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Abstract

Objective Triple-negative breast cancer (TNBC) exhibits pronounced intratumoral
heterogeneity, and cancer stem cells (CSCs) are thought to play a pivotal role in this
process. However, the molecular regulatory mechanisms linking CSC-associated
stemness features to tumor progression remain insufficiently elucidated.

Methods \We integrated single-cell RNA sequencing (scRNA-seq), spatial
transcriptomics, and bulk transcriptomic data to identify high-stemness cell
populations using the inferCNV and CytoTRACE algorithms. Stemness-related genes
were evaluated for feature importance through hdWGCNA combined with machine
learning approaches, and an XGBoost-based risk prediction model was constructed.
Cellular differentiation trajectories were inferred using Monocle3 and scTour, while
the effects of core genes on stemness pathways and malignant biological behaviors
were assessed via CellChat analysis, SHAP attribution, and scTenifoldKnk-based virtual
knockdown experiments.

Results We successfully established a predictive model comprising five core
stemness-related genes (CALD1, ANP32B, FIS1, CD82, and APLP2), with the high-
stemness score group exhibiting poorer prognosis and enhanced immune evasion.
Trajectory analysis confirmed that the high-stemness subpopulation resided at the
initiation stage of differentiation. Enrichment analyses revealed highly active Notch
signaling communication, and virtual knockdown of hub genes effectively suppressed
the expression of stemness markers such as NOTCH1. In addition, drug sensitivity
analysis identified BI.2536 and related compounds as exhibiting higher therapeutic
sensitivity in the high-risk group.

Conclusion Our predictive model offers a novel perspective on the stemness
landscape of TNBC. These core genes play key roles in maintaining stemness and also
serve as potential molecular targets for personalized therapies aimed at TNBC stem-like
cells.

Keywords Triple-negative breast cancer, Cancer stem cells, Single-cell RNA
sequencing, Spatial transcriptomics, Machine learning
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1 Introduction

Breast cancer is the leading cause of cancer-related mortality among women world-
wide, ranking first in both incidence and mortality among female malignancies [1, 2].
Despite continuous advances in diagnostic and therapeutic strategies in recent years,
the clinical management of breast cancer remains a major challenge due to pronounced
tumor heterogeneity and therapeutic resistance. Triple-negative breast cancer (TNBC)
is a distinct subtype characterized by the absence of estrogen receptor (ER), progester-
one receptor (PR), and human epidermal growth factor receptor 2 (HER2) expression
[3]. Compared with other subtypes, TNBC lacks actionable molecular targets, which
severely limits available treatment options. Accumulating evidence indicates that TNBC
exhibits unique and highly complex molecular features [4, 5]. Although classification
systems based on PAM50 gene expression profiles have been established [6], their ability
to accurately predict patient survival outcomes and therapeutic responses remains lim-
ited. Therefore, an in-depth dissection of the molecular regulatory mechanisms underly-
ing TNBC, along with the development of robust and reliable biomarkers, is of critical
importance for advancing personalized diagnosis and treatment strategies.

Cancer stem cells (CSCs) represent a functional subpopulation of tumor cells and are
widely regarded as a primary source of intrinsic intratumoral heterogeneity, continu-
ously driving tumor progression during both primary tumor maintenance and distant
organ metastasis [7, 8].These cells possess pronounced self-renewal capacity, can dif-
ferentiate into multiple tumor cell lineages, and demonstrate the ability to reconstitute
complete tumor architecture in in vivo transplantation assays. Traditionally, CSCs have
been defined by a set of markers enriched in specific tumor types or biological contexts
[9].However, recent studies have further identified a subset of cells with high stemness
scores that do not necessarily conform to classical CSC phenotypic definitions, yet still
exhibit enhanced tumor-initiating capacity, invasiveness, and therapeutic resistance [10].
Therefore, a systematic dissection of the regulatory networks governing high-stemness
cells and their interactions with the tumor microenvironment is essential for deepen-
ing our understanding of stemness heterogeneity in TNBC and its microenvironmental
regulatory landscape [11-13].

Building upon these findings, this study integrated single-cell RNA sequencing, spatial
transcriptomics, and clinical cohort data to identify high-stemness cell subpopulations
that drive tumor progression. By combining weighted gene co-expression network analy-
sis with ensemble machine learning algorithms, we further delineated a set of stemness-
associated signature genes. Based on these signature genes, we constructed a robust and
high-accuracy machine learning model for predicting high-stemness cells. Collectively,
these results not only elucidate the molecular characteristics of high-stemness cell popu-
lations from a bioinformatics perspective but also provide a theoretical framework for
prognostic stratification and precision targeting of stem-like cells in TNBC.

2 Results

2.1 Comparison between TNBC and non-TNBC highlights the importance of stem-like cells
Compared with non-TNBC, TNBC exhibits extensive intratumoral heterogeneity and
more pronounced stemness features. Therefore, to identify TNBC-specific potential
targets and determine whether the tumor microenvironment differs from that of non-
TNBC, we analyzed bulk RNA-seq data from the TCGA-BRCA cohort, including 967
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non-TNBC and 114 TNBC samples. Principal component analysis (PCA) revealed a
clear separation between non-TNBC and TNBC samples (Fig. 1A). In addition, Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment
analyses of differentially expressed genes (DEGs) between non-TNBC and TNBC
demonstrated significant enrichment of stemness-related pathways in TNBC (Supple-
mentary Fig. 1A-C). Collectively, these findings indicate that differential distribution
of stemness features represents a defining characteristic distinguishing TNBC from
non-TNBC.

