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Abstract
Breast cancer is the second most prevalent malignant tumor worldwide and is highly heterogeneous. Cuproptosis, a 
newly identified form of cell death, is intimately connected to lipid metabolism. This study investigated breast cancer 
heterogeneity through the lens of cuproptosis-related lipid metabolism genes (CLMGs), with the goal of predicting 
patient prognosis, immunotherapy efficacy, and sensitivity to anticancer drugs. By utilizing transcriptomic data from The 
Cancer Genome Atlas (TCGA) for breast cancer, we identified 682 CLMGs and applied the nonnegative matrix factorization 
(NMF) method to categorize breast cancer patients into four distinct clusters: cluster 1, ‘‘immune-cold and stroma-poor’’; 
cluster 2, ‘‘immune-infiltrated’’; cluster 3, ‘‘stroma-rich’’; and cluster 4, ‘‘moderate infiltration’’. We subsequently developed 
a risk model based on CLMGs that incorporates ACSL1, ATP2B4, ATP7B, ENPP6, HSPH1, PIP4K2C, SRD5A3, and ULBP1. 
This model demonstrated excellent prognostic predictive performance in both the internal (testing and entire sets) and 
external (GSE20685 and Kaplan–Meier Plotter sets) validation sets. High-risk patients presented lower expression levels 
of immune checkpoint-related genes and lower immunophenoscores (IPSs), whereas low-risk patients presented higher 
CD8+ T-cell infiltration levels and IPSs. Furthermore, the risk index was positively correlated with tumor cell stemness and 
could predict sensitivity to anticancer drugs. We also confirmed that SRD5A3 was highly expressed in breast cancer and 
participated in promoting the proliferation and migration of breast cancer cells. In conclusion, the results of this study 
provide new insights and strategies for assessing prognosis and implementing precision treatment for breast cancer 
through the lens of CLMGs.
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1  Introduction

According to the epidemiological information from GLOBOCAN 2024, breast cancer became the 2nd most common 
malignancy worldwide in 2022 [1]. In clinical practice, factors such as patient age, cancer stage, histological grade, lymph 
node involvement, and molecular subtype of breast cancer remain pivotal for predicting patient prognosis and guiding 
treatment decisions [2, 3]. However, because of the significant diversity of breast cancer types, conventional clinico-
pathological elements are insufficient to satisfy the requirements of the exact diagnosis and treatment of tumors. With 
the advancement and widespread use of sequencing innovations, more patients can obtain tumor expression profiles 
at a lower cost. Researchers can use these tumor expression profiles to identify prognosis-related genes, predict patient 
prognosis and guide treatment through specific gene signatures.

Cuproptosis, a recently identified type of programmed cell death, operates through copper binding to lipoacylated 
components of the tricarboxylic acid cycle. This interaction results in the aggregation of lipoacylated proteins and the 
suppression of iron‒sulfur cluster proteins, culminating in cellular death [4, 5]. Research has revealed that cuproptosis-
related genes, including SLC31A1, DLAT, PDHA1, and ATP7A, are strongly associated with an unfavorable prognosis in 
breast cancer patients, whereas elevated expression of ATP7B and LIPT1 indicates a more favorable prognosis [6–9]. 
Researchers have utilized cuproptosis-related gene signatures to predict OS, immune cell infiltration, and drug respon-
siveness in breast cancer patients [8, 10, 11]. However, the number of cuproptosis-related genes identified to date is 
limited, and their internal regulatory mechanisms remain poorly understood [6].

Breast cancer cells often exhibit abnormal lipid metabolism activities [12]. Metabolic changes not only provide essen-
tial energy and structural components for tumor cells but also promote tumor progression by affecting signaling path-
ways and gene expression [13]. Additionally, dysregulated lipid metabolism is intricately linked to immune evasion, 
drug resistance, and unfavorable prognosis in patients with breast cancer [14]. In tumors, lipid metabolism and copper 
metabolism abnormalities are often intertwined [4, 15]. Reactive oxygen species (ROS) produced by lipid metabolism 
can further increase the toxicity of copper ions, exacerbating oxidative damage to intracellular proteins and lipids and 
inducing cuproptosis [16, 17]. Copper ions can impact the activities of crucial enzymes such as fatty acid synthase and 
acetyl-CoA carboxylase [18, 19]. However, the intricate connection between cuproptosis and lipid metabolism remains 
ambiguous. Therefore, it is essential to systematically comprehend the interplay between cuproptosis genes and lipid 
metabolism genes, uncover cancer-specific vulnerabilities associated with cuproptosis and lipid metabolism, and enhance 
prognostic prediction and precision treatment for patients.

In this study, an interaction network between cuproptosis genes and lipid metabolism genes was constructed and 
breast cancer patients were clustered into four clusters on the basis of cuproptosis-related lipid metabolism genes 
(CLMGs). Furthermore, this study constructed a risk model using CLMGs to predict the prognosis of breast cancer patients 
and pinpoint those most likely to benefit from chemotherapy and immunotherapy. Finally, in vitro experiments confirmed 
that disrupting CLMG SRD5A3 could impede the advancement of breast cancer cells.

