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Abstract: Objective To investigate the heterogeneity and key molecular features of epithelial cells in triple-
negative breast cancer (TNBC), identify prognostic biomarkers, and develop a robust survival prediction
model. Methods Using TNBC single-cell transcriptomic data, epithelial cells were extracted, normalized,
and subclustered to characterize their molecular signatures and functional differences. High-dimensional
weighted gene co-expression network analysis (hdWGCNA) was applied to establish co-expression modules
in epithelial cells. Multiple machine learning algorithms were integrated to select key prognostic genes and
develop a risk-score model, whose performance was evaluated using receiver operating characteristic (ROC)
curves and Kaplan-Meier (K-M) survival analysis. In addition, the immune microenvironment features and
potential drug-response differences between the high- and low-risk groups were systematically assessed.
Finally, PCR was performed to validate the expression differences of the key genes between tumor and
normal tissues. Results We characterized the composition and molecular features of TNBC epithelial
subpopulations and identified a TNBC-associated epithelial subset. By integrating hdWGCNA with machine
learning approaches, 10 key genes were selected to construct a prognostic model, which effectively stratified
patients into distinct survival-risk groups and demonstrated favorable predictive performance in ROC and K-
M analyses. Immune profiling revealed the differences in the infiltration levels of seven immune cell types
and immune function-related features between the high- and low-risk groups. Drug-sensitivity analysis
suggested potential differential responses to eight agents across the risk groups. PCR validation further
confirmed the differential expression of the ten signature genes between tumor and normal tissues.
Conclusion This study reveals epithelial heterogeneity in TNBC at single-cell resolution and establishes a
10-gene prognostic model, which may facilitate the stratification of TNBC risk and the evaluation of immune
characteristics and potential therapeutic strategies.
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A: UMAP visualization showing the distribution of ten epithelial subtypes across normal and TNBC tissues; B: proportional composition of epithelial
cells by subtype in the normal versus tumor groups; C: heatmap of the top 10 marker genes for each epithelial subtype identified by Seurat’s
FindAllMarkers function; D, E: GSEA results for DEGs in cluster 0 epithelial cells, highlighting the top enriched pathways/GO terms (e.g., NES and
FDR g-values as indicated); F: volcano plot of differentially expressed genes in cluster 0 epithelial cells comparing TNBC with normal tissues.
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A, B: global visualization of communication patterns among all cell types, including the number and strength of inferred interactions; C: bubble plot

showing ligand-receptor-mediated communication probabilities between the three epithelial cluster sand the six other cell classes; D: network-style

visualization of communications between the three epithelial clusters and other cell types; E: donut charts and heatmaps summarizing cell-type
contributions and pathway activity for four signaling pathways: MIF, CD99, MHC- | , and APP.
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Figure 3 Ligand-receptor communication between epithelial subsets and the tumor microenvironment
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A: kKME values (module membership) for the 11 gene modules; the top 10 genes in each module are listed by kKME rank; B: UMAP visualization
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A: correlations among gene co-expression modules; B: volcano plot of
DEGs between TNBC and normal tissues (|logFC[>0.5, P<0.05);
Venndiagram showing the overlap between DEGs and hub genes; D
heatmap of the top 50 DEGs; E: top 20 prognosis-related genes
identified byunivariate Cox analysis; F: random forest ranking of 69
candidate genes by importance; G: bar plot of the top 20 important
genes selected by therandom forest (RF) algorithm; H, I: support vector
machine-recursive feature elimination (SVM-RFE) evaluating all
genes and ranking them byaverage importance.
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Figure 6 Screening of candidate prognostic genes and
feature selection
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A: ESTIMATE-derived stromal, immune, and composite scores in the high- and low-risk groups; B: stacked bar plot of immune-cell composition
across 220 patients with TNBC; C: correlation matrix among inferred immune-cell fractions; D: boxplots showing CIBERSORT-inferred differences
in immune-cell infiltration between risk groups; E: comparison of immunophenoscore (IPS) between the two groups; F: comparison of metabolic
pathway activity scores between the two groups; G: expression levels of immune checkpoint genes in the two groups; H: ssGSEA-based differences
in immune functions between the two groups; I: TIDE scores in the high- versus low-risk groups; J: butterfly plot depicting correlations between the
10 prognostic genes and immune cell fractions; K: predicted drug sensitivity (/Cs) differences between the two groups.
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Figure 8 Immune microenvironment and therapy-response landscape across risk strata in TNBC
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A: heatmap showing expression levels of the 10 prognostic genes; B: chromosomal localization of the prognostic genes; C, D: violin plots and UMAP
projections depicting expression patterns of the prognostic genes across cells from TNBC tissues; E: dynamic expression of the 10 prognostic genes
along the inferred pseudotime trajectory; F: differential expression analysis of the prognostic genes between the indicated groups. ***: P<0.001.

B9 WEERMRESH

Figure 9 Expression analysis of prognostic genes
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