrophils: n = 1,126, NK cells: n = 439, Proliferating cells: n = 415, Smooth muscle cells: n = 5,797, T cells: n = 3,426. 
GO and KEGG analyses using in-house scRNA-seq data
In CRC scRNA-seq data, cells were stratified into high and low HIF1A-AS2 expression groups based on the median expression value of HIF1A-AS2. Differential gene expression analysis between these groups was performed using the “FindAllMarkers” function, with parameter settings of min.pct = 0.25 and logfc.threshold = 0.25. GO and KEGG enrichment analyses for these DEGs were conducted using the “clusterProfiler” package. The enrichment results were visualized with the “enrichplot” package. In addition to traditional enrichment analysis, the “scGSVA” package was used to perform single sample gene set enrichment analysis (ssGSEA) via the “scgsva” function. This analysis compared GO and KEGG pathways between high and low HIF1A-AS2 expression groups. Statistical significance was assessed using the Wilcoxon rank-sum test, with a BH-adjusted P-value threshold of <0.05 to identify significantly enriched pathways. The corresponding results were presented as heatmaps generated using the “pheatmap” package. 
GSVA analysis for angiogenesis, VEGF pathway, and TGF beta signaling using in-house scRNA-seq data
To investigate the potential roles of angiogenesis, VEGF pathway, and TGF-beta signaling in CRC, we selected 11 signatures associated with angiogenesis, VEGF signaling, EMT, hypoxia, and TGF-beta signaling from the CancerSEA and MSigDB databases (Table S10). These signatures were used to assess pathway activation in our CRC scRNA-seq data. GSVA analysis was conducted using the “GSVA” R package to calculate z-scores for each of the selected signatures. We stratified the data into high and low HIF1A-AS2 expression groups based on the median value of HIF1A-AS2 expression. Differential analysis of these signatures between these high and low groups was performed using the Wilcoxon rank-sum test.
GSEA analysis of functional states using in-house scRNA-seq data
In this study, differential expression analysis was conducted on our in-house CRC scRNA-seq dataset using the “limma” package between high and low HIF1A-AS2 expression groups (median as the cut-off). To further explore the functional states of these two groups, GSEA analysis was performed using the “GSEA” function from the “clusterProfiler” package. This analysis focused on 14 distinct functional pathways from the CancerSEA database, providing insights into the molecular mechanisms underlying the biological functions in the high HIF1A-AS2 expression group. 
Analysis of cancer hallmarks using the "irGSEA" package on in-house scRNA-seq data
To investigate the molecular features associated with high and low HIF1A-AS2 expression groups (median as the cut-off) in CRC, we utilized the “irGSEA” package, which integrates single-cell rank-based gene set enrichment analysis [46]. This analysis was performed using four methods: AUCell, UCell, singscore, and ssgsea. These approaches allowed for a comprehensive evaluation of cancer hallmark pathways across the high and low HIF1A-AS2 expression groups. Our analyses focused on signatures from the MSigDB Hallmark and KEGG collections, together with targeted signaling pathways (Notch1, ERK). In addition, we incorporated 16 oncogenes-related signatures obtained from the “IOBR” package, including hypoxia, m6A methylation, ferroptosis, exosome biogenesis, and extracellular vesicle formation (Table S11). The results were visualized using heatmaps generated by the "irGSEA::irGSEA.heatmap" function and bubble plots created with the "ggplot2" package, providing an overview of differential pathway enrichment between the two HIF1A-AS2 expression groups. 
Single-cell metabolism analysis using in-house scRNA-seq data
To quantify single-cell metabolic activity, we employed the “irGSEA” package for a comprehensive analysis. Metabolic pathways from KEGG (85 pathways) and REACTOME (82 pathways) were collected from the “scMetabolism” package (https://github.com/wu-yc/scMetabolism). In addition, 156 metabolism-related gene signatures were retrieved and extracted from the “WikiPathways” collection within the MSigDB database, enhancing the breadth of metabolic features assessed in this study (Table S12). Using a median-defined cutoff, we then compared the metabolic activity between high and low HIF1A-AS2 expression groups, aiming to uncover potential differences in metabolic reprogramming associated with HIF1A-AS2 expression in CRC. 
