Materials and methods
scRNA-seq preprocessing, integration, clustering, and cell-type annotation
Single-cell RNA-seq data were processed in R using Seurat. After standard cell- and gene-level quality control, expression values were normalized and scaled prior to cross-sample integration to mitigate patient- and batch-driven technical variation. Where doublet removal was required, DoubletFinder was applied before downstream analyses to reduce spurious intermediate states [1]. Integrated embeddings were constructed using a fixed latent dimensional space (principal components 1–30), which was then used to build a nearest-neighbor graph and perform graph-based community detection for clustering. Two-dimensional visualization was generated using UMAP and t-SNE within Seurat, with random seeds fixed for stochastic steps to ensure reproducibility. Major tumor and microenvironmental populations were annotated based on canonical marker expression and cluster structure.
Statistical coupling between CNV-defined groups and trajectory states
To quantify concordance between inferred CNV groupings (as a proxy for clonal structure) and transcriptome-defined trajectory states, dependence was evaluated using contingency-based association testing (Chi-square) with effect size estimation (Cramér’s V). An information-theoretic dependence metric was additionally computed, and statistical significance was assessed using permutation testing via label randomization to obtain empirical null distributions. Analyses were performed globally and within each subtype to evaluate subtype-dependent CNV–state coupling.
Cell–cell communication inference
Intercellular signaling between malignant states and the microenvironment was inferred using CellChat in R [2]. Seurat-derived expression matrices and cell identity labels were used as inputs. To reduce instability from rare populations, interactions were filtered by requiring at least 10 cells per interacting group. Multi-condition comparisons were supported by normalizing interaction strengths to enable cross-subtype/state visualization. Network summaries and matrix-style comparisons were visualized using ComplexHeatmap [3]. Where ligand prioritization toward downstream target support was required, nichenetr was used in R to rank candidate ligands consistent with state-specific transcriptional programs [4].
Tumor microenvironment deconvolution and immune functional scoring in bulk cohorts
To translate single-cell programs to patient-level phenotypes, bulk transcriptomic cohorts were analyzed in R using IOBR [5]. Immune cell fractions were estimated using a CIBERSORT-based implementation with 1,000 permutations and absolute-mode output to facilitate cross-sample comparability [6]. Intrinsic molecular subtype annotation was required for stratified analyses, established subtype classifiers were incorporated using genefu [7]. These bulk analyses were interpreted as cohort-level trends and cross-checked against the single-cell atlas where possible.
Somatic mutation landscape analysis
Somatic mutation analyses were conducted in the TCGA-BRCA. Patient-level somatic alteration profiles (gene-level mutation status), tumor mutational burden (TMB), and mutational signature exposures were harmonized by intersecting sample identifiers across all genomic layers and the study-defined BCEG-based stratification to ensure matched comparisons within the same TCGA-BRCA patient set. Patients were categorized into predefined BCEG-associated molecular categories used consistently throughout the integrative analyses.
To summarize and visualize mutation patterns, oncoprint-style landscapes were generated in R using ComplexHeatmap. For each gene, mutation frequency was calculated within each BCEG-associated category, and samples were ordered by overall mutation burden and/or the frequency of recurrently mutated genes to enhance interpretability. Differences in mutation prevalence across categories were evaluated using appropriate categorical testing for binary mutation status (mutated vs non-mutated) under a two-sided framework, and statistically significant genes were annotated on the landscape using conventional significance symbols.
TMB distributions were compared across BCEG-associated categories using nonparametric rank-based testing. Mutational signature exposures were summarized and compared across categories using the same nonparametric testing framework where applicable.
DepMap-based dependency analysis and copy-number association
To connect evolution-associated genes to functional vulnerabilities in cancer cell lines, dependency analyses were performed in R by integrating gene effect scores with gene-level copy-number profiles from public DepMap resources [8]. High-performance import and harmonization were performed, followed by intersection of shared cell line identifiers and downstream association testing. Interpretation of copy-number–dependency relationships was guided by curated cancer gene directionality (oncogene vs tumor suppressor) to avoid biologically implausible inferences, while ambiguous dual-role genes were handled using prespecified filtering and sensitivity analyses.
Immunotherapy-associated analyses
Immunotherapy responsiveness was inferred using complementary transcriptome-based approaches based on TIDE prediction, evaluation in an external immune checkpoint blockade cohort (IMvigor210), and subclass mapping (SubMap) [9]. TIDE (Tumor Immune Dysfunction and Exclusion) analysis was applied to normalized bulk expression profiles to quantify immune evasion features and to estimate potential response to anti–PD-1/PD-L1 therapy [10]. TIDE-derived continuous metrics (overall TIDE score and, when available, dysfunction and exclusion components) were compared across the predefined BCEG-associated molecular categories using two-sided nonparametric testing (Wilcoxon rank-sum for two-category contrasts or Kruskal–Wallis for multi-category designs). Where multiple pairwise comparisons were performed, P values were adjusted using the Benjamini–Hochberg procedure.
External immunotherapy association was assessed using the IMvigor210 cohort (anti–PD-L1–treated urothelial carcinoma). The BCEG-related stratification was applied to IMvigor210 samples. Associations with objective response (responder vs non-responder) were evaluated using Chi-square tests or Fisher’s exact tests, selected according to expected cell counts. Survival outcomes were analyzed using Kaplan–Meier estimates with log-rank testing under a two-sided framework.