2 � Materials and methods

2.1 � Data collection and processing

The study design is illustrated in Fig. 1. Pan-cancer transcriptomic data from The Cancer Genome Atlas (TCGA) were 
obtained from the University of California, Santa Cruz (UCSC) Xena Browser (https://​xenab​rowser.​net/​datap​ages/) in 
December 2023. The dataset includes both normal and tumor samples across 24 cancer types: Bladder Urothelial Car-
cinoma (BLCA, normal = 19, tumor = 406), Breast Invasive Carcinoma (BRCA, normal = 111, tumor = 1039), Cervical Squa-
mous Cell Carcinoma and Endocervical Adenocarcinoma (CESC, normal = 3, tumor = 304), Cholangiocarcinoma (CHOL, 
normal = 9, tumor = 35), Colon Adenocarcinoma (COAD, normal = 41, tumor = 456), Esophageal Carcinoma (ESCA, nor-
mal = 11, tumor = 162), Glioblastoma Multiforme (GBM, normal = 5, tumor = 161), Head and Neck Squamous Cell Carci-
noma (HNSC, normal = 44, tumor = 502), Kidney Chromophobe (KICH, normal = 25, tumor = 65), Kidney Renal Clear Cell 
Carcinoma (KIRC, normal = 72, tumor = 532), Kidney Renal Papillary Cell Carcinoma (KIRP, normal = 32, tumor = 290), Liver 

https://xenabrowser.net/datapages/
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Hepatocellular Carcinoma (LIHC, normal = 50, tumor = 371), Lung Adenocarcinoma (LUAD, normal = 59, tumor = 516), Lung 
Squamous Cell Carcinoma (LUSC, normal = 49, tumor = 501), Pancreatic Adenocarcinoma (PAAD, normal = 4, tumor = 178), 
Pheochromocytoma and Paraganglioma (PCPG, normal = 3, tumor = 179), Prostate Adenocarcinoma (PRAD, normal = 52, 
tumor = 497), Rectum Adenocarcinoma (READ, normal = 10, tumor = 166), Sarcoma (SARC, normal = 2, tumor = 259), Skin 
Cutaneous Melanoma (SKCM, normal = 1, tumor = 469), Stomach Adenocarcinoma (STAD; normal = 32, tumor = 375), 
Thyroid Carcinoma (THCA, normal = 59, tumor = 504), Thymoma (THYM, normal = 2, tumor = 120), and Uterine Corpus 
Endometrial Carcinoma (UCEC, normal = 35, tumor = 545). Clinical information for the BRCA cohort was also downloaded 
from the UCSC Xena Browser. We excluded transcriptomic samples with missing clinical data, incomplete survival status, 
or survival durations of fewer than 30 days. After filtering, a total of 990 breast cancer samples with complete survival 
and clinical data were retained for the subsequent analyses. For external validation, we utilized the GSE20685 dataset, 
comprising transcriptomic data and clinical features of 327 breast cancer patients. This dataset was downloaded from 
the Gene Expression Omnibus (GEO) database (https://​www.​ncbi.​nlm.​nih.​gov/​geo/). Additionally, the Kaplan–Meier 
Plotter database (https://​kmplot.​com/​analy​sis/​index.​php?p=​servi​ce&​cancer=​breast_​rnaseq_​gse96​058) was used to 
access survival data for 2976 breast cancer patients, forming another independent external validation cohort. A list of 
27 cuproptosis-related genes were obtained from the FerrDb database in December 2023 (http://​www.​zhoun​an.​org/​
ferrdb/​curre​nt/) (Table S1). For lipid metabolism-related genes, we sourced 918 genes from the Harmonizome database 
in December 2023 (https://​maaya​nlab.​cloud/​Harmo​nizome/​gene_​set/​lipid/​GeneR​IF+​Biolo​gical+​Term+​Annot​ations) 

Fig. 1   Research flowchart

https://www.ncbi.nlm.nih.gov/geo/
https://kmplot.com/analysis/index.php?p=service&cancer=breast_rnaseq_gse96058
http://www.zhounan.org/ferrdb/current/
http://www.zhounan.org/ferrdb/current/
https://maayanlab.cloud/Harmonizome/gene_set/lipid/GeneRIF+Biological+Term+Annotations
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and 1034 genes from a previously published study [20]. After removing 212 overlapping genes, we finalized a set of 1740 
unique lipid metabolism-related genes for further analysis (Table S2).

To address the differences between the microarray-based GSE20685 dataset and the RNA-seq-based TCGA-BRCA 
dataset, we first performed a log2 transformation (log2(tcga + 1)) on the TCGA-BRCA gene expression matrix to normalize 
the data and reduce its dynamic range. We then standardized the GSE20685 dataset using the normalizeBetweenArrays 
function to ensure consistent data distribution across samples and minimize technical biases. Finally, we applied the 
Combat function from the sva package (version 3.54.0) to adjust for batch effects using the Empirical Bayes method [21].

