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Background: Breast cancer is a common malignant tumor in the female population, and cancer stem cells (CSCs) and metabolic
reprogramming are key factors for tumor progression. This study aimed to construct a CSCs and metabolism-associated prognostic
model for breast cancer patients.

Methods: Differentially expressed genes (DEGs) were identified from the GSE42568 dataset and intersected with CSCs-associated
genes (from BCSCdb) and metabolism-associated genes (from KEGG). A prognostic model was established via univariate and
LASSO Cox regression, validated in GSE7390 and brca_metabric datasets. In addition, functional annotations, immune cell infiltration
analysis, drug sensitivity analysis, and immunohistochemical assay were also conducted.

Results: A risk score model established from 12 CSCs and metabolism-associated DEGs (ETFDH, PLA2G4A, ABCA1, ALDH2,
ADRA2A, TRIB3, CYB5A, STARD3, UGCG, CACNAID, ASSI1, and GSTP1) showed favorable prognostic predictive value.
Immunohistochemical results showed that the expression trends of proteins encoded by these model genes were consistent with
those of gene expression in public databases. Multivariate Cox regression analysis revealed that lymph and risk score were
independent prognostic factors for breast cancer patients. Functional annotation results clearly revealed significant biological
differences between the high- and low-risk groups. In addition, there were differences in immune cell infiltration levels between the
two groups, and the expression levels of immune checkpoints were significantly higher in the high-risk group. The results of drug
sensitivity prediction showed that there may be different drug responses between high and low risk groups.

Conclusion: The CSCs and metabolism-associated model provides a potential tool for prognostic stratification and personalized
treatment guidance in breast cancer.
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Introduction

Breast cancer is the most common malignant tumor worldwide and one of the leading causes of cancer-related deaths. The vast
majority of affected individuals are females, with its incidence increasing with age.' The occurrence and development of
breast cancer are influenced by multiple factors, including genetic, environmental, and lifestyle-related factors.” In addition,

breast cancer exhibits strong invasiveness, prone to immune evasion and brain metastasis, which further aggravates the burden
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of disease diagnosis and treatment.>> Current main treatment methods for breast cancer include targeted therapy, hormonal
therapy, radiotherapy, and surgery. Owing to the significant interindividual heterogeneity in the etiology and pathological
characteristics of breast cancer, and despite the significant advancements in surgery and systemic treatment, the prognosis for

1.7 Therefore, identifying novel prognostic biomarkers, exploring

breast cancer patients has not yet reached the expected leve
promising therapeutic targets, and establishing reliable tools for accurate prognostic prediction are crucial for improving the
clinical outcomes of breast cancer patients.

Cancer stem cells (CSCs) are defined as a subset of tumor cells with the ability of self-renewal, tumor initiation and tumor
maintenance.®® CSCs are considered to be the source of breast cancer progression, metastasis, and therapy resistance.'®!!
Metabolic reprogramming a core hallmark of cancer supports tumor cell survival and proliferation by altering energy
metabolism and biosynthetic pathways.'> Studies have shown that there is a complex relationship between CSCs and
metabolic reprogramming, which jointly promote tumor progression.'*'* It has also been reported in breast cancer that
CSCs and metabolic reprogramming play a key role in disease development.'>'® Furthermore, studies have also shown that
both CSCs and metabolism are associated with breast cancer prognosis.'”"'® However, most of these studies focus on a single
aspect, and few studies have combined them to construct prognostic prediction models. Given the complex crosstalk between
CSCs and metabolic reprogramming, a combined signature may capture complementary prognostic information and provide
higher predictive power compared with models based on either aspect alone.