[bookmark: OLE_LINK1]Tumor microenvironment (TME) features using in-house scRNA-seq data
To explore the tumor microenvironment (TME) features, we gathered 29 TME-related signatures from the study by Bagaev et al. [31], including signatures related to major histocompatibility complex (MHC), CAFs, NK cells, T cells, B cells, myeloid-derived suppressor cells (MDSCs), and matrix. Multiple TME signatures (n = 186) were also obtained from the "IOBR" package to enrich the analysis. Furthermore, 86 MetaTiME signatures (Meta-components of the Tumor Immune MicroEnvironment) were sourced from the study by Zhang et al. [47]. These signatures encompassed a wide range of TME components, including pan-cell signaling, B cells, T cells, dendritic cells, monocytes, macrophages, and stromal cell categories (Table S13). We utilized the “irGSEA::irGSEA.score” function to calculate enrichment scores of these TME-related signatures in our in-house scRNA-seq data. TME features were then compared between high and low HIF1A-AS2 expression groups using median split stratification. 
Trajectory inference analysis with CytoTRACE2, Slingshot, and monocle3 at our single cell level
To predict the potential differentiation states within the high and low HIF1A-AS2 expression groups, we applied trajectory analysis using the “CytoTRACE2” package [48]. This method used gene counts and expression data to infer the differentiation potential of individual cells. High and low groups were defined using the median value of HIF1A-AS2 expression. To compare the trajectory dynamics between the high and low HIF1A-AS2 expression groups, Wilcoxon rank-sum test was employed. 
To investigate the potential differentiation trajectories associated with HIF1A-AS2 expression, trajectory analysis was performed using the “Slingshot” [49] and “monocle3” packages. For the monocle3 trajectory inference, a monocle object was created using the “new_cell_data_set” function. The data underwent normalization and preprocessing through the “preprocess_cds” function. Dimensionality reduction was then applied using the “reduce_dimension” function to make the data into a lower-dimensional space. Differential genes along the pseudotime trajectory were identified using the “graph_test” function. The results were visualized using the “plot_genes_in_pseudotime” and “plot_cells” functions. For trajectory inference using the “Slingshot” package, a trajectory object was first constructed using the “SingleCellExperiment” function. Dimensionality reduction was then applied through the “reducedDims” function. To ensure computational efficiency and robustness, tradeSeq analysis was run on a random subsample of 2,000 cells; this subsampling did not affect result stability. To investigate gene expression dynamics along the inferred trajectories, differential expression analysis was conducted using the “fitGAM” function from the “tradeSeq” package, which fits a negative binomial model to the expression data across pseudotime. Visualization was performed using the “plotGeneCount” and “plotSmoothers” functions. 
Differential expression gene (DEG) analysis between high and low HIF1A-AS2 expression groups was conducted using the "RunDEtest" function, with results visualized through the "VolcanoPlot" function from the "scop" R package (https://github.com/mengxu98/scop). High and low HIF1A-AS2 groups were defined using the median value of HIF1A-AS2 expression. Pseudotime trajectory inference was performed using the "RunSlingshot" function on a randomly sampled subset of 10,000 cells to compare lineage progression between the two HIF1A-AS2 expression groups. Dynamic features between high and low HIF1A-AS2 expression groups were subsequently analyzed using the "RunDynamicFeatures" function, which identified six distinct gene clusters and their corresponding biological processes (GO-BP) along pseudotime (Lineage1). The results were visualized using the "DynamicHeatmap" function through the "scop" R package. 
TF regulatory analysis using in-house scRNA-seq data
pySCENIC, a high-performance Python implementation of the Single-Cell Regulatory Network Inference and Clustering (SCENIC) pipeline, was utilized to identify transcription factor (TF) regulatory networks from scRNA-seq data [50]. Three input files, including motif ranking (hg38__refseq-r80__10kb_up_and_down_tss.mc9nr.genes_vs_motifs.rankings.feather), motif annotation (motifs-v9-nr.hgnc-m0.001-o0.0.tbl), and transcription factor lists (allTFs_hg38) for Homo sapiens, were obtained from the cisTarget database (https://resources.aertslab.org/cistarget/). After running pySCENIC analysis on scRNA-seq data with the three input files described above, we obtained a SCENIC.loom file. This SCENIC.loom data were processed using the R package “SCopeLoomR”. The regulon specificity scores (RSS) were then calculated using the “calcRSS” function from the “SCENIC” R package. We visualized the RSS results between the high and low HIF1A-AS2 groups with the “ggplot2” R package. High and low groups were defined based on the median value of HIF1A-AS2 expression. 