SubMap analysis was performed to quantify transcriptomic similarity between BCEG-associated categories and reference expression patterns representing immune checkpoint blockade responder/non-responder classes. SubMap was executed using a GenePattern-compatible workflow with permutation-based significance evaluation. Multiple-testing correction was applied where appropriate, and statistically significant subclass associations were reported using adjusted P values.
Consensus clustering and molecular subgrouping
To derive robust patient stratification, consensus clustering was performed in R using ConsensusClusterPlus. Cluster stability across resampling iterations was assessed to select the optimal cluster number. Cluster-associated molecular patterns were visualized using pheatmap, and dendrogram ordering/stability handling used dendsort where needed. These consensus-derived groups were subsequently used for downstream survival, immune, and mutation landscape comparisons.
Machine-learning–based prognostic modeling, multicohort validation, and survival analysis
A multicohort (multi-center) prognostic modeling framework was implemented in R to develop and validate an evolution-associated gene signature across independent breast cancer cohorts. Candidate genes were first refined by combining tumor–normal differential expression analysis using limma (adjusted P < 0.05) with univariate Cox regression screening using survival (P < 0.05), and intersecting the two sets to obtain prognostically relevant candidates. A multi-model survival machine-learning pipeline was then applied using Mime1 to train prognostic signatures in a designated training cohort (TCGA-BRCA) and validate them across multiple external cohorts, including several independent GEO datasets (GSE202203, GSE96058, GSE20685, GSE58812, GSE131769, GSE86166, GSE88770, GSE21653) and the METABRIC cohort, representing cross-platform and cross-center validation [11]. The pipeline evaluated multiple survival modeling strategies, with reproducibility ensured by a fixed random seed. Model discrimination was quantified primarily using concordance index (C-index), with prediction error evaluation supported by pec where applicable. The final model was selected based on consistent performance across cohorts; a survival-SVM approach (survivalsvm) was used for risk score generation in downstream analyses. Risk stratification was performed using a prespecified cutoff (0.5) and additionally cohort-adaptive cutpoint estimation using survminer for sensitivity assessment. Kaplan–Meier survival curves and log-rank tests were generated using survival and survminer, and model effect visualizations used forestploter together with ggplot2 extensions.
Cell culture
MCF7 and BT549 human breast cancer cell lines were used in this study. Cells were obtained from [source, e.g., ATCC or the Cell Bank of the Chinese Academy of Sciences] and cultured in the recommended complete growth medium supplemented with 10% fetal bovine serum and 1% penicillin–streptomycin at 37°C in a humidified incubator with 5% CO₂. Cells were routinely confirmed to be free of mycoplasma contamination and were used at low passage numbers for all experiments.
CCK-8 assay
Cell proliferation was evaluated using the Cell Counting Kit-8 (CCK-8) assay. Briefly, transfected BT549 cells were seeded into 96-well plates at [2–4 × 10³] cells per well in sextuplicate. At the indicated time points (0, 24, 48, and 72 h), 10 μL of CCK-8 reagent was added to each well and incubated for 1–2 h at 37°C. Absorbance at 450 nm was measured using a microplate reader. Relative proliferation curves were generated from the OD450 values.
Wound-healing assay
Cell migratory capacity was assessed by wound-healing assay. Transfected MCF7 and BT549 cells were seeded into 6-well plates and cultured to near confluence. A linear wound was generated using a sterile 200-μL pipette tip, and detached cells were removed by washing with PBS. Cells were then maintained in serum-reduced medium, and images were acquired at 0 h and 48 h using an inverted microscope. Wound closure was quantified using ImageJ and expressed as the percentage of the initial wound area.
Transwell migration and invasion assays
Transwell assays were performed to evaluate cell migration and invasion. For migration assays, transfected MCF7 and BT549 cells suspended in serum-free medium were seeded into the upper chamber of 8-μm pore-size Transwell inserts, while medium containing 20% fetal bovine serum was added to the lower chamber as a chemoattractant. After incubation for 24 h, non-migrated cells on the upper surface were removed, and migrated cells on the lower surface were fixed with paraformaldehyde and stained with crystal violet.
For invasion assays, the upper chambers were pre-coated with Matrigel before cell seeding. After incubation for 24 h, invaded cells were fixed, stained, and counted under a light microscope. Representative images were captured, and the number of migrated or invaded cells was quantified in multiple random fields per insert.
Dual-luciferase reporter assay
To test whether LHX2 could regulate MFGE8 promoter activity, wild-type (WT) and motif-mutant (Mut) MFGE8 promoter fragments were cloned into a firefly luciferase reporter vector. MCF7 and BT549 cells were co-transfected with the WT or Mut reporter plasmid together with either empty vector or LHX2 overexpression plasmid, as well as a Renilla luciferase plasmid as an internal control. After 48 h, firefly and Renilla luciferase activities were measured using a dual-luciferase reporter assay system according to the manufacturer’s instructions. Relative luciferase activity was calculated as the ratio of firefly to Renilla luciferase activity.
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