In this study, common genes associated with both CSCs and metabolism were identified, and an attempt was made to
integrate these two dimensions (CSCs and metabolism) for the construction of a prognostic risk score model. The Gene
Expression Omnibus (GEO), The Cancer Genome Atlas (TCGA) and cBioPortal databases provide extensive gene expression
and clinical data, which are helpful for identifying and validating prognostic biomarkers for different patient groups. In this
study, the GSE42568 dataset was set as the training set, and the GSE7390, TCGA-BRCA and cBioPortal-brca_metabric
datasets were set as the validation sets. The prognostic model and model genes were validated in multiple independent datasets
to ensure their robustness. Additionally, the independent prognostic value of the risk score was further evaluated, and
anomogram was constructed by integrating the risk score with clinical characteristics. Furthermore, the associations between
the risk score and immune cell infiltration, immune checkpoint expression, as well as drug sensitivity were explored. The
research results not only provide new and reliable molecular indicators for the early prognosis stratification of breast cancer
patients, but also offer insights for the formulation of more precise and personalized treatment strategies, thus having

significant clinical application value and translational research significance.

Materials and Methods

Data Sources
In this study, only tissue-derived datasets containing patients with complete survival information were included in the
analysis. The GSE42568 dataset (https:/www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE42568, platform GPL570)

was downloaded from the GEO database, which included 121 tissue samples (104 breast cancer tissue samples and 17

control tissue samples). Meanwhile, the GSE7390 dataset (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=
GSE7390, platform GPL96) was downloaded from the GEO database for the validation of the prognostic model,
which included 198 breast cancer tissue samples. Additionally, the brca_metabric dataset (https://www.cbioportal.org/

study/summary?id=brca metabric) was downloaded from the cBioPortal database, also used for prognostic model
validation, which included 2509 breast cancer tissue samples. RNA-seq data of TCGA-Breast Cancer (TCGA-BRCA)
(file name: TCGA-BRCA.star_fpkm.tsv) was extracted from the University of California, Santa Cruz (UCSC) Xena
database (https://xena.ucsc.edu/), which contained 1091 breast cancer tissue samples and 112 control tissue samples for

validating the expression levels of model genes. All datasets were preprocessed prior to analysis with the mean value of
duplicate genes taken as the gene expression value and all data subjected to logarithmic transformation followed by

scaling to an appropriate range.
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Identification and Functional Annotation of Candidate Key CSCs and

Metabolism-Associated DEGs

In the GSE42568 dataset, DEGs between breast cancer and control groups were identified using the “limma” package based on
the criteria of |log fold change (FC)>1 and adjusted P<0.05. CSCs-associated gene data were downloaded from the BCSCdb
database (http://dibresources.jcbose.ac.in/ssaha4/bcscdb/index.php), and a total of 8536 CSCs-associated genes were

obtained. Metabolism-associated gene data were downloaded from the KEGG database (https://www.kegg.jp/), and a total

of 2042 metabolism-associated genes were acquired. The intersection of the above three gene sets (DEGs, CSCs-associated
genes, and metabolism-associated genes) was taken as candidate key CSCs and metabolism-associated DEGs for subsequent
analyses. Subsequently, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses
were performed on the obtained candidate key CSCs and metabolism-associated DEGs. In addition, a protein-protein
interaction (PPI) network was constructed based on the STRING database (https://string-db.org/) to initially investigate the
interactions of candidate key CSCs and metabolism-associated DEGs at the protein level. The interaction score cutoff was set

at 0.7, and the network was visualized using Cytoscape software.

Construction of Prognostic Risk Score Model
Based on the GSE42568 dataset, univariate Cox regression analysis was used to evaluate the prognostic value of candidate key
CSCs and metabolism-associated DEGs, and genes associated with breast cancer prognosis (p<0.05) were screened out. To
further identify key prognosis-related genes in breast cancer, Lasso-Cox regression with 10-fold cross-validation was performed
using the glmnet package. Using complete survival data in the training set as the response variable and prognosis-related genes as
predictors, variable selection was conducted with L1 regularization (alpha=1). The optimal lambda (lambda.min) with minimum
cross-validation error was selected, and genes with non-zero coefficients were identified as key prognostic genes. A risk score
formula was established based on the coefficients. The risk score formula is RiskScore = Y. (exp; * ;) (Note: n, number of
genes; expi: expression value of gene i, Pi: regression coefficient of gene 1). =1
According to the median of the risk score, breast cancer patients were divided into high- and low-risk groups. Subsequently,
Kaplan-Meier survival curves were plotted using the “survival” and “survminer” packages to evaluate the prognostic differences
between different risk groups. In addition, time-dependent receiver operating characteristic (ROC) curve analysis was performed
by the “timeROC” package to verify the accuracy of the risk model in predicting 1-, 3-, and 5-year survival of patients. The
GSE7390 and brca_metabric datasets were used to validate the risk score.