2.2 Cell type identification

To dissect stemness heterogeneity in TNBC, we performed single-cell RNA sequencing
analysis on 31 primary tumor samples, including 15 TNBC and 16 non-TNBC cases.
Unsupervised clustering and dimensionality reduction were conducted using the Scanpy
pipeline, revealing transcriptionally distinct cell populations (Fig. 1B). Uniform Mani-
fold Approximation and Projection (UMAP) visualization clearly delineated the bound-
aries among major cell types (Fig. 1C). Based on clustering annotation using canonical
marker genes, the following cell types were identified: epithelial cells, natural killer (NK)
cells, T cells, B cells, myeloid cells, plasmablasts, mesenchymal cells, and endothelial
cells (Fig. 1D). Dot plot analysis confirmed the unique marker gene expression pat-
terns of each cell population (Fig. 1E). Heatmap visualization of differentially expressed
genes across clusters further validated the accuracy of cell type annotation (Supplemen-
tary Fig. 1D). Additional analyses revealed differences in cell type distributions between
TNBC and non-TNBC samples (Supplementary Fig. 1E), as well as variability across
individual samples (Supplementary Fig. 1F), further underscoring distinct tumor micro-
environmental features among breast cancer subtypes.
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Fig. 1 Identification of cell types. A Principal component analysis (PCA) of individual bulk RNA-seq data from TNBC
and non-TNBC samples in the TCGA-BRCA cohort (The bulk RNA-seq dataset included 114 TNBC samples and 967
non-TNBC samples). B-C Construction and clustering of the TNBC single-cell RNA-seq atlas (The scRNA-seq data
included samples from publicly available datasets (GSE169246: TNBC samples, n=5; GSE176078: HER2* samples, n=
5; ER* samples, n = 11, TNBC samples, n= 10.)). D Expression patterns of cell-type-specific marker genes. E Dot plot
showing marker gene expression across different cell types
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2.3 Identification and characterization of high-stemness TNBC cells

In breast cancer, a prototypical epithelial-derived malignancy, tumor initiation and
progression primarily originate from malignant transcriptionally reprogrammed epi-
thelial cells. Accordingly, we performed copy number variation (CNV) analysis on the
identified cell subpopulations (Fig. 2A), revealing that epithelial cells exhibited signifi-
cantly higher CNV scores than other cell types (Fig. 2B), indicative of widespread and
pronounced chromosomal structural alterations. To ensure the precision of subsequent
analyses, a threshold was set whereby cells with CNV scores greater than 0.3 were
defined as malignant epithelial cells and designated as the core population for investi-
gating stemness heterogeneity. To evaluate stemness, we applied the CytoTRACE algo-
rithm, which quantifies stemness based on transcriptional diversity. As shown in Fig. 2C,
high-stemness epithelial cells were predominantly concentrated in TNBC samples. To
delineate the boundaries of cells with distinct stemness levels, we plotted an elbow curve
based on the distribution trend of CytoTRACE scores. By identifying the inflection point
at the 25% mark of the score curve (Fig. 2D), we systematically classified tumor epithelial
cells into high-stemness, transitional, and low-stemness groups, corresponding to the
top 25%, middle 50%, and bottom 25% of the stemness score range, respectively (Fig. 2E).
We then extracted the tumor epithelial cells from the single-cell TNBC samples. UMAP
visualization revealed clear spatial segregation among these groups (Fig. 2F), with high-
stemness cells exhibiting significantly higher scores than low-stemness cells (Fig. 2I).

To further delineate the continuous distribution of stemness states and developmen-
tal potential within TNBC, we integrated the deep learning-based scTour algorithm
with the classical Monocle3 trajectory inference method. Low-stemness cells (Low-
Stem) were defined as the relative differentiation endpoint, and dynamic progression of
malignant epithelial cells along a developmental timeline was inferred computationally.
Monocle3 trajectory analysis revealed a clear branching structure of malignant epithelial
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Fig. 2 Identification and characterization of high-stemness TNBC cells. A Heatmap of CNV signals across TNBC cell
clusters. B-C CNV scores across cell clusters and tumor types (n=44322 cells). D Determination of stemness sub-
group thresholds via elbow plot. E Pie chart showing subgroup classification based on CytoTRACE scores. A total of
27,521 epithelial cells were included. F UMAP plot colored by stemness groups. G Low-dimensional representation
of stemness cells constructed using the Monocle 3 method. H Differentiation trajectory of stemness cells inferred
using scTour. I Bar plot showing CytoTRACE scores across stemness groups. Statistical significance was assessed
using the Wilcoxon signed-rank test. (*p<0.05, **p<0.01, ***p<0.001, ****p< 0.0001)
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cells (Fig. 2G). Cells positioned at the trajectory origin corresponded closely to the pre-
viously identified HighStem subpopulation, while cells gradually transitioned toward the
more differentiated LowStem subpopulation as pseudotime increased. Concurrently,
vector field analysis by scTour provided additional evidence of developmental dynamics
(Fig. 2H), with vectors consistently pointing from HighStem to LowStem, confirming the
unidirectionality and temporal sequence of this differentiation trajectory.

2.4 HighStem TNBC cells exhibit pronounced heterogeneity and complex signaling
networks
To further dissect the ligand-receptor interaction logic of HighStem TNBC cells within
the tumor microenvironment, we systematically evaluated their communication patterns
using the CellChat framework. The analysis revealed that HighStem TNBC cells estab-
lish a tightly connected bidirectional communication network with stromal and immune
cells in the microenvironment, exhibiting both significant outgoing signal transmission
and incoming signal integration functions (Fig. 3A—C). Compared with more differen-
tiated cells, HighStem TNBC cells demonstrated higher activity in signaling pathways,
reflecting their enhanced capacity to remodel and regulate the microenvironment.