[bookmark: _Hlk200133316]Drug response analysis using in-house scRNA-seq data
scRank leverages a target-perturbed gene regulatory network (tpGRN) to simulate and assess virtual drug perturbations in untreated scRNA-seq data. The method allows for the inference of drug response in various cell types from disease state data, without the need for direct drug intervention [51]. To create a scRank object, the “CreateScRank” function from the “scRank” package was utilized, with parameters set as follows: cell_type = "cellType", species = "human", target = "HIF1A-AS2", type = "antagonist". Next, a gene regulatory network was constructed using the “Constr_net” function. The drug target gene network was visualized using the “plot_net” function in modular mode (mode = "network"). For further analysis, cell types were ranked using the “rank_celltype” function, with the parameter type = "antagonist" and method = 1. Based on the ranking outcomes and perturbation analysis, it was inferred that cell populations displaying higher perturbation scores were more significantly responsive to drug. Thus, cell types such as fibroblasts, which were considered sensitive, as well as monocytes and macrophages, which were regarded as resistant, were selected for further analysis. The network of HIF1A-AS2 and its directly connected genes was visualized. If where there were too many connected genes, only the 50 strongest connections were retained. Notably, monocytes displayed no network due to a lack of direct connections to HIF1A-AS2. Finally, GO and KEGG enrichment analysis for the genes connected to HIF1A-AS2 was performed via the “clusterProfiler” package. Using the perturbation score, smooth muscle cells and fibroblasts were classified as sensitive; mast cells, proliferating cells, endothelial cells, neuronal–glial cells, and B cells as intermediate; and T cells, macrophages, neutrophils, NK cells, epithelial cells, and monocytes as resistant. The classification resulted in the following sample distribution: 6,082 cells in the intermediate group, 8,081 cells in the sensitive group, and 11,583 cells in the resistant group. Wilcoxon rank-sum tests were employed to compare HIF1A-AS2 expression between each pair of groups (sensitive vs. intermediate, sensitive vs. resistant, and intermediate vs. resistant). 
[bookmark: _Hlk211630707]The "bcScore" function from the "beyondcell" package [52] was used to calculate the Beyondcell Score (BCS). The PSc (drug sensitivity/drug response) signature set was obtained using the "GetCollection" function, which facilitates access to predefined drug response signatures. To reduce the dimensionality, UMAP was employed. The correlation between HIF1A-AS2 and the PSc scores was analyzed using Spearman analysis, with BH-adjusted P values < 0.05 considered statistically significant. To compare the PSc scores between groups with high and low expression of HIF1A-AS2, the median expression level of HIF1A-AS2 was used to stratify the samples. Wilcoxon tests were applied to assess the differences between the high and low expression groups, with BH-adjusted P values < 0.05 considered significant (Table S14). We employed a filtering step to retain PSc signatures meeting both of the following criteria: 1) Correlation of < -0.09 and adjusted P < 0.05, indicating a strong negative correlation with HIF1A-AS2 expression; 2) A log fold change (logFC) < -0.9 and adjusted P < 0.05, representing significant differential PSc. The “FindDrugs” function was then applied to identify corresponding compound names based on each significant drug signature. The results are depicted in a scatter plot, demonstrating the PSc signatures meeting both criteria. 
Cell‒cell communication analysis using in-house scRNA-seq data
To explore cell-to-cell communication within tumor niche, the “CellChat” R package was employed to analyze interactions between different cellular components. We first constructed a CellChat object from our scRNA-seq data, stratifying cells into HIF1A-AS2–high and –low groups using a median split. For this analysis, we primarily focused on the high HIF1A-AS2 expression group. The “CellChatDB.human” ligand-receptor interaction database was used to facilitate the identification of ligand-receptor pairs and their associated signaling pathways. All preprocessing steps were performed using default parameters. To infer communication networks, the functions “computeCommunProb” and “computeCommunProbPathway” were employed. These functions allowed for the identification of the network formed by individual ligand-receptor pairs and provided insights into the signaling pathways that mediate cell-to-cell communication. 