2.2 � Consistent clustering analysis of CLMGs

This study first extracted transcriptome-level data for genes related to cuproptosis and lipid metabolism from the TCGA-
BRCA dataset. Pearson correlation analysis was then carried out on these genes. The CLMGs were determined based on 
|R|> 0.3 and P < 0.001 [22, 23]. Breast cancer clusters associated with CLMGs were identified through consistent clustering 
analysis of mRNA expression levels using the nonnegative matrix factorization (NMF) method, implemented with the 
NMF package (version 0.28) [24].

2.3 � Development of a risk model using CLMGs

The TCGA-BRCA cohort (n = 990) samples were randomly divided into a training set (n = 693) and a testing set (n = 297) 
in a 7:3 ratio using the createDataPartition function from the caret package (version 6.0.94). Initially, the CLMGs in the 
training set were subjected to univariate Cox regression analysis. To minimize overfitting, genes with a P-value < 0.05 
from the univariate Cox regression analysis were further analyzed using least absolute shrinkage and selection operator 
(LASSO) regression. The analysis was performed with the glmnet package (version 4.1.8), utilizing default parameters 
and tenfold cross-validation. Finally, to refine the risk model, candidate genes identified by LASSO regression were sub-
jected to multivariate Cox regression analysis to reduce their number. The risk index for each patient was calculated with 
reference to published papers [25, 26].

2.4 � Validation of the risk model associated with CLMGs

The training set was utilized to assess the performance of the model, whereas the two internal validation sets (testing 
set and entire set) and the external validation set (GSE20685 and Kaplan‒Meier Plotter sets) were employed to verify 
the model’s effectiveness. First, a heatmap depicting the gene expression of the model genes and a scatter plot illustrat-
ing the survival status of breast cancer patients were generated. Kaplan‒Meier survival analysis was then performed 
to compare survival between the high-risk and low-risk groups using the survminer package (version 0.5.0) and the 
survival package (version 3.7.0). Additionally, receiver operating characteristic (ROC) curve analysis was conducted to 
assess the sensitivity and specificity of the risk index in predicting 1-year, 3-year, and 5 year survival outcomes in breast 
cancer patients using the timeROC package (version 0.4).

2.5 � Survival analysis of different pathological feature subgroups

To assess the performance of the risk model across various clinical subgroups, subgroup Kaplan‒Meier survival analysis 
was performed. The subgroups analyzed included age > 65 years, age ≤ 65 years, T1-2 stage, T3-4 stage, N0 stage, N1-3 
stage, M0 stage, M1 stage, stage I-II, stage III-IV, basal type, human epidermal growth factor receptor 2 (Her2)-positive 
type, luminal A type, and luminal B type.

2.6 � Prognostic analysis and development of a nomogram

To identify prognostic factors in breast cancer patients, univariate and multivariate Cox regression analyses were con-
ducted using the survival package (version 3.7.0), and a nomogram was constructed with the regplot package (version 
1.1). Detailed analytical methods can be found in our published article [25].
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2.7 � Analysis of biological functional enrichment

To investigate potential differences in biological function between high-risk and low-risk groups of breast cancer patients, 
differential gene expression analysis was initially conducted using the limma package (version 3.62.1), with criteria of 
|log2-fold change (FC)|> 1 and adjusted P < 0.05 [27]. Gene Ontology (GO) analysis and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathway analysis were subsequently performed on the differentially expressed genes (DEGs) using 
the clusterProfiler package (version 4.14.3) [28]. Furthermore, GSEA was conducted using h.all.v7.5.1.symbols.gmt as the 
annotated gene set. A total of 1000 permutations were performed, and the normalized enrichment score (NES) was com-
puted on the Affymetrix chip platform [29]. A significance threshold of P < 0.05 and a false discovery rate (FDR)-adjusted 
P < 0.25 were applied for statistical significance [23].

2.8 � Immune landscape analysis

To investigate the impact of the CLMG-related risk index on the immune microenvironment, Spearman correlation 
analysis was initially performed to assess the relationship between the risk index and immune cell infiltration levels using 
the CIBERSORT method [30]. Spearman correlation analysis was subsequently performed between the risk index and 47 
immune checkpoint genes. To delve deeper into the disparities in the tumor microenvironment (TME) between high-
risk and low-risk groups of breast cancer patients, the ESTIMATE method was used to analyze tumor purity between the 
two groups using the estimate package (version 1.0.13)[31]. Subsequently, single-sample GSEA (ssGSEA) methods were 
employed to assess variations in immune cell infiltration abundance and immune-related functions between the two 
subgroups using GSEABase package (version 1.68.0) [32]. A higher IPS indicates a greater response rate to anti-CTLA4 
and anti-PD-1 antibodies [33]. Further analysis was conducted on the differences in IPS between the two subgroups.

2.9 � Analysis of tumor mutational burden and drug sensitivity

To explore the role of the risk index in breast cancer treatment, correlations between the risk index and tumor muta-
tional burden (TMB) and drug sensitivity were further explored. First, somatic mutation data in MAF format for breast 
cancer patients were downloaded from the TCGA database, followed by annotation analysis via the maftools package 
(version 2.22.0) [34]. Differences in TMB between the two subgroups were subsequently analyzed. Additionally, grouped 
Kaplan‒Meier survival analysis was conducted, combining the risk index and TMB. To further explore the role of the risk 
index in breast cancer treatment, Spearman correlation analysis was performed between the RNA stemness index, the 
DNA stemness index, and the risk index. Next, differences in drug sensitivity between the two subgroups were analyzed 
on the basis of half maximal inhibitory concentration (IC50) values and the gene expression matrix of 198 drugs from 
the Genomics of Drug Sensitivity in Cancer (GDSC) database (https://​www.​cance​rrxge​ne.​org/).