Quantitative analysis further confirmed that, whether acting as ligand providers or
receptor responders, HighStem TNBC cells exhibited significantly higher communica-
tion frequency and intensity compared with LowStem TNBC cells (Fig. 3D-E). Notably,
among the key ligand-receptor interactions involving the HighStem subpopulation, col-
lagen (COLs) and laminin (LAMs)-related pathways were particularly prominent. These
cells mediated adhesion to the extracellular matrix by secreting abundant matrix com-
ponents and binding to receptors such as CD44, and induced tumor cell dedifferentia-
tion through integrin signaling (Fig. 3F-G).

AUCell pathway scoring further revealed the coordinated activation of key stem-
ness-regulating signals in HighStem cells. The results showed that the HighStem

Fig. 3 HighStem TNBC cells exhibit high heterogeneity and complex signaling communication networks. A-B In-
teraction network strength and number between cells. C Interaction intensity of signals sent and received by each
cell type. D-E Logarithm of ligand-receptor interactions involving HighStem cells compared with LowStem cells.
F-G Key ligand-receptor pairs enriched in HighStem cells. H AUCell pathway activity analysis of tumor stemness
cells (The legend represents the Spearman correlation coefficient). | Metabolic activity analysis of tumor stemness
cells
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subpopulation exhibited significant enrichment in classical stemness signaling pathways,
including JAK-STATS3, Notch, PI3K-AKT, WNT, and Hedgehog (Fig. 3H). Notably, this
molecular profile is highly consistent with previously reported mechanisms for main-
taining breast cancer stem cells [14]. Moreover, HighStem cells demonstrated wide-
spread metabolic enrichment (Fig. 3I). This subpopulation upregulated key synthetic
metabolic pathways, including glutathione, fatty acid, and steroid biosynthesis, while
glycosaminoglycan synthesis was also significantly increased. Such extensive metabolic
activity is closely associated with their highly malignant behavior, reflecting molecular-
level compensation by the high-stemness subpopulation to sustain rapid proliferation

and migration capabilities.

2.5 hdWGCNA identifies co-expression modules in HighStem cells

To analyze gene co-expression features associated with high stemness cells, we per-
formed a systematic analysis using the hdWGCNA method. Based on scale-free topol-
ogy characteristics and network connectivity evaluation, a soft-thresholding power of
16 was determined (Fig. 4A). Hierarchical clustering identified six co-expression mod-
ules, which were color-coded for distinction (Fig. 4B). Module eigengene (ME) analysis
revealed the key genes within each module (Fig. 4C). Projecting module expression onto
UMAP space validated the specific distribution of each module within the HighStem cell
population (Fig. 4D). Further module correlation analysis showed strong co-expression
associations among the turquoise, brown, and yellow modules (Fig. 4E). Notably, the tur-
quoise and brown modules exhibited significant expression enrichment and higher cell
proportions in high-stemness cells (Fig. 4F). These two modules collectively contain 951
genes, suggesting they may form the core transcriptional regulatory network of the high-

stemness phenotype.

Fig. 4 hdWGCNA identifies co-expression modules in HighStem cells. A Selection of soft-thresholding power
based on scale-free topology and connectivity. B Dendrogram showing six gene co-expression modules. C Bar
plot of module eigengenes, highlighting the most contributive genes. D UMAP visualization of module expression
in TNBC epithelial cells. E Correlation matrix among modules. F Enrichment of yellow and turquoise modules in
HighStem cells
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2.6 Selection of signature genes in HighStem cells

To obtain a robust HighStem gene set, we first selected two phenotype-associated mod-
ules (turquoise and brown) from 6880 HighStem cells, then performed Pearson corre-
lation analysis between genes and phenotype, resulting in 399 highly correlated genes,
collectively defined as the HighStem activity gene set (Fig. 5A). Spatial transcriptomics
indicated that, compared with LowStem cells, the tissue environment enriched with
HighStem activity showed relatively lower immune cell abundance, potentially linked to
immune evasion (Fig. 5B—C). RNA-seq data from the TCGA cohort revealed that the
HighStem activity gene set was significantly elevated in TNBC compared with other
breast cancer tissues (Fig. 5D).

In machine learning-based feature selection, the Boruta algorithm assessed feature
importance by constructing shadow features, preliminarily eliminating noise (Fig. 5E).
Gradient Boosting Machine (GBM) captured nonlinear relationships among genes in
the feature space using iterative residual optimization (Fig. 5F). To address multicol-
linearity and overfitting, LASSO regression applied an L1 penalty to shrink coefficients
of non-contributive genes to zero, maintaining model sparsity while retaining the most
discriminative variables (Fig. 5G). Random Forest (RF) validated the linear discrimina-
tive ability of genes from a probabilistic perspective (Fig. 5H). Additionally, the ABESS
algorithm searched the full-subset space for the combination minimizing the loss func-
tion, ensuring reliability and global optimality of the feature subset (Fig. 5I). Integrat-
ing results from the five algorithms, we ultimately identified five consensus core genes:
CALD1, ANP32B, FIS1, CD82, and APLP2 (Fig. 5], Supplementary Table 3).

g
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Fig. 5 Selection of HighStem cell signature genes. A Top 50 genes in the yellow and turquoise modules positively
correlated with the HighStem phenotype. B-C Spatial transcriptomics showing the spatial distribution of cells with
different stemness levels. The spatial transcriptomics TNBC samples consisted of Visium data (GSE210616, n=1).
D Differences in stemness gene (n=399) scores across different tumor types. E Feature importance ranking by
the Boruta algorithm. F Feature importance ranking by the Gradient Boosting Machine (GBM) algorithm (n=20).
G Feature selection performed using LASSO regression. H Feature ranking analyzed by Random Forest (n=20). |
Feature selection performed using the ABESS algorithm. J Interaction network of feature genes from five machine
learning algorithms, highlighting the five core hub genes. Statistical significance was assessed using the Wilcoxon
signed-rank test. (*p <0.05, **p<0.01, ***» <0.001)
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2.7 Validation of hub genes and construction of the machine learning model

To explore the spatial distribution of the core genes, we visualized the expression den-
sity across all TNBC cells. The results showed that CALD1, ANP32B, FIS1, CD82, and
APLP2 exhibited higher signal intensity in specific cell populations (Fig. 6A). Addition-
ally, we evaluated the predictive ability of each gene at the single-cell level for distin-
guishing malignant from benign cells. ROC curve analysis indicated that all five genes
had moderate to good discriminatory power, with CALD1 (AUC=0.788) and ANP32B
(AUC=0.793) showing the highest precision (Fig. 6B).