Roles of ACTA2, FAP, HIF1A, MMP-7, MMP-9, MVD, and VEGF in CRC
Transcriptomic data for this study were primarily sourced from the TCGA and GEO databases. TCGA gene-expression data were downloaded from the Pan-Cancer Atlas resource (file: EBPlusPlusAdjustPANCAN_IlluminaHiSeq_RNASeqV2.geneExp.tsv). Values were standardized to z-scores (per gene, across samples) using (x−μ)/σ, where x represents the expression value, μ the mean, and σ the standard deviation. Z-score values less than -3 or greater than 3 were considered outliers and were subsequently removed from the analysis. Proteomic data were obtained from the Clinical Proteomic Tumor Analysis Consortium (CPTAC; https://proteomics.cancer.gov/programs/cptac). To address missing data in the CPTAC dataset [COAD_PNNL (links: PDC000116, https://proteomic.datacommons.cancer.gov/pdc/browse)], imputation was performed using the “impute” R package. To assess differences in the transcriptomic and proteomic profiles of specific genes (ACTA2, FAP, HIF1A, MMP7, MMP9, MVD, and VEGFA) between CRC and normal tissue samples, we applied the Wilcoxon test for statistical evaluation. OS and DFS analyses were conducted using the Kaplan-Meier Plotter database (https://www.kmplot.com/analysis/), providing insights into the prognostic value of these genes. In addition, gene expression correlations with 14 functional states (GSVA score) were assessed using Pearson analysis in CRC. TCPA pathway activity scores for 10 cancer-related pathways, including TSC/mTOR, RTK, RAS-MAPK, PI3K-AKT, hormone estrogen receptor (ER), hormone androgen receptor (AR), EMT, DNA damage response, cell cycle, and apoptosis pathways, were sourced from the GSCA database (https://guolab.wchscu.cn/GSCA/#/) [53]. To categorize patients based on gene expression levels, we divided them into high and low expression groups using the median expression value. Differences in 10 cancer-related pathway activity scores between the high and low gene expression groups were then assessed using the Wilcoxon test. Gene expression differences across TCGA pan-cancer CNV groups were assessed using the Kruskal–Wallis test, including five categories: deep deletion (−2), shallow deletion (−1), diploid (0), gain (+1), and amplification (+2). Samples from different TCGA and GEO datasets were categorized into high and low gene expression cohorts based on a 30% expression threshold. GSEA analysis was subsequently performed to compare the enrichment of KEGG_Metabolism (n = 85) and 50 hallmark gene sets between the high (top 30%) and low (bottom 30%) gene expression groups. In addition, the results of KEGG pathways were visualized with a KEGG hierarchy plot. Differences in PROGENy pathway activity scores between high and low expression groups (median-defined cutoff) were assessed using the Wilcoxon rank-sum test. Spearman correlation coefficients were calculated to assess associations between gene expression levels and tumor-infiltrating immune cell abundances (derived from the immune deconvolution algorithms described above) and 68 published immune-related signatures. 
We also analyzed publicly available scRNA-seq EMTAB8107 dataset and ST data. The results were investigated using the same analytical framework described above through the Sparkle database (https://grswsci.top/). 
Investigation of COL1A1–CD44, COL1A2–CD44, COL6A1–CD44, COL6A2–CD44, COL6A3–CD44, LAMA2–CD44, LAMA4–CD44, LAMB1–CD44, and LAMC1–CD44 Axes in CRC
Cell–cell communication analysis revealed that interactions involving COL1A1–CD44, COL1A2–CD44, COL6A1–CD44, COL6A2–CD44, COL6A3–CD44, LAMA2–CD44, LAMA4–CD44, LAMB1–CD44, and LAMC1–CD44 exhibited the highest probabilities among the identified ligand–receptor pairs. To comprehensively assess the potential functional roles and clinical significance of CD44 in CRC, systematic analyses were performed using the Sparkle database (https://grswsci.top/) and KM plotter database (https://kmplot.com/analysis/) according to the procedures described above. Furthermore, associations of CD44 expression with HIF1A-AS2 and HIF1A were evaluated using Spearman correlation analysis in TCGA CRC data and in-house CRC scRNA-seq data. These analyses encompassed gene expression profiling, survival outcome evaluation, pathway enrichment analysis, and TME correlation analysis, offering insights into the potential mechanisms by which CD44 contributes to CRC pathogenesis and progression. 