2.10 � Single‑cell RNA sequencing analysis

TISCH2 database (http://​tisch.​comp-​genom​ics.​org/​home/) includes 190 tumor single-cell datasets from 50 cancer types, 
comprising over 6 million cells [35]. For this study, the BRCA_GSE176078 dataset was utilized to analyze the expression 
levels of CLMG-related risk model genes from a single-cell perspective. The GSE176078 dataset comprises 26 samples 
and 89,471 cells. Breast cancer tissue samples were subjected to dimensionality reduction and clustering analysis via 
the uniform manifold approximation and projection (UMAP) method, followed by cell type annotation. The expression 
levels of the 8 CLMG-related risk model genes (ACSL1, ATP2B4, ATP7B, ENPP6, HSPH1, PIP4K2C, SRD5A3, and ULBP1) 
were subsequently analyzed at the single-cell level.

2.11 � Cell lines, cell culture, and siRNA

The breast cancer cell lines MCF7 and MDA-MB-231 were purchased from the American Type Culture Collection (Manas-
sas, VA, USA) [36]. MCF7 and MDA-MB-231 cells were cultured in high-glucose medium supplemented with 10% fetal 
bovine serum (FBS, Gibco, USA) and 1% penicillin–streptomycin (HyClone). All the cells were incubated at 37 °C in a 
5% CO2 incubator. SRD5A3 small interfering RNA (siRNA) was purchased from Beijing Tsingke Biotech (Beijing, China). 

https://www.cancerrxgene.org/
http://tisch.comp-genomics.org/home/
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SRD5A3 siRNA and negative control (NC) siRNA were transfected into cells with Lipofectamine 3000 (Invitrogen, USA). 
The sequences of the si-NC and si-SRD5A3 were as follows: si-NC (5′ > 3′)–UUC​UCC​GAA​CGU​GUC​ACG​UTT (sense) and ACG​
UGA​CAC​GUU​CGG​AGA​ATT (antisense) [37]; si-SRD5A3 #1 (5′ > 3′)–GGC​UAG​UGG​UGA​CAA​AUG​U (sense) and ACA​UUU​GUC​
ACC​ACU​AGC​C (antisense); and si-SRD5A3 #2 (5′ > 3′)–GCU​UUG​GUG​CCU​UAC​UCA​A (sense) and UUG​AGU​AAG​GCA​CCA​
AAG​C (antisense).

2.12 � Total RNA extraction and RT‒qPCR

Total RNA was extracted from MCF7 and MDA-MB-231 cells using TRIzol reagent (Invitrogen™, USA) following the manu-
facturer’s protocol. cDNA was synthesized from 2 μg of RNA using a cDNA reverse transcription kit (Thermo Fisher, USA). 
The remaining steps for RT‒qPCR was described in our published paper [36, 38]. The forward primer (5′ > 3′) for SRD5A3 
was TGG​CTG​CAC​AGC​TTA​CGA​AG, and the reverse primer (5′ > 3′) was TCA​GCA​CAG​TTA​GGC​CAA​CAA. The forward primer 
(5′ > 3′) for GAPDH was GTC​AAG​GCT​GAG​AAC​GGG​AA, and the reverse primer (5′ > 3′) was AAA​TGA​GCC​CCA​GCC​TTC​TC. 
The relative expression levels were calculated using the 2−ΔΔCt method.

2.13 � MTS and cell scratch assays

The MTS assay was used to assess the cell proliferation capacity. Cells in the logarithmic growth phase from each group 
were seeded into 96-well plates (Corning, USA), with 3000 cells in 100 µL of complete medium per well. At 0 h, 24 h, 48 h, 
and 72 h, 10 µL of MTS (Promega, USA) was added to the 96-well plates. After incubation for 1 h in a 5% CO2, 37 °C incuba-
tor, the optical density (OD) value was measured at a wavelength of 490 nm using a microplate reader. A scratch assay 
was used to assess the cell migration capacity. Cells in the logarithmic growth phase from each group were seeded into 
6-well plates (Corning, USA). The next day, when the cell confluence reached 90–100%, a sterile 100 µL pipette tip was 
used to create a vertical scratch in the cell layer across the plane of the 6-well plate (Corning, USA). After being washed 
with phosphate-buffered saline (PBS; Sangon Biotech, China), the cells were cultured in serum-free medium. The scratch 
area was photographed under a microscope at 0 h and 24 h.

2.14 � Statistical analysis

All statistical analyses and visualizations were performed using R software (version 4.1.2). To assess differences across 
categories, the Wilcoxon test was used. Overall survival (OS) was compared across different categories via Kaplan‒Meier 
curves. Univariate and multivariate Cox regression analyses were employed to identify independent prognostic variables. 
The predictive ability of the CLMG-related model was assessed using ROC curves and nomograms. All the experiments 
were independently repeated three times, and the results are presented as the means ± standard deviations. Statistical 
significance was defined as P < 0.05. *P < 0.05, **P < 0.01, ***P < 0.001.