Subsequently, the hub genes were integrated into multiple machine learning frame-
works, implementing a comprehensive approach involving eight different algorithms,
including Support Vector Machine (SVM), Naive Bayes, Multi-Layer Perceptron (MLP),
and XGBoost. Stemness cells were divided into training (70%), test (15%), and validation
(15%) sets, and baseline analyses demonstrated that XGBoost exhibited stable predic-
tive performance across both the test and validation sets (Fig. 6C—D). Decision curve
analysis further confirmed the clinical utility of the XGBoost model, showing higher
net benefit across a wide range of decision thresholds (Fig. 6E). SHAP analysis identi-
fied CALD1, ANP32B, FIS1, CD82, and APLP2 as the main contributors to the model
output (Fig. 6F). Scatter plots revealed interactions between features; for example, the
CALD1-ANP32B pair showed variable effects on predicted outcomes. CALD1 acted as a
key positive predictor, with its low expression having a significant impact on the model,
and its effect was modulated by ANP32B levels, being maximal when ANP32B expres-
sion was low (Fig. 6G).

2.8 Validation of hub gene expression

To validate the high-stemness hub genes, we evaluated their expression and clinical rel-
evance using TCGA bulk RNA-seq data. The five genes CALDI, ANP32B, FIS1, CD82,
and APLP2 showed upregulated AUCell scores in TNBC tissues compared to other

Fig. 6 Validation of hub genes and construction of the machine learning model. A Expression density in tumor
epithelial cells. B Single-cell classification performance of each gene. C Baseline AUCs of eight machine learning
models. D Precision-recall curve of XGBoost. E Decision curve analysis of the final classifier. F SHAP plot showing
the contribution of each gene. G SHAP dependence plot illustrating the relationship between hub gene expres-
sion levels and their SHAP values
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tumor types (Fig. 7A). We then explored the prognostic value of these genes. Kaplan—
Meier survival analysis indicated that high expression of CD82 (P=0.0082) and FIS1
(P=0.043) was significantly associated with poorer overall survival in TNBC patients
(Fig. 7B). APLP2 showed borderline significance (P=0.083), whereas ANP32B and
CALDI did not reach statistical significance (P=0.33 and P=0.12, respectively). These
results highlight the potential of these five hub genes as diagnostic and prognostic bio-
markers for high-stemness TNBC cells.

2.9 Hub genes exhibit expression trends similar to stemness pathway markers

To further validate the correlation among stemness hub genes (CALDI, ANP32B, FISI,
CD82, and APLP2), we first analyzed their associations with stemness-enriched path-
way markers, particularly the Notch signaling pathway, using the TIMER 2.0 platform.
The analysis revealed that ANP32B, CD82, CALDI, and APLP2 were positively corre-
lated with the expression levels of Notchl or Notch3. In contrast, FISI showed weaker
correlation with Notchl or Notch3 and exhibited a trend toward negative association
(Fig. 7C).

We also investigated the overall functional effects of these hub genes in TNBC stem
cells. Using the scTenifoldKnk R package, we performed simulated knockdown of the
hub genes and evaluated changes in high-stemness feature gene expression. The results
showed a significant downregulation of high-stemness feature genes (Fig. 8A—B). The
most notable changes included the downregulation of core stemness transcription fac-
tors and the receptor NOTCHI. The NOTCH pathway, by repressing differentiation
genes and promoting transcription of core stemness factors, is recognized in TNBC
as essential for maintaining cancer stem cell (CSC) self-renewal and an undifferenti-
ated state. The downregulation of NOTCHI1 suggests that these hub genes may act as
upstream regulators of the NOTCH signaling pathway in TNBC cells.

Additionally, CD44, a surface marker of breast cancer stem cells (BCSCs), was reduced,
directly indicating loss of stemness characteristics. The concurrent downregulation of

A B

Fig. 7 Clinical validation of hub genes based on TCGA and expression trends of stemness pathway markers. A
Differences in hub gene scores across various tumor types. B Kaplan—Meier survival curves for each hub gene. C
Correlation analysis between hub genes and the NOTCH pathway using the TIMER 2.0 platform. Statistical signifi-
cance: survival analyses were performed using the Log-rank test, and gene correlation analyses were conducted
using the Wilcoxon rank-sum test. (*p <0.05, **p <0.01, ***p <0.001)
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Fig. 8 Virtual gene knockout in the single-cell cohort (n=27521 cells). A Upregulated and downregulated genes
following knockout of hub genes. B Z-scores of the upregulated and downregulated genes. Statistical significance
was assessed using the Wilcoxon signed-rank test

JAK1, KSR1, and PTCH1 suggests that knockdown of the hub genes disrupts key path-
ways (JAK-STAT3 and Hedgehog) that maintain self-renewal. Corresponding to the
suppression of stemness genes, epithelial markers EPCAM and exosome-associated
proteins CD9 and ANXA2 were upregulated, indicating a mesenchymal-to-epithelial
transition (MET). The increased expression of major histocompatibility complex (MHC)
molecules B2M and HLA-C implies that loss of hub genes may enhance the immunoge-

nicity of TNBC cells, reversing the immune evasion characteristic of stemness cells.