Risk Score and Clinical Characteristics

Univariate and multivariate Cox analyses were used to assess prognostic independence of risk score and clinical
characteristics. The “rms” package was used to construct a nomogram by integrating independent prognostic factors to
predict the 1-, 3-, and 5-years survival probabilities of patients. Subsequently, a calibration curve was used to evaluate the
prediction accuracy of the nomogram model. To further evaluate the clinical utility of the model, the “ggDCA” package
was used to perform decision curve analysis (DCA) for assessing the clinical net benefit of the model under different risk
thresholds. In addition, time-dependent ROC curve analysis was also performed by the “timeROC” package to verify the
accuracy of the model in predicting 1-, 3-, and 5-year survival of patients. Subsequently, two Cox proportional hazards
regression models were established. The baseline clinical model included age, estrogen receptor (ER) status, tumor size,
histological grade and lymph node status. The full model (new model) further adds the risk score on the basis of baseline
variables. The predictSurvProb function in the pec package was used to estimate event probabilities at different time
points. The integrated discrimination improvement (IDI) and continuous net reclassification improvement (NRI) were
calculated via the survIDINRI package.

Differential Analysis and Functional Annotation Between High- and Low-Risk Groups
DEGs between high- and low-risk groups were identified using the “limma” package based on the criteria of [logFC|>1
and adjusted P<0.05. To evaluate the biological function differences between high- and low-risk groups of breast cancer
patients, a descending gene list was constructed based on the logFC values of all genes. Subsequently, Gene Set
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Enrichment Analysis (GSEA) was performed using the reference file (h.all.v2023.2.Hs.symbols.gmt), with the p-value
cutoff set to 0.05, and the top 10 most significantly different pathways were finally screened out. In addition, GO and
KEGG enrichment analyses were performed on the DEGs.

Characteristic Analysis of Model Genes

Based on the GSE42568, GSE7390, brca_metabric, and TCGA-BRCA datasets, differential expression analysis of model
genes was performed between high- and low-risk groups, as well as between breast cancer and control groups using the
Wilcoxon test. Additionally, breast cancer patients in the GSE42568 dataset were divided into high- and low-expression
groups based on the median expression level of each model gene. Kaplan-Meier analysis was used to compare the
survival differences of patients in the high- and low-expression groups of model gene.

Evaluation of Immune Characteristics

In this study, the “CIBERSORT” algorithm was used to evaluate the immune cell infiltration levels in the high- and low-
risk groups, and the Wilcoxon test was applied to analyze the statistical significance of differences between the two
groups. Subsequently, Pearson correlation analysis was performed to explore the correlation between the risk score and
differential immune cells. Additionally, the Wilcoxon test was used to analyze the expression differences of immune
checkpoints between the high- and low-risk score groups.

Prediction of Drug Sensitivity

In this study, the “pRRophetic” package was used to predict the median inhibition concentration (IC50) of a series of
commonly used clinical antitumor drugs in breast cancer patients, so as to investigate the differences in drug responses
between different risk groups. The Wilcoxon test was used to perform statistical analysis on the IC50 values between the
high- and low-risk groups.