3 � Results

3.1 � Four CLMG‑related clusters in breast cancer

To explore the potential roles of CLMGs in breast cancer, we performed Pearson correlation analysis in the TCGA-BRCA 
dataset, using pre-selected lists of 27 cuproptosis-related genes and 1740 lipid metabolism genes, and identified 682 
CLMGs based on the criteria of |R|> 0.3 and P < 0.001 (Fig. 2A and Table S3). We subsequently conducted a consistent 
clustering analysis of these CLMGs using the NMF method. The optimal number of clusters was identified at the point 
where the cophenetic curve showed the most significant decline, revealing four clusters of breast cancer patients on the 

Fig. 2   Four CLMG-related clusters in breast cancer. A Pearson correlation analysis of 27 cuproptosis-related genes and 1,740 lipid metab-
olism-related genes in breast cancer. B Determination of the optimal rank r value (r = 2–10) for NMF. C Consistency clustering heatmap of 
CLMGs based on the NMF method. D Heatmap showing the expression of prognostic-related genes in the consistency clustering analysis. 
E Kaplan–Meier OS analysis of four CLMG-associated clusters in the TCGA-BRCA dataset of 990 breast cancer patients. F Tumor purity analy-
sis among the four CLMG-related clusters. G Immune cell infiltration abundance analysis among the four CLMG-related clusters based on 
the MCPcounter algorithm. CLMGs cuproptosis-related lipid metabolism genes, NMF non-negative matrix factorization, OS overall survival; 
*P < 0.05; **P < 0.01; ***P < 0.001; ns no significance
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basis of CLMGs (Fig. 2B, C). The heatmap of gene expression revealed that genes associated with cluster 1 significantly 
overexpressed genes such as PTK2, HSP90AA1, HSPH1, VDAC1, PTGES3, and SRD5A3. Genes associated with cluster 2 
showed significant overexpression of PSME1. Cluster 3 was characterized by the significant overexpression of genes 
including MCEE, CERS2, PRKAB2, MTM1, OCRL, FAF2, MAPK9, ACBD5, and RAB18. Lastly, genes associated with cluster 
4 significantly overexpressed GPAA1 and PRDX6 (Fig. 2D and Fig. S1). The survival analysis of 990 TCGA-BRCA breast 
cancer patients revealed significant differences in overall survival (OS) across the four clusters, with patients in cluster 2 
showing the best prognosis (Fig. 2E).

ESTIMATE was utilized to investigate variations in stromal and immune cell infiltration levels, as well as tumor purity, 
across the four clusters of breast cancer [31]. The results revealed that cluster 1 had the low ESTIMATE score and immune 
score, indicating the high tumor purity. Cluster 2 had the highest ESTIMATE score and immune score, suggesting high 
levels of immune cell infiltration. Cluster 3 exhibited the highest stromal score, indicating significant stromal cell infiltra-
tion in the tumor. Compared with clusters 2 and 1, cluster 4 had intermediate immune and ESTIMATE scores, reflecting 
moderate levels of immune cell infiltration and tumor purity (Fig. 2F). MCPcounter can be used to assess the abundance 
of 8 immune cell types and 2 stromal cell types in tissue samples [39]. We analyzed the abundance of immune cells 
and stromal cells in four CLMG-related clusters using MCPcounter. The results showed that cluster 2 had a high abun-
dance of B lineage cells, natural killer (NK) cells, cytotoxic lymphocytes, T cells, CD8+ T cells, and myeloid dendritic cells 
infiltration. Cluster 3 had a high abundance of neutrophils, endothelial cells and fibroblasts infiltration. Cluster 1 had 
a low abundance of immune and stromal cell infiltration, whereas cluster 4 had an intermediate level of immune cell 
infiltration between clusters 2 and 3 (Fig. 2G). The MCPcounter analysis results were consistent with the results of the 
ESTIMATE analysis. These findings suggest that cluster 1 is termed the "immune-cold and stroma-poor" type. Cluster 2 
is considered the "immune-infiltrated" type. Cluster 3 is categorized as the "stroma-rich" type. Cluster 4 is referred to as 
the "moderate infiltration" type.

3.2 � Development of a risk model based on CLMGs

To assess how CLMGs predict breast cancer prognosis, we developed a CLMG-related risk model to evaluate the risk 
levels in breast cancer patients. Initially, univariate Cox regression analysis was conducted on the differentially expressed 
CLMGs in the training set to identify 12 genes associated with breast cancer prognosis (Table S4). To prevent overfitting, 
tenfold cross-validation was applied in the LASSO regression analysis to select 11 candidate genes (Fig. 3A, B). Multi-
variate Cox regression analysis further refined the model, resulting in the identification of 8 key genes (ACSL1, ATP2B4, 
ATP7B, ENPP6, HSPH1, PIP4K2C, SRD5A3, and ULBP1) for construction of the risk model (Fig. 3C). The correlation heatmap 
revealed that the 8 model genes were significantly associated with most cuproptosis genes, with ATP7B being both a 
cuproptosis-related gene and a lipid metabolism-related gene (Fig. 3D). Survival analysis of the 8 core genes revealed 
that high expression levels of ACSL1, HSPH1, PIP4K2C, SRD5A3, and ULBP1 were associated with shorter OS in breast 
cancer patients, whereas elevated expression of ATP2B4, ATP7B, and ENPP6 was associated with longer OS (Fig. 3E–L). 
These findings suggest that ACSL1, HSPH1, PIP4K2C, SRD5A3, and ULBP1 may act as oncogenes and that ATP2B4, ATP7B, 
and ENPP6 may function as tumor suppressors.