2.10 Drug sensitivity in the TCGA-TNBC dataset

To explore mRNA-based therapeutic strategies for patients with high hub gene expres-
sion, the training set was constructed using drug sensitivity data extracted from the
Genomics of Drug Sensitivity in Cancer (GDSC) database to predict sensitivity in the
TCGA-TNBC dataset for high hub gene expression. Subsequently, the Wilcoxon rank-
sum test was used to analyze differences in anticancer drug susceptibility between high
and low hub gene expression groups in the TCGA-TNBC dataset. Significant differences
were observed between the high- and low-score groups, and the top ten drugs with
higher sensitivity in the high-score group were retained: B1.2536_1086, RO.3306_1052,
Doramapimod_1042, Tozasertib_1096, JQ1_2172, NU7441_1038, UMIL77_1939,
ABT737_1910, Daporinad_1248, and SB505124_1194 (Fig. 9A-]).

Among them, BL.2536 primarily functions as a highly selective inhibitor of Polo-like
kinase 1 (PLK1) [15], a core regulator of mitotic initiation and progression. By disrupt-
ing spindle assembly and chromosome segregation, B1.2536 induces mitotic arrest and
triggers apoptosis, particularly in cancer stem cells that rely on PLK1 for asymmetric
division and genome stability maintenance. Notably, our computational predictions are
consistent with previous experimental studies demonstrating that PLK1 is a key regula-
tor of stemness in triple-negative breast cancer (TNBC), and that its inhibitor B1.2536
effectively depletes CD44*/CD24~ tumor-initiating cells [16]. JQ1 exerts antitumor
effects by competitively binding to the bromodomains of BET family proteins, displac-
ing them from acetylated chromatin [17]. This action leads to transcriptional silenc-

ing of key oncogenic drivers and stemness-related factors, effectively disrupting the
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Fig. 9 Drug sensitivity analysis. A-J Scatter and line plots showing IC50 values in relation to hub gene scores,
displays the correlation coefficient R. Statistical significance was assessed using the Wilcoxon signed-rank test
transcriptional program that maintains TNBC cells in an undifferentiated state. The
sensitivity of the high-stemness subpopulation to BI1.2536 and JQ1 indicates that target-
ing mitotic dynamics and epigenetic remodeling may provide an improved therapeutic
strategy for high-stemness cells in TNBC.

2.11 Clinical independent prognostic value and chemotherapy response characteristics of
the stemness core gene score.

To evaluate the stability of the predictive performance of the stemness core genes and
determine whether it is independent of conventional clinicopathological factors, we con-
structed a multivariate Cox proportional hazards model using the TCGA-TNBC cohort
(Fig. 10A). After systematically adjusting for potential confounding factors, including
age, pathological T stage, and N stage, the results showed that the stemness core genes
remained an independent predictor of overall survival (OS) in TNBC patients (HR =2.08,
P=0.044). Subsequently, we analyzed the association between the stemness score and
clinical phenotypes using the GSE76275 [18] dataset. The results demonstrated a posi-
tive correlation between stemness core gene expression and both increasing tumor
diameter (Fig. 10B) and advancing clinical T stage (Fig. 10C). Although statistical signifi-
cance was not achieved with the current sample size, this increasing trend accompany-
ing greater malignancy suggests a potential role of highly stem-like cell subpopulations
in tumor expansion and local invasion.

In view of the high recurrence risk characteristic of TNBC, we further investigated the
remodeling effects of chemotherapy-induced pressure on the stemness landscape. Anal-
ysis of paired samples from the GSE260693 dataset revealed that residual tumor tissues
following adjuvant chemotherapy exhibited significantly higher stemness scores com-
pared with pre-treatment samples (Fig. 10D). This phenomenon was further validated at
the single-cell transcriptomic level, where post-chemotherapy samples showed a marked
upregulation of stemness-related gene expression in single-cell profiles (Fig. 10E-F).
These findings are consistent with our earlier drug sensitivity analysis, which indicated
that the high-score group exhibited relatively lower sensitivity to conventional che-
motherapeutic agents, such as paclitaxel. These results suggest that conventional che-
motherapy regimens may be insufficient to effectively eliminate cancer cells with high
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Fig. 10 Clinical independent prognostic value and chemotherapy response characteristics of the stemness core
gene score. A Forest plot of multivariate Cox regression analysis in the TCGA-TNBC cohort (n=90). B-C Correlation
between the stemness genes and clinical characteristics. (Data include GSE76275, n=186). D Comparison of stem-
ness scores between paired pre-chemotherapy and post-chemotherapy samples (bulk RNA-sequencing dataset
GSE260693, n=31). E-F Effects of chemotherapy on stemness gene expression at the single-cell transcriptomic
level (GSE169246, n=5). On the UMAP plot, the upper portion represents pre-treatment, and the lower portion
represents post-treatment. Statistical significance: multivariate Cox analyses were assessed using the Wald test,
while all other comparisons were evaluated using the Wilcoxon signed-rank test. (*p <0.05, **p< 0.01)

stemness characteristics and may promote their enrichment through selective pressure,
highlighting the potential clinical translational value of targeted therapies against stem-

ness core genes.

3 Discussion

Tumor cell stemness has recently attracted extensive attention in the scientific commu-
nity. The enrichment of CSCs is considered a central factor driving intratumoral hetero-
geneity and therapeutic resistance. Previous studies indicate that CSCs occupy the apex
of the tumor cell hierarchy, possessing the capacity for self-renewal and reconstruction
of primary tumor heterogeneity, with their biological behavior precisely regulated by
both intrinsic transcriptional programs and microenvironmental signals [19]. Therefore,
in-depth elucidation of these complex regulatory mechanisms has significant clinical
implications.