Immunohistochemical Assay

Tumor tissues and paired adjacent normal tissues were collected from 20 patients with breast cancer and examined by
immunohistochemistry. After deparaffinization and rehydration, the tissue sections were subjected to antigen retrieval in 0.01
M citrate buffer. Subsequently, the sections were permeabilized and blocked for endogenous peroxidase using a permeabilization
and blocking solution. After blocking with 10% goat serum, sections were incubated with diluted primary antibodies at 4°C
overnight, followed by incubation with secondary antibodies at 37°C. DAB reagent was used for color development, and
hematoxylin was used for counterstaining. Finally, sections were dehydrated, sealed with neutral balsam, and observed under
a light microscope. The primary antibodies included ETFDH (bs-13110R, Bioss, 1:300), CACH3 (bs-3932R, Bioss, 1:300),
ALDH2 (bsm-51466M, Bioss, 1:300), ABCA1 (bs-23418R, Bioss, 1:400), ADRA2 (bs-1062R, Bioss, 1:200), Ceramide
glucosyltransferase (bs-21562R, Bioss, 1:200), TRIB3 (bs-7538R, Bioss, 1:200), GSTP1 (bs-42396R, Bioss, 1:200), CPLA2/
PLA2G4A (bs-7560R, Bioss, 1:200), MLN64 (20,292-1-AP, Proteintech, 1:200), Cytochrome b5 (12,365-1-AP, Proteintech,
1:200) and ASS1 (16,210-1-AP, Proteintech, 1:100). The corresponding genes for ceramide glucosyltransferase, MLN64 and
cytochrome b5 were UGCG, STARD3 and CYBS5A, respectively.

Results
Identification and Functional Annotation of Candidate Key CSCs and

Metabolism-Associated DEGs

A total of 2055 DEGs were identified between breast cancer and control groups (Figure 1A). Subsequently, 2055 DEGs,
8536 CSCs-associated genes, and 2042 metabolism-associated genes were subjected to intersection analysis. A total of
197 common genes were obtained (Figure 1B), which were identified as candidate key CSCs and metabolism-associated
DEGs. The results of GO functional enrichment analysis revealed that the candidate key CSCs and metabolism-
associated DEGs were significantly enriched in terms such as fat cell differentiation, collagen-containing extracellular
matrix and extracellular matrix structural constituent (Figure 1C). The results of the KEGG analysis revealed that the
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analysis of candidate key CSCs and metabolism-associated DEGs; (D) KEGG enrichment analysis of candidate key CSCs and metabolism-associated DEGs.

candidate key CSCs and metabolism-associated DEGs were significantly enriched in various signaling pathways such as
Cytoskeleton in muscle cells, ECM-receptor interaction, and Focal adhesion (Figure 1D). The PPI network constructed
based on the identified as candidate key CSCs and metabolism-associated DEGs consisted of 159 nodes and 378 edges.
Among these, multiple interaction pairs such as ABHD5-PNPLA2, ACO1-CS, DLD-PDHAI1, and ECHS1-HADH
exhibited a combined score of over 0.9, indicating high interaction reliability (Figure S1).

Construction and Validation of Prognostic Risk Score Model

In the GSE42568 dataset, 27 CSCs and metabolism-associated DEGs related to the prognosis of breast cancer were
identified by univariate Cox regression analysis (Figure 2A). Subsequently, 12 CSCs and metabolism-associated DEGs
(ETFDH, PLA2G4A, ABCA1, ALDH2, ADRA2A, TRIB3, CYB5SA, STARD3, UGCG, CACNAI1D, ASS1, and GSTP1)
were further identified via LASSO regression analysis for the construction of a risk score model (Figure 2B). The risk
score formula is Risk Score= (—0.280xETFDH) + (—0.045xCACNAI1D) + (-0.203xALDH2) + (—0.131xCYB5A) +
(—=0.307<ABCA1) + (-0.015xADRA2A) + (—0.310xUGCG) + (0.270xTRIB3) + (0.215xSTARD3) + (0.103xGSTP1) +
(0.094xPLA2G4A) + (0.037xASS1).