Calculation of hypoxia, exosome, and H-Exo scores
We calculated GSVA scores (using the z-score method) for both the hypoxia signature, sourced from the CancerSEA database, and exosome-related gene signatures (Table S3), utilizing the "gsva" function from the “GSVA” R package with TCGA CRC data. To integrate these signature-level activities, we first selected exosome-related signatures showing an absolute Spearman correlation > 0.4 with the hypoxia score. Next, for each retained signature, correlation coefficients were used as weights to compute a weighted exosome score per sample [], with all weights normalized to sum to 1 (). Finally, a combined hypoxia-exosome (H-Exo) score () was calculated for each CRC sample by averaging the hypoxia and weighted exosome scores (Table S15). i: sample index; k: signature index; 𝓚: retained subset of exosome signatures; S: GSVA score; w: weight; hyp: hypoxia score; exo: exosome score; H-Exo: hypoxia–exosome score; R: correlation coefficient. 
Correlation between HIF1A-AS2 and tumor invasion and migration
The WANG_TUMOR_INVASIVENESS_UP and WU_CELL_MIGRATION gene sets were obtained from the MSigDB database. We calculated ssGSEA scores for the two gene sets in TCGA CRC using the 'gsva' function (method = "ssgsea") from the 'GSVA' package, then standardized the scores across samples using the “scale” function. To investigate the potential relationship between HIF1A-AS2 expression and tumor invasion and migration, Spearman correlation analysis was performed. 
Inference of cell component abundance using BayesPrism deconvolution analysis
BayesPrism deconvolution was performed on bulk RNA-seq (mixture) and in-house scRNA-seq (reference) datasets using shared gene sets (intersection of colnames(mixture) and colnames(reference)). TCGA RNA-seq data for COAD/READ (workflow.type = "STAR-Counts") were downloaded using the “TCGAbiolinks” package and using the hg38 gene annotation. Unnormalized and untransformed count data were used for the analysis. In the scRNA-seq count data, fifty cells were sampled per cell subtype. Subsequently, aberrant genes were removed, genes located on the X and Y chromosomes were excluded, and genes with low expression levels were also filtered out. Consistency of gene expression across different gene types was assessed, with protein-coding genes showing the highest consistency between the two datasets. To reduce batch effects and improve computational efficiency, deconvolution was performed on protein-coding genes. The "new.prism" function was applied using the R package ‘BayesPrism’ [54, 55] to construct a prism object, with the parameter key="malignancy". The "run.prism" function was used to start the BayesPrism run. The "get.fraction" function was employed to obtain the results of cell type fractions (theta). High and low HIF1A-AS2 expression groups were defined based on the median expression value in CRC bulk samples. Differences in cell component fractions between high and low HIF1A-AS2 expression groups were assessed using the Wilcoxon test. Kaplan–Meier survival analysis of differential cell components was conducted using the "survival" and "survminer" packages in CRC bulk samples. The ‘surv_cutpoint’ function was used to calculate the optimal cut-off values. 
Collagen gel contraction assay
Harvested NAFs were resuspended in complete medium and mixed with rat tail type I collagen according to the manufacturer’s instructions to obtain a final collagen concentration of 1.5 mg/mL and a cell density of 3 × 10⁵ cells/mL. Aliquots (250 μL) of the cell–collagen mixture were plated into 24-well plates and incubated at 37°C for 1.5 h to allow gel coagulation. After gel formation, the gels were gently detached from the well edges using a pipette tip. Representative images were acquired at 0 h (immediately after release) and 48 h after stimulation using an inverted microscope, as previously described [56]. Gel contraction analysis was performed with ImageJ software by measuring the surface area, and the results were normalized to the initial gel area. The contraction index (CI) was calculated as  [57], where A_0 is the initial gel area and A_t is the gel area at the endpoint. 