Significant progress has been made in research on TNBC stemness markers. In addi-
tion to classical surface markers such as CD44, CD24, and ALDH1 [14], the widespread
application of single-cell omics tools, including CytoTRACE [20] and SCENT [21], has
facilitated the discovery of additional key regulatory factors. For example, Alessandro
Sarcinella et al. [22] demonstrated that IL-3 can maintain TNBC stem-like properties
through the miR-155-5p axis. Meng-Yuan Cai et al. [23] reported that IGF2BP3, as a core
mo6A reader, activates the B-catenin signaling pathway by stabilizing FZD1/7 transcripts,
thereby sustaining TNBC stemness, suggesting that IGF2BP3 may serve as a biomarker
or therapeutic target. Nevertheless, existing studies lack a systematic characterization of
the TNBC stemness landscape and robust predictive models. To address this gap, our
study first employed the CytoTRACE algorithm to identify high-stemness cell subpopu-
lations and combined this with hdWGCNA to determine gene co-expression modules
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highly associated with stemness traits. Subsequently, through the integrative screening
of multiple machine learning algorithms, a predictive model with high discriminative
performance was constructed. This work not only provides a novel strategy for identify-
ing high-stemness TNBC cells but also offers a reference for clinical prognosis evalua-
tion and targeted stemness therapies.

Our study identified five hub genes (CALDI, ANP32B, FIS1, CD82, and APLP2).
CALDI is a canonical cytoskeletal regulatory protein that interacts with actin and
calmodulin to mediate cell contraction, motility, and morphological remodeling [24—26].
Previous studies have demonstrated that CALDI plays a significant role in promoting
epithelial-mesenchymal transition (EMT) during the malignant progression of various
tumors. EMT enables polarized epithelial cells to acquire a mesenchymal phenotype,
thereby endowing tumor cells with enhanced migratory capacity and differentiation
plasticity, which represents a key prerequisite for the acquisition of stemness [27, 28].
Notably, this mechanism is highly consistent with the stemness-maintaining pathways,
including Wnt/B-catenin [29]. Notch [30]and JAK-STAT3 [31], identified in our study
through CellChat analysis, collectively forming a regulatory network that drives state
transitions in TNBC cells.

ANP32B belongs to the acidic nuclear phosphoprotein 32 kDa (ANP32) family and
structurally consists of an N-terminal leucine-rich repeat (LRR) domain and a C-ter-
minal low-complexity acidic region (LCAR). As a multifunctional regulatory protein,
ANP32B primarily mediates transcriptional regulation and cytoplasmic mRNA trans-
port, serving as a critical node in tumor cell growth signaling networks [32]. Although
ANP32B has shown context-dependent tumor-suppressive roles in certain cancers [33,
34],recent studies have demonstrated its markedly elevated expression in breast can-
cer, with expression levels increasing alongside histopathological grading [35], High
ANP32B expression can sustain and enhance the stability of core nodes in the PI3K/
AKT signaling pathway, and its phosphorylation activation further triggers downstream
pro-proliferative effects. Such precise regulation of survival signaling pathways may rep-
resent one of the key mechanisms driving the maintenance of the high-stemness pheno-
type in TNBC.

FIS1 is a core protein regulating mitochondrial dynamics, playing a pivotal role in
mediating mitochondrial fission and metabolic reprogramming [36]. Cancer stem cells
typically rely on specific mitochondrial metabolism to cope with microenvironmental
stress. Studies have shown that FIS1 can activate the AMPK pathway to drive mitophagy,
timely removing damaged mitochondria to maintain low intracellular reactive oxygen
species (ROS) levels. This process effectively prevents premature differentiation and cell
cycle arrest caused by GSK3p inactivation, thereby preserving CSC self-renewal capacity
and stemness traits [37]. In this study, FIS1 was identified as a key hub gene, suggest-
ing that the high-stemness TNBC cell subpopulation may utilize FIS1-mediated mito-
chondrial quality control to optimize metabolic homeostasis and evade therapy-induced
cellular damage and apoptosis. As demonstrated by our analysis, the significant enrich-
ment of CellChat communication networks and metabolic pathways highlights the com-
plex interplay between intrinsic genetic programs and the external microenvironment.
These metabolites, together with secreted factors, are essential for niche maintenance.
For example, a recent review on ZG16B (Chen et al.) [38] emphasized how such secreted
regulatory factors drive tumor progression by modulating both the tumor and immune
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microenvironments. Similar to the regulatory pattern of ZG16B, metabolic intermedi-
ates produced by HighStem cells (such as glutathione and lipids) may function as sig-
naling molecules that trigger intracellular cascade reactions, thereby sustaining the
continuous expression of core genes.

CD82 encodes a protein that is a key component in maintaining the stability of cell
membrane receptor complexes. Although CD82 has long been considered a marker
inhibiting tumor migration [39, 40], this appears paradoxical given its role in highly
malignant TNBC. Studies have found that, in addition to restraining excessive cell motil-
ity, CD82 can maintain cellular homeostasis by enhancing adhesion between cells and
their microenvironment (niche) [41] and by suppressing the activation of aberrant dif-
ferentiation signals [42]. This “low motility, high adhesion” feature precisely aligns with
the biological requirements of CSCs to maintain an undifferentiated state and signaling
quiescence [43, 44]. Therefore, the high expression of CD82 in HighStem cells may con-
tribute to TNBC stemness maintenance by cooperatively establishing this specialized
physical barrier.