According to the median of the risk score, breast cancer patients were divided into high- and low-risk groups (Figure 2C).
The high-risk group had a higher mortality rate (Figure 2D), and most of the model genes were lowly expressed in the high-
risk group (Figure 2E). The Kaplan-Meier analysis revealed that the low-risk group had a better survival advantage compared
to the high-risk group (Figure 2F). The time-dependent ROC curve results showed that the area under curve (AUC) at 1-, 3,
and S5-years was 0.808, 0.854, and 0.927 respectively (Figure 2G), indicating that the risk model has good prognostic
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prediction accuracy. Subsequently, the risk model was validated in the GSE7390 (Figure S2A-E) and BRCA-METABRIC
(Figure S2F-J) datasets based on the aforementioned formula. The results demonstrated consistency with those obtained from
the GSE42568 dataset, which further confirmed the potential clinical application value of the risk score model.

https:

International Journal of Women’s Health 2026:18



https://www.dovepress.com/article/supplementary_file/613522/613522%20Supplementary%20Material.docx
https://www.dovepress.com/article/supplementary_file/613522/613522%20Supplementary%20Material.docx
https://www.dovepress.com/article/supplementary_file/613522/613522%20Supplementary%20Material.docx
https://www.dovepress.com/article/supplementary_file/613522/613522%20Supplementary%20Material.docx

Li et al

Risk Score and Clinical Characteristics

Univariate and multivariate Cox regression analyses were performed for age, ER, tumor size (size), histological grade
(grade), lymph node status (lymph), and risk score. Univariate Cox regression analysis revealed that grade, lymph, and
risk score were prognostic risk factors for breast cancer patients (Figure 3A). Additionally, multivariate Cox regression
analysis revealed that lymph and risk score were independent prognostic factors for breast cancer patients (Figure 3B).
The factors that showed significant differences in univariate and multivariate Cox regression analyses (lymph and risk
score) were included in the nomogram model to predict the 1-, 3- and 5-years survival rates of the patients (Figure 3C).
The calibration curve indicated that the nomogram model had a good prognostic prediction ability (Figure 3D).
Furthermore, the results of DCA curve (Figure 3E) and time-dependent ROC curves (Figure 3F-H) further confirmed
that the nomogram and risk score exhibited have good predictive accuracy. The results of IDI and NRI analysis showed
that compared with the baseline clinical model, the full model with risk score showed significant improvement in
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nomogram; (E) DCA curve of risk score and nomogram; (F) ROC curves of nomogram, risk score and lymph for |-year prediction; (G) ROC curves of nomogram, risk
score and lymph for 3-year prediction; (H) ROC curves of nomogram, risk score and lymph for 5-year prediction. **P<0.01; ***P<0.001.
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discriminant ability and risk stratification efficiency in 3- and 5-year survival prediction, while no statistical difference
was observed in 1-year prediction (Table S1). The IDI and NRI at the 5-year time point reached a significant level,
suggesting that the risk score can effectively improve the predictive value of the model for the long-term prognosis of
breast cancer patients.

Identification and Functional Annotation of DEGs Between High- and Low-Risk

Groups

A total of 141 DEGs were identified between high- and low-risk groups (Figure 4A). To evaluate the biological function
differences between high- and low-risk groups of breast cancer patients, a GSEA analysis was performed. The results
showed that pathways such as HALLMARK E2F TARGETS, HALLMARK MYC TARGETS V1 or V2, and
HALLMARK MTORCI1 SIGNALING exhibited significant differences between the high-risk and low-risk groups
(Figure 4B). In addition, GO and KEGG enrichment analyses were performed based on 141 DEGs. The results of GO
functional enrichment analysis revealed that the DEGs were significantly enriched in terms such as developmental
maturation, brush border membrane and toll-like receptor binding (Figure 4C). The results of the KEGG analysis
revealed that the DEGs were significantly enriched in various signaling pathways such as PPAR signaling pathway,
Cornified envelope formation and Cholesterol metabolism (Figure 4D).
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Figure 4 Identification and functional annotation of DEGs between high- and low-risk groups. (A) Volcano plot of DEGs between high- and low-risk groups; (B) Top 10
pathways in GSEA analysis; (C) GO enrichment analysis of DEGs between high- and low-risk groups; (D) KEGG enrichment analysis of DEGs between high- and low-risk
groups.
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Expression of Model Genes

In the GSE42568 dataset, compared with the low-risk group, the expressions of PLA2G4A, TRIB3, STARD3, ASS1, and
GSTP1 were up-regulated in the high-risk group, while the expressions of ETFDH, ABCA1, ALDH2, ADRA2A,
CYBS5A, UGCG, and CACNAID were down-regulated in the high-risk group (Figure 5A). Subsequently, the expression
of the model genes were validated in the GSE7390 (Figure 5B) and brca_metabric (Figure 5C) datasets, and the
validation results showed that their expression trends were consistent with those observed in the GSE42568 dataset.
Furthermore, in the GSE42568 dataset, compared with the control group, the expressions of TRIB3, STARD3, UGCG,
and CACNAI1D were up-regulated in the breast cancer group, while the expressions of ETFDH, PLA2G4A, ABCAL,
ALDH2, ADRA2A, CYBS5A, ASS1, and GSTP1 were down-regulated in the breast cancer group (Figure 6A). The
expression of the model genes was verified in the control and breast cancer groups of the TCGA-BRCA dataset
(Figure 6B). The results showed that except for CYB5A, the expression trends of the other model genes were consistent
with those in the GSE42568 dataset, and the differences were of statistical significance. Additionally, breast cancer
patients in the GSE42568 dataset were divided into high- and low-expression groups based on the median expression
level of each model gene. The Kaplan-Meier analysis results showed that patients with high expression of PLA2G4A,
TRIB3, STARD3 ASSI1, and GSTP1 had poor prognosis, while patients with low expression of ETFDH, ABCAI,
ALDH2, ADRA2A, CYBS5A, UGCG and CACNA1D had poor prognosis (Figure 7).

Immune Landscape and Drug Sensitivity Prediction

The CIBERSORT results showed that there were significant differences in the infiltration levels of T follicular helper
cells, macrophages M2, and dendritic cells resting between high and low-risk groups (Figure 8A). Macrophages M2 was
significantly negatively correlated with the risk score (Figure 8B). Moreover, xCell analysis also showed that the
infiltration level of macrophages M2 was decreased in the high-risk group (Figure S3), which was consistent with the
trend of CIBERSORT results. Immune checkpoint differential analysis results showed that most immune checkpoints
were highly expressed in the high-risk group (Figure 8C), suggesting that the high-risk group may be more prone to
immune escape. Subsequently, IC50 values for common drugs in the high and low risk groups were calculated. The
results showed that the high-risk group exhibited higher sensitivity to A.443654, B1.2536, CGP.60474, CGP.082996,
CMK, docetaxel, GNF.2, GW843682X, JW.7.52.1, NSC.87877, NVP.TAE684, and paclitaxel (Figure 9). These findings
suggest potential differential drug responses between risk subgroups, warranting further preclinical and clinical
validation.

Immunohistochemical Verification of the Expression of Model Genes

To further clarify the expression characteristics of model genes in clinical samples, immunohistochemistry was used to
detect their expression levels in breast cancer and paired adjacent normal tissues. Immunohistochemical results showed
that the protein expression levels encoded by ETFDH, ALDH2, ABCA1, ADRA2A, GSTP1, PLA2G4A, CYB5A and
ASS1 were down-regulated in breast cancer tissues, whereas those encoded by CACNA1D, UGCG, TRIB3 and STARD3
were up-regulated (Figures 10 and S4). The expression trends were consistent with the results of public database analysis,
which further suggests that these model genes play a key regulatory role in the development of breast cancer, and the
specific molecular mechanism remains to be further explored.

Discussion

CSCs and metabolic dysregulation are well-recognized as core hallmarks of breast cancer progression. Previous studies
have also constructed prognostic models based on CSCs-associated genes and metabolic-associated genes.'®'® However,
they were based on only one aspect and did not combine these two aspects for research. Given the complex crosstalk
between CSC and metabolic reprogramming, combining the features may have higher predictive ability compared to
models based on either aspect alone. Therefore, we conducted a series of analyses based on CSCs and metabolic-
associated genes. This study identified 197 candidate key genes by overlapping DEGs with CSCs-associated genes and
metabolism-associated genes. Functional enrichment results showed that ECM-receptor interaction and Focal adhesion
were important signaling pathways enriched. Notably, ECM-receptor interaction and Focal adhesion play an important
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Figure 5 Expression boxplots of model genes in the high- and low-risk groups. (A) Expression boxplots of model genes in the high- and low-risk groups of the GSE42568
dataset; (B) Expression boxplots of model genes in the high- and low-risk groups of the GSE7390 dataset; (C) Expression boxplots of model genes in the high- and low-risk