Immunohistochemistry (IHC)
For IHC, paraffin-embedded sections were baked, deparaffinized, rehydrated, subjected to antigen retrieval, and blocked. Sections were incubated overnight at 4°C with primary antibodies, washed with PBS, and then incubated with secondary antibodies for 30 min at room temperature. For murine xenograft tissues, IHC was performed to detect VEGF (EP1176Y, Abcam), CD31 (EPR17259, Abcam), MMP-9 (EP1254, Abcam), α-SMA (EPR5368, Abcam), FAP (RM1080, Abcam), and PDGFRβ (42G12, Abcam). Signals were developed using an enzyme substrate and counterstained with hematoxylin. Quantification was performed in ImageJ by measuring staining intensity from three randomly selected, non-overlapping fields per section, and the mean optical density (MOD) was used for statistical analysis. All staining, imaging, and quantification procedures were performed in a blinded manner. 
Secretome analysis for H-Exo-CM
Sample preparation and protein extraction
Conditioned media (CM; cell culture supernatants) and exosomes (Exo) were collected from HCT116 and LoVo cells cultured under normoxic (N) or hypoxic (H) conditions. All CM and Exo samples were vacuum freeze-dried prior to protein extraction. Proteins were extracted using a phenol-based method. Briefly, lyophilized samples were resuspended in 800 μL phenol extraction buffer supplemented with protease inhibitors and mechanically disrupted with stainless-steel beads (65 Hz, 2 min; repeated once). An equal volume (800 μL) of Tris-saturated phenol (pH 8.0; Sangon Biotech, Shanghai, China) was added, and samples were incubated at 4°C for 40 min with intermittent agitation (shaken every 5 min on a thermomixer; JXH-100, Shanghai Jingxin Technology Co., Ltd., China). After centrifugation (12,000 rpm, 4°C, 10 min; Heraeus Fresco17 centrifuge, Thermo Scientific, USA), the upper phenol phase was transferred to a new tube, and proteins were precipitated with pre-chilled 0.1 M ammonium acetate in methanol followed by incubation overnight at −20°C. 
Pellets were collected (12,000 rpm, 4°C, 10 min), washed twice with cold methanol and once with cold acetone (ANPEL, Shanghai, China), briefly air-dried (~1 min), and resuspended in RIPA lysis buffer. Samples were sonicated in an ice-water bath for 20 min. Lysates from both CM and Exo samples were clarified by centrifugation (12,000 rpm, 4°C, 10 min; Heraeus Fresco 17), and the clarified supernatants were collected for subsequent proteomic analyses. Protein concentrations were measured by BCA assay (working reagent A/B = 50:1; incubation at 37°C for 30 min), and absorbance at 562 nm was recorded using a microplate reader (Multiskan FC, Thermo Scientific, USA).
SDS–PAGE and silver staining quality control
For quality control, protein aliquots were mixed with 2× loading buffer, heated for 5 min, and resolved by SDS–PAGE (constant voltage 80 V for 10 min, then 150 V until completion). Gels were silver-stained using a rapid silver staining kit (Beyotime, Shanghai, China) according to the manufacturer’s instructions and imaged to evaluate overall protein integrity and loading consistency.
SP3-based protein digestion and peptide desalting
Proteins (30 μg per sample) were processed using an SP3 kit (Biotree, Shanghai, China) according to the manufacturer’s protocol, with liquid-handling steps performed on an SP100 automated workstation (Seer, USA). Samples were mixed by vortexing for 1 min using a VORTEX-5 vortex mixer (Haimen Qilinbeier Instrument Manufacturing Co., Ltd., China) prior to reduction/alkylation. Samples were reduced and alkylated (95°C, 20 min), incubated with SP3 magnetic beads for binding, and washed twice with the kit wash solution. Bead-bound proteins were digested with trypsin (Omicsolution, Shanghai, China) at 37°C for 2.5 h, and digestion was terminated using the stop reagent. Peptides were desalted on a desalting plate under positive pressure (activation/equilibration, sample loading, washing, and elution), vacuum-dried, and reconstituted prior to nanoLC–MS/MS analysis. Indexed retention time (iRT) peptides (iRT Kit; Biognosys, Zurich, Switzerland) were added to each sample for retention-time calibration and cross-run alignment [58]. 