APLP2 belongs to the amyloid precursor-like protein family, and its high expression
can significantly enhance cancer cell proliferative capacity and invasive phenotype, cor-
relating positively with the progression and metastatic risk of various malignancies [45].
Studies have found that in renal cell carcinoma, APLP2 expression levels are significantly
positively associated with higher clinical stage and distant lymph node metastasis [46].
In hepatocellular carcinoma, APLP2 knockdown induces apoptosis and delays cell cycle
progression [47]. Although direct reports of APLP2 in breast cancer are currently lim-
ited, secreted products of the same family member amyloid precursor protein (APP),
such as protease nexin-2, have been shown to be cleaved by y-secretase, which is a
potential therapeutic target in breast cancer [48]. Based on functional similarities within
the family, APLP2 may act as a key candidate driver in maintaining TNBC stemness and
malignant progression, promoting CSC homeostasis through regulation of intracellular
signaling, warranting further investigation.

The Notch signaling pathway is a core regulator of cell fate determination and the
maintenance of tumor stemness. As a highly conserved signaling network, Notch trig-
gers the release of its intracellular domain through ligand-receptor binding, thereby
activating the expression of downstream stemness-associated transcription factors [49—
51]. Our analysis indicates that CALDI, ANP32B, CD82, and APLP2 are positively cor-
related with certain Notch pathway marker genes, suggesting that these genes may act
as upstream regulators of Notch and maintain TNBC stemness by activating this path-
way. Notably, FISI shows little or even negative correlation with Notch signaling, likely
because FISI primarily mediates stemness maintenance through mitochondrial dynam-
ics and metabolic reprogramming rather than direct transcriptional regulation. These
core genes may indirectly influence cellular differentiation and proliferation via complex
cross-talk between pathways. Furthermore, virtual gene knockout experiments confirm
that suppression of these hub genes significantly reduces the activity of related stemness
pathways, computationally validating their potential role as Notch signaling regulators.
Drug sensitivity analysis reveals that the high-stemness score group is more sensitive to
agents such as BI-2536, a PLK1 inhibitor, implying that these hub genes may participate
in the regulation of drug response mechanisms.
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4 Limitations

Although this study provides new insights at the multi-omics level, there are still several
notable limitations that should be interpreted with caution. This study primarily relied
on retrospective databases such as TCGA and GEO, and heterogeneity in sample col-
lection standards, sequencing platforms, and clinical annotations may introduce bias
affecting the generalizability of the conclusions. However, no in vitro experiments were
conducted to validate the biological functions of these genes in TNBC stemness, spe-
cifically how they affect the Notch signaling pathway and metabolic reprogramming in
TNBC. Systematic experimental validation, such as gene knockdown experiments and
Western blot assays, is urgently needed. Third, potential therapeutic agents identified
through drug sensitivity analysis, including B1.2536 and JQ1, were predicted solely based
on cell line data, which cannot fully recapitulate the influence of the tumor microen-
vironment and spatial heterogeneity on drug efficacy; therefore, their effectiveness in
high-stemness TNBC patients requires further evaluation through in vitro drug inter-
vention experiments. Finally, although the stemness core gene risk model established in
this study demonstrated robust performance across multiple validation cohorts, its reli-
ability as a clinical decision-making tool still requires confirmation in prospective, large-
scale, multicenter clinical trials.

5 Conclusion

This study delineated the stemness architecture of TNBC through the integration of
multi-omics data. We identified a high-stemness cellular subpopulation that drives
tumor progression and established a robust predictive model based on five core hub
genes—CALDI, ANP32B, FIS1, CD82, and APLP2. These genes play critical roles in
maintaining the undifferentiated state of cancer stem cells, potentially through regula-
tion of the Notch signaling pathway and metabolic reprogramming. Furthermore, our
findings indicate that high stemness scores are associated with poor prognosis, immune
evasion, and resistance to conventional chemotherapy. These findings provide new
insights for subsequent mechanistic studies and therapeutic development.

6 Materials and methods

6.1 Data collection and processing

Bulk RNA-seq data were obtained from TCGA as well as GSE76275 [18] and GSE260693.
Single-cell RNA sequencing datasets (GSE169246 [52],GSE176078 [6],) and spatial tran-
scriptomics data (GSE210616 [53]) were retrieved from the GEO database. All single-cell
analyses were performed using primary biopsy tumor samples; core gene selection was
conducted on treatment-naive samples, and clinical correlation analyses utilized paired
pre- and post-chemotherapy samples. Cells with fewer than 150 expressed genes or with
mitochondrial gene content exceeding 25% were removed, and genes detected in fewer
than three cells were excluded. To eliminate doublet interference, scrublet was applied
to each sample. Ultimately, 123,910 high-quality cells from 26 samples were retained for
analysis. The data were processed using the Scanpy workflow, including normalization,
principal component analysis (PCA), UMAP dimensionality reduction, and clustering
(resolution set to 0.1). To determine the optimal integration method for our dataset, we
benchmarked several widely used Python-based tools: BBKNN, Harmony, and the deep
learning-based scVL. scVI performed best and was therefore used for dataset integration.
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Cell types were annotated based on known markers, and annotation accuracy was
assessed via differentially expressed genes (DEGs; logFC>1, FDR<0.05) for each cell
type. Spatial transcriptomics data were deconvoluted using cell2location with a negative
binomial regression model applied to reference scRNA-seq data using default param-
eters to estimate cell subtype reference profiles. The reference matrix derived from the
integrated dataset was used to estimate the spatial abundance of each cell type in each

sample.

6.2 Copy number variation (CNV) analysis

To distinguish tumor epithelial cells from normal breast epithelial cells, we applied the
inferCNV algorithm, using a sliding window of 250 genes to estimate chromosome-level
copy number variation (CNV) signals at the single-cell level [54]. Prior to analysis, genes
with an average expression below 0.1 were filtered out, and normalization and noise
reduction were performed. Immune cells were used as a reference background to infer
the CNV profiles, while epithelial cells were set as the observation target. Based on the
inferred results, epithelial cells were successfully classified into non-tumor and tumor
categories. Ultimately, a total of 44,322 tumor epithelial cells and 1196 normal epithelial
cells were identified across all tumor samples.