groups of the cBioPartal-brca_metabric dataset.
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Figure 6 Expression boxplots of model genes in the breast cancer and control groups. (A) Expression boxplots of model genes in the breast cancer and control groups of
the GSE42568 dataset; (B) Expression boxplots of model genes in the breast cancer and control groups of the TCGA-BRCA dataset.

role in maintaining CSCs functionality?®* and regulating metabolic processes.”> > These results reflect the close
crosstalk between CSCs and metabolic dysregulation in the pathological mechanism of breast cancer.

By combining Cox regression analysis with LASSO regression analysis, 12 CSCs and metabolism-associated DEGs
associated with breast cancer prognosis were identified from 197 candidate genes, and a prognostic risk score model was
constructed based on these 12 CSCs and metabolism-associated DEGs. Based on the median value of the risk score,
breast cancer patients were stratified into high- and low-risk groups. Kaplan-Meier analysis revealed that patients in the
low-risk group exhibited a significant survival advantage compared with those in the high-risk group. Time-dependent
ROC curve analysis showed that the risk score model possessed favorable prognostic predictive accuracy. Moreover, the

validation results in other independent datasets showed consistent results with the training set, further confirming the
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Figure 7 Kaplan-Meier analysis curves of patients in the high- and low-expression groups of model genes.
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Figure 8 Evaluation of immune characteristics. (A) The immune infiltration levels of each immune cell in low- and high-risk groups; (B) Pearson correlation analysis between
Macrophages M2 and risk score; (C) Expression boxplots of immune checkpoints in the high- and low-risk groups. *P<0.05; **P<0.01; ***P<0.001.

Abbreviation: ns, no statistical significance.
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potential clinical application value of the risk score model. Nomogram can be used to predict disease risk or prognosis by
combining multiple indicators.”**” The independent prognostic values of the risk score and lymph node status highlight
their pivotal role in breast cancer prognosis prediction. In this study, a nomogram was constructed by integrating these
two key factors, which exhibits good excellent survival predictive performance and significant clinical net benefit, which
provided a potential practical tool for clinicians to evaluate the prognosis of patients individually.

Differential expression analysis and functional annotation results between the high and low risk groups clearly
revealed significant biological differences between the two groups. The E2F family can regulate the proliferation, self-
renewal, metastasis and drug resistance of tumor stem cells through various mechanisms.”® Moreover, the E2F score is
a marker of breast cancer aggressiveness.”” MYC can promote chemotherapy-resistant breast cancer stem cells through
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regulation of mitochondrial oxidative phosphorylation.>® mTOR and its related signaling are involved in regulating the
cell death of breast cancer stem cells.*' Moreover, the mTOR signaling is also associated with the metabolic reprogram-
ming of breast cancer.’® In this study, GSEA results showed that the HALLMARK E2F TARGETS,
HALLMARK MYC TARGETS V1 or V2, and HALLMARK MTORC1 SIGNALING signals were significantly
differentially enriched between the high- and low-risk groups. This result further suggests that there are significant
differences in the functional characteristics of cancer stem cells and metabolic processes between the two groups, and
these differences may be regulated by the above signals. Further exploration of the mechanism of these signals in breast
cancer is expected to provide a theoretical basis for the follow-up treatment and management of the disease.