Nano–liquid chromatography–tandem mass spectrometry (nanoLC–MS/MS) in DIA mode
Peptides were analyzed on a Vanquish LC system coupled to an Astral mass spectrometer (Thermo Scientific, USA) equipped with a nano-electrospray source. Peptides were separated on an EASY-Spray™ reversed-phase column (150 μm i.d. × 15 cm; Thermo Scientific, USA). Mobile phases consisted of 0.1% formic acid in water (A) and 0.1% formic acid in 80% acetonitrile (B). The column was equilibrated with 96% A prior to sample loading and gradient elution (gradient conditions are provided in the platform. MS data were acquired in positive-ion mode using data-independent acquisition (DIA). MS1 full scans were acquired over m/z 380–980 at 240k resolution. DIA isolation windows were set to 2 m/z with normalized collision energy (NCE) 25. MS2 full scans were acquired over m/z 150–2000, with absolute AGC 5E4 and a maximum injection time of 3 ms.
Protein quantification and downstream analysis
Raw DIA data were processed using DIA-NN v2.2.0 for peptide and protein identification and quantification. DIA-NN (Data-Independent Acquisition Neural Network) is an automated software tool specifically developed for DIA proteomics. It is freely available and open source, and enables rapid and accurate peptide/protein identification and quantification by leveraging deep neural networks and interference correction algorithms. Searches were performed against a human protein sequence database (9606_all.fasta). Protein abundances were obtained at the protein group level and used for downstream analyses.
The DIA-NN protein group matrix (Table S16) was analyzed to assess differential protein abundance. Intensity values were log2-transformed [log2(intensity + 1)], with zeros treated as missing values, followed by median-centering normalization across samples. Samples were stratified by cell line (HCT116 or LoVo), fraction (CM or Exo), and oxygen condition (Normoxia [N] or Hypoxia [H]), yielding four distinct fraction-by-cell line groups (HCT116_CM, HCT116_Exo, LoVo_CM, and LoVo_Exo) under both N and H conditions. Protein groups were mapped to gene symbols using standard gene annotation; in cases where multiple gene symbols were assigned to a single protein group, only the first symbol was retained. Gene-level abundances were then calculated by averaging the intensities of protein groups mapping to the same gene symbol. Pairwise comparisons (H vs. N) were performed for each fraction within each cell line to calculate log2 fold changes (log2FC). As biological replicates were not included due to cost constraints, these comparisons were evaluated without statistical hypothesis testing; proteins were classified as more (upregulated) or less (downregulated) abundant based on a threshold of |log2FC| > 1. Overlap patterns across comparisons were visualized at the protein level using UpSet plots generated via the “upset” function from the “ComplexUpset” package. For the group exhibiting the highest number of upregulated proteins, Manhattan-style plots were constructed by mapping gene symbols to hg38 genomic coordinates. Specifically, SYMBOL-to-ENTREZID mapping was performed using the “select” function (“AnnotationDbi” package) with the “org.Hs.eg.db” annotation database. Gene coordinates were subsequently retrieved using the “TxDb.Hsapiens.UCSC.hg38.knownGene” and “GenomicFeatures” packages.. Manhattan plots were created using the “ggplot2” package. To elucidate functional mechanisms, gene sets representing key mechanisms, such as angiogenesis, CAF, ECM, EMT, ERK, invasion, metastasis, and proliferation (Table S16), were used for annotation and visualization. For mechanism-specific heatmaps, the top 10 genes with the highest abundance changes per mechanism (defined by a maximum log2FC > 1) were selected based on their mean log2FC ranking. The results were visualized using the “Heatmap” function from the “ComplexHeatmap” package, with color mapping defined by the “colorRamp2” function from the “circlize” package. To avoid redundancy, genes present in multiple mechanism gene sets were assigned to a single primary mechanism according to a predefined priority hierarchy.
Statistical analyses
All analyses for the bioinformatics datasets and our in-house scRNA-seq data were conducted in R software (version 4.3.0). Procedures for differential expression, survival, pathway enrichment, correlation, pseudotime trajectory inference, and other analyses are detailed in their respective sections above. 
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