6.3 Stemness scoring of tumor epithelial cells

To identify high-stemness cells, we applied the CytoTRACE algorithm [20] to the malig-
nant epithelial cells filtered by inferCNV. This method assigns each cell a continuous
stemness score (ranging from 0 to 1) based on the inverse correlation between tran-
scriptional diversity and differentiation potential. According to the distribution of Cyto-
TRACE scores, the tumor cell population was divided into three subgroups: the top 25%
of cells were defined as the high-stemness group, cells ranked between 25 and 75% as the
transitional group, and the bottom 25% as the low-stemness group.

6.4 hdWGCNA analysis

Given that CytoTRACE scores primarily provide a quantitative measure of cellular
differentiation potential and cannot directly reveal underlying core driver genes, we
employed the hdWGCNA algorithm to further dissect the transcriptomic regulatory
features of high-stemness tumor cells. By constructing a high-dimensional weighted
gene co-expression network, genes with similar expression patterns were clustered into
distinct functional modules [55, 56]. Subsequently, module—trait association analysis
was performed to identify co-expression modules significantly positively correlated with
the high-stemness phenotype. Hub genes within these modules were identified based
on intramodular connectivity, highlighting key regulatory genes that may drive stemness

heterogeneity and tumor progression in TNBC epithelial cells.

6.5 Cellchat analysis

To infer intercellular interactions, we applied the R package CellChat [57]. Potential
ligand—receptor interactions were predicted using the computeCommunProb func-
tion, and the results were visualized with netVisual_chord_gene or netVisual_bubble

functions.
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6.6 Pseudotime analysis

To elucidate the differentiation trajectory and developmental potential of malignant epi-
thelial cells in TNBC, we performed trajectory analysis using the R package Monocle
3 [58] and the Python package scTour [59]. TNBC tumor cells were re-integrated, and
highly variable genes (HVGs) selected during integration were used to run scTour, with
all analyses performed using default settings. The resulting vector field was projected
onto the recalculated UMAP embedding. Simultaneously, Monocle 3 was used for tra-
jectory analysis, designating the cluster with the lowest stemness score as the root and
determining the trajectory endpoint toward low-stemness phenotypes using diffusion

mapping.

6.7 Selection of high-stemness cell feature genes

To identify key marker genes of the HighStem subpopulation, we integrated five machine
learning algorithms—Boruta, GBM, LASSO, ABESS, and Random Forest—leveraging
their complementary strengths in feature space exploration and bias control. Random
Forest [60] and its derivative Boruta [61] were used for preliminary genome-wide fea-
ture weighting and importance ranking. LASSO [62] regression applied a norm-based
penalty to perform feature sparsification, effectively removing redundant signals. The
ABESS [63] algorithm conducted optimal path searches across the full subset space to
ensure global optimality of feature combinations while avoiding selection bias. Addi-
tionally, GBM [64], an additive model, captured complex nonlinear interactions among
genes. The hub genes identified by these five methods were intersected and visualized
using a node diagram.

6.8 Construction of a high-stemness predictive model using machine learning and SHAP
interpretation

To evaluate the key cell identification performance of high-stemness genes, we tested
eight machine learning algorithms using the Python package sklearn, including Support
Vector Machine (SVM), Naive Bayes, Multilayer Perceptron (MLP), XGBoost, Random
Forest, Gradient Boosting Machine (GBM), LDA, and Ridge. High-stemness and low-
stemness cells were divided into a training set (70%), a test set (15%), and a validation set
(15%), and models were optimized through manual hyperparameter tuning. XGBoost,
which demonstrated stable performance, was ultimately selected as the optimal frame-
work. To further quantify the impact of individual genes on HighStem predictions,
SHAP (SHapley Additive exPlanations) attribution analysis [65] was applied. Rooted
in game theory, SHAP calculates the marginal contribution of each feature across all
possible feature combinations, assigning unified attribution values to complex model
predictions. Compared with traditional feature importance metrics, SHAP accurately
captures the positive or negative regulatory effects of gene expression fluctuations on
model outputs, enabling in-depth single-cell-level analysis of the drivers of high-stem-
ness phenotypes.

6.9 Computational simulation of high-stemness hub gene knockout
To further validate the key regulatory roles of hub genes in TNBC, the virtual knock-
down tool scTenifoldKnk [66], based on single-cell RNA sequencing data, was used to
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perform in silico knockdown of hub genes to infer their downstream and upstream func-
tional impacts.

6.10 Drug sensitivity analysis

In this study, we utilized the GDSC2 database and the R package oncoPredict [67] to
construct a ridge regression model aimed at translating pharmacological information
from cell lines into predictions of therapeutic responses in clinical samples. By applying
this model to the bulk RNA-seq data of the TCGA-TNBC cohort, we estimated the half-
maximal inhibitory concentration (IC50) for each sample against small-molecule drugs,
where lower scores indicate higher drug sensitivity. Candidate drugs showing a signifi-
cant negative correlation with the hub gene scores were subsequently identified.

6.11 Statistical analysis

All computations and statistical analyses were performed in the R (v4.3.0) and Python
(v3.9) programming environments. Differences in continuous variables between two
groups were evaluated using the Wilcoxon rank-sum test, while comparisons among
multiple groups were performed using the Kruskal-Wallis test. Expression correlations
among hub genes and associations between gene expression and drug sensitivity were
quantified using Pearson correlation coefficients. Survival analyses were conducted
using Kaplan—Meier curves with group differences assessed by the log-rank test. Mul-
tivariate Cox analysis was performed using the Wald test. All statistical tests were two-
sided, withP<0.05 considered statistically significant. Significance levels were defined as
follows: *p< 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001 The association between

continuous variables was assessed using Pearson correlation analysis.
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