The 12 CSCs and metabolism-associated DEGs composing the risk score model are not only abnormally expressed in
breast cancer tissues but also exhibit significant differences between high- and low-risk groups, and are closely associated with
breast cancer prognosis. These characteristics collectively highlight the critical regulatory roles of these model genes in breast
cancer tumorigenesis and progression. A study has shown that the expression of ETFDH is decreased in gastric cancer tissues
and is associated with a poorer overall survival of the patients.”> PLA2G4A can mediate TGF-B-induced epithelial-
mesenchymal transition in breast cancer through the PI3k/Akt signaling,** and also affects the sensitivity of breast cancer
to doxorubicin through the ERK and mTOR signaling.*> The expression of the lipid transporter ABCAL is decreased in human
breast cancer tissues,’® and it participates in regulating the metastasis of triple-negative breast cancer.”” ALDH2 is an
important prognostic marker for breast cancer,”® and its polymorphisms are closely correlated with breast cancer risk.>
The expression of ADRA2A is significantly correlated with the risk of breast cancer recurrence.*® TRIB3 is overexpressed in
breast cancer, maintains breast cancer stemness by activating specific signaling axis (such as the TRIB3-AKT1-FOXO1-
SOX2 pathway) to promote cancer initiation and progression.*' CYB5A plays an important role in maintaining the balance of
the redox system in cancer cells, with different effects on breast cancer cells of different phenotypes.*? High expression of
STARD?3 is associated with decreased survival rate of breast cancer patients. Inhibiting its expression can down-regulate the
activity of the PI3K/AKT/mTOR pathway and induce apoptosis of MCF-7 cells.* The Wnt/B-catenin pathway plays an
important role in breast cancer progression and breast CSC survival.'® UGCG can regulate therapeutic resistance and disease
progression of breast cancer via this pathway.** Moreover, UGCG also affects the glutamine metabolism of breast cancer
cells.*” CACNAID is abnormally expressed in breast cancer and may play a crucial role in the carcinogenic process and
development of BRCA.*® ASS1 also plays a significant role in the progression of breast cancer.*’*® GSTP1 is a predictor for
the prognosis and chemotherapy resistance of breast cancer patients.**° Collectively, these 12 model genes may exert
regulatory effects on the occurrence, progression, and therapeutic response of breast cancer through multiple biological
pathways and functional mechanisms.

Multiple immune cell subsets in the tumor microenvironment play critical regulatory roles on the occurrence, progression
and metastasis of breast cancer.’' In this study, we analyzed the characteristics of immune cell infiltration between the high-
and low-risk groups based on the CIBERSORT algorithm, and the results revealed infiltration differences between the two
groups. Additionally, the expression levels of immune checkpoint in the high-risk group were increased, suggesting that the
high-risk group may be more prone to immune escape.’” Previous studies have confirmed that macrophages M2 polarization

can promote the progression of breast cancer,’ 354

while our study found that the infiltration of macrophages M2 was reduced
in the high-risk group and was negatively correlated with the risk score. This result may reflect the existence of a unique
immunometabolic crosstalk in high-risk breast cancer patients. It is speculated that high-risk tumor cells exhibit remarkably
enhanced uptake of key nutrients such as glutamine, which enables them to compete with macrophages M2 for nutritional
supplies.” Glutamine is an essential metabolic substrate for macrophage M2 polarization, and the specific regulatory
mechanisms remain to be further investigated. Drug sensitivity prediction showed high-risk patients were more sensitive to
conventional chemotherapeutics including docetaxel and paclitaxel. These findings suggest potential differential drug
responses between risk subgroups, which may provide a basis for personalized treatment stratification. Nevertheless, this
conclusion is merely an in silico observational result from public dataset analysis, and further large-scale prospective clinical
validation is urgently required before its reliable clinical application.

However, this study inevitably has certain limitations. Firstly, this model was constructed based on public datasets and has
not been validated in clinical samples. Thus, large-sample clinical samples need to be collected for targeted validation studies
in the follow-up. Secondly, the specific molecular mechanism of the identified model genes in breast cancer still requires
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further investigation. In the future, systematic research will be carried out through large-scale in vivo and in vitro experiments.
In conclusion, this study developed a novel CSCs and metabolism-associated prognostic model that effectively stratifies breast
cancer patients into high- and low-risk groups. This model lays a foundation for the personalized therapeutic stratification of
breast cancer and is crucial for improving the prognosis of breast cancer patients.
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