3.3 � Validation of the CLMG‑related risk model

To assess the reliability of the risk model, the training set and entire set were used for internal validation, and the 
GSE20685 dataset was used for external validation. First, a heatmap of core gene expression was generated for the train-
ing set, which revealed that ACSL1, HSPH1, PIP4K2C, SRD5A3, and ULBP1 were predominantly expressed in the high-
risk group and that ATP2B4, ATP7B, and ENPP6 were primarily expressed in the low-risk group (Fig. 4A). Similar findings 
were observed in both the internal validation set and the external validation set (Fig. 4E, I, M). The scatter plot revealed a 
greater proportion of deceased patients in the high-risk group (Fig. 4B, F, J, N). Kaplan − Meier survival analysis revealed 
that high-risk patients had shorter OS than did low-risk patients (Fig. 4C, G, K, O). ROC curve analysis revealed that the 
risk index had good accuracy in predicting the 1-year, 3-year, and 5-year survival of breast cancer patients (Fig. 4D, H, L, 
P). Additionally, in the Kaplan–Meier Plotter, high-risk breast cancer patients had shorter OS, progression-free survival 
(PFS), and distant metastasis free survival (DMFS) compared to those in the low-risk group (Fig. 4Q). Overall, the CLMG-
related risk index effectively quantified the risk level of patients with breast cancer and predicted their prognosis.
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Fig. 3   Construction of the CLMG-related risk model. A LASSO regression analysis variable trajectory plot. Each line represents a gene. B The 
likelihood deviation values corresponding to each lambda value in the LASSO regression analysis. C Selection of 8 CLMGs through multi-
variate Cox regression analysis. D Heatmap showing the correlation between the 8 risk model genes and cuproptosis genes. E–L Survival 
prognosis analysis of the risk model genes in the training set, with groups stratified based on the optimal cutoff value. CLMGs cuproptosis-
related lipid metabolism genes, LASSO least absolute shrinkage and selection operator; *P < 0.05; **P < 0.01; ***P < 0.001
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Fig. 4   Validation of the CLMG-related risk model. A-D Heatmaps of model gene expression levels, scatter plots of risk scores and survival 
status, Kaplan–Meier OS analyses between high- and low-risk groups, and time-dependent ROC curves of risk indices at 1, 3, and 5 years in 
the training set. The testing set and entire set were used as internal validation sets, while the GSE20685 set served as an external validation 
set. E–P The same analyses were performed across two internal validation sets (testing and entire sets) and the GSE20685 external valida-
tion set. Q The prognostic efficacy of CLMG-related model was validated in Kaplan–Meier plotter. OS overall survival, PFS progression-free 
survival, DMFS distant metastasis free survival, ROC receiver operating characteristic
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3.4 � Subgroup survival analysis on the basis of clinical and pathological characteristics

To further assess the reliability of the risk model across various clinical and pathological subgroups, a subgroup sur-
vival analysis was conducted in breast cancer patients. The results revealed that, except for those in the basal and Her2 
subgroups, breast cancer patients in the high-risk group had shorter OS than did those in the low-risk group (Fig. S2).

3.5 � Prognostic analysis and nomogram construction

Univariate and multivariate Cox regression analyses revealed that age and the risk index were independent prognostic 
factors for breast cancer patients (Fig. 5A, B). To more accurately predict the survival time of breast cancer patients, we 
constructed a nomogram incorporating clinical and pathological features along with the risk index and performed a 
calibration curve analysis, which demonstrated good performance (Fig. 5C, D). Additionally, multivariate ROC curve 
analysis revealed that the comprehensive nomogram score had the highest area under the curve (AUC) values for 
predicting the 1-year, 3-year, and 5 year survival status of breast cancer patients, with AUCs of 0.868, 0.773, and 0.739, 
respectively, further improving the efficacy of the risk index in predicting patient survival (Fig. 5E–G).

3.6 � Biological function analysis

To further investigate the biological function differences between the high- and low-risk groups identified by the 
CLMG-related risk model, we conducted differential expression analysis in breast cancer patients. Genes were con-
sidered differentially expressed if they met the criteria of |log2 FC|> 1 and a corrected P < 0.05, resulting in the iden-
tification of 1,782 differentially expressed genes (Table S5). GO analysis of these DEGs revealed associations with 
receptor ligand activity, the T-cell receptor complex, the regulation of angiogenesis, and the regulation of epithelial 
cell proliferation (Fig. 6A), and KEGG analysis revealed associations with the PI3K-AKT pathway, the MAPK pathway, 
the cell cycle, the regulation of lipolysis in adipocytes, and the B-cell receptor pathway (Fig. 6B). Additionally, GSEA 
suggested that the high-risk group might be associated with E2F targets, the G2M checkpoint, MTORC1 signaling, 
MYC targets, and the oxidative phosphorylation pathway (Fig. 6C).

3.7 � Immune landscape analysis

Cuproptosis and lipid metabolism reprogramming are not limited to tumor cells; they are also closely related to 
immune cell infiltration and TME function. Therefore, the impact of the risk index on the tumor immune microenvi-
ronment was explored. First, the correlations among the risk index, model genes, and the abundance of infiltrating 
immune cells were investigated. The results revealed a negative correlation between the risk index and CD8+ T cells, 
CD4+ memory resting T cells, plasma cells, monocytes, resting mast cells, resting dendritic cells, and naïve B cells, 
whereas a positive correlation was observed with resting NK cells and macrophages (Fig. 7A). Figure 7B shows that 
the risk index was negatively correlated with most immune checkpoints. Among the model genes, ACSL1, ATP2B4, 
ENPP6, and ULBP1 were positively correlated with most immune checkpoint genes, whereas PIP4K2C and SRD5A3 
were negatively correlated with these genes. Therefore, the differences in the immune microenvironment between 
the two subgroups were further analyzed. ESTIMATE analysis revealed that low-risk patients had higher scores than 
did high-risk patients (Fig. 7C). CIBERSORT analysis revealed that naïve B cells, memory B cells, CD8+ T cells, resting 
CD4+ memory T cells, resting dendritic cells, and resting mast cells were more abundant in the low-risk group, whereas 
M0 macrophages and M2 macrophages were more abundant in the high-risk group (Fig. 7D). ssGSEA revealed that 
the infiltration levels of B cells, CD8+ T cells, immature dendritic cells (iDCs), mast cells, neutrophils, plasmacytoid 
dendritic cells (pDCs), T helper cells, T helper 2 (Th2) cells, tumor-infiltrating lymphocytes (TILs), and regulatory T cells 
(Tregs) were greater in the low-risk group than in the high-risk group, whereas macrophage infiltration was lower in 
the low-risk group (Fig. 7E). Additionally, the immune-related functions of chemokine receptor (CCR) activity, check-
points, cytolytic activity, HLA, parainflammation, T-cell costimulation, and the type II interferon (IFN) response were 
more active in the low-risk group, whereas the type I IFN response was more active in the high-risk group (Fig. 7F). 
Higher IPS scores indicate a greater response rate to anti-CTLA4 and PD-1 antibodies, and an analysis of IPS differ-
ences revealed that low-risk breast cancer patients had higher IPS scores than did high-risk patients (Fig. 7G). These 
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Fig. 5   Prognostic analysis and construction of the nomogram. A–B Univariate and multivariate Cox regression analyses. C Construction of 
the nomogram combining risk index and clinical pathological features. D Calibration curve of the nomogram. E–G Multi-parameter ROC 
curve analysis for 1-year, 3 year, and 5 year survival. ROC receiver operating characteristic
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results indicate that low-risk breast cancer patients have greater immune cell infiltration and lower tumor purity, 
which may render them more sensitive to immunotherapy.

3.8 � Analysis of TMB and drug sensitivity

Patients with a high TMB who have not received treatment tend to have a poor prognosis. Therefore, we explored the 
somatic TMB in patients with high- and low-risk breast cancer. The mutation frequencies of PIK3CA and CDH1 were sig-
nificantly lower in the high-risk group than in the low-risk group, whereas the mutation frequencies of TP53 and TTN1 
were significantly greater in the high-risk group (Fig. 8A, B). Compared with low-risk patients, high-risk patients had a 

Fig. 6   Biological function analysis between high-risk and low-risk groups. A–B GO functional enrichment analysis and KEGG pathway 
enrichment analysis of differentially expressed genes between high-risk and low-risk groups. C GSEA analysis based on HALLMARK gene 
sets. GO gene ontology, KEGG kyoto encyclopedia of genes and genomes, BP biological process, CC cellular component, MF molecular func-
tion, GSEA gene set enrichment analysis
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greater TMB and worse OS (Fig. 8C, D). Multivariate survival analysis revealed that among breast cancer patients with 
a high TMB, those in the high-risk group had a worse prognosis, suggesting that the risk index could predict patient 
survival independently of TMB (Fig. 8E).

To further explore the impact of the risk index on breast cancer treatment efficacy, we first analyzed the Spearman 
correlation among the RNA stemness index, the DNA stemness index, and the risk index in breast cancer patients. The 
results revealed that the risk index was positively correlated with the stemness index (Fig. 8F, G). Studies have shown 
that stemness is closely related to resistance to antitumor drugs. Therefore, we analyzed the differences in antitumor 
drug sensitivity between high- and low-risk groups of breast cancer patients. The results revealed that the IC50 values 
for epirubicin, cyclophosphamide, docetaxel, paclitaxel, gemcitabine, fulvestrant, palbociclib, ribociclib, alpelisib, and 
rapamycin were lower in the low-risk group than in the high-risk group (Fig. 8H–Q), indicating that patients in the low-
risk group were more sensitive to antitumor drugs. These findings provide a reference for the clinical individualization 
of antitumor drug dosage intensity.

3.9 � Validation of model gene expression at the single‑cell level

To validate the expression of model genes in tumor tissues, expression analysis at the single-cell level was performed 
using the TISCH2 database. GSE161529 includes 52 patients, with a total of 332,168 cells. These cells were dimensionally 
reduced and clustered into 63 groups using the UMAP method and annotated into 11 cell types (Fig. 9A, B). Among them, 
malignant cells, epithelial cells, and fibroblasts were the most common cell types (Fig. 9C). Single-cell analysis revealed 
that ACSL1 was most highly expressed in monocytes/macrophages; ATP2B4, ATP7B, PIP4K2C, SRD5A3, and ULBP1 were 
predominantly expressed in malignant cells; ENPP6 was most highly expressed in fibroblasts; and HSPH1 was highly 
expressed across various cell types (Fig. 9D–K and Fig. S3).

3.10 � Interference with SRD5A3 inhibits the proliferation and migration of breast cancer cells

The multivariate Cox regression analysis used to construct the CLMG-related risk model revealed that PIP4K2C and 
SRD5A3 had large coefficient values (Fig. 3C), indicating their significant contribution to the risk index. Additionally, 
single-cell expression analysis demonstrated high expression levels of both HSPH1 and SRD5A3 in tumor cells (Fig. 9H, 
J), suggesting their potential roles in cancer. Among these, SRD5A3 was selected for further investigation due to its 
prominent coefficient value in the multivariate Cox regression analysis and its elevated expression specifically in tumor 
cells, which supports its potential as a key cancer-related gene. Pan-cancer analysis revealed that SRD5A3 mRNA was 
highly expressed in various tumor tissues, including breast cancer (Fig. 10A). In 113 paired samples of normal breast tissue 
and breast cancer tissue, SRD5A3 mRNA was significantly overexpressed in tumor tissues (Fig. 10B). An analysis of the 
Clinical Proteomic Tumor Analysis Consortium (CPTAC) database revealed that SRD5A3 protein levels were significantly 
higher in breast cancer tissues than in normal breast tissues (Fig. 10C). The AUC value for the ROC curve of the SRD5A3 
expression level in diagnosing breast cancer was 0.810, indicating high accuracy (Fig. 10D). Survival analysis revealed that 
breast cancer patients with high SRD5A3 expression had shorter OS and RFS than did those with low SRD5A3 expression 
(Fig. 10E, F). Furthermore, in vitro cell experiments demonstrated that interference with SRD5A3 in the MCF7 and MDA-
MB-231 breast cancer cell lines inhibited cell proliferation and migration (Fig. 10G-I). These results indicate that SRD5A3 
is highly expressed in breast cancer and is associated with a poor prognosis in breast cancer patients.

Fig. 7   Immune landscape analysis of breast cancer. A Spearman correlation analysis between the risk index and immune cell infiltration 
levels based on CIBERSORT algorithms. B Spearman correlation analysis between the 8 model genes and 47 immune checkpoint genes. C 
Tumor purity analysis for high-risk and low-risk breast cancer patients based on the ESTIMATE algorithm. D Immune cell infiltration abun-
dance in high-risk and low-risk breast cancer patients analyzed using the CIBERSORT method. E–F ssGSEA analysis of immune cell infiltra-
tion and immune-related functions in high-risk and low-risk breast cancer patients. G IPS analysis for high-risk and low-risk breast cancer 
patients. IPS immunophenoscores; *P < 0.05; **P < 0.01; ***P < 0.001
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4 � Discussion

In this study, 682 CLMGs were initially identified, and breast cancer patients were classified into four clusters using the 
NMF method. These four clusters presented notable differences in OS, immune cell infiltration, and stromal cell infiltra-
tion. Among them, patients in cluster 2 had the best prognosis, with high levels of CD8+ T cells and cytotoxic lymphocyte 
infiltration; cluster 2 was classified as the "immune infiltration" type. Multiple studies have demonstrated that increased 
T-cell infiltration is correlated with improved prognosis and an enhanced response to immunotherapy [40, 41]. The 
favorable prognosis observed in patients with cluster 2 may be attributed to elevated levels of T-cell infiltration. PSME1 is a 
regulatory subunit of the 20S proteasome and influences antigen processing and presentation by regulating proteasome 
activity [42]. PSME1 is highly expressed in patients with cluster 2. PSME1 may augment antigen presentation, enhance the 
effectiveness of immune cell infiltration into the tumor site, and consequently enhance antitumor activity [43]. Patients 
in cluster 3 had a poor prognosis with abundant infiltration of stromal cells, such as endothelial cells and fibroblasts, and 
were classified as the "stroma-rich" type. High stromal cell infiltration is usually associated with more aggressive tumor 
behavior. Cancer-associated fibroblasts (CAFs) promote tumor progression through the secretion of extracellular matrix 
components and diverse growth factors [44]. Stromal cells in the TME can promote angiogenesis, providing the necessary 
oxygen and nutrients to tumor cells and thereby supporting tumor growth and expansion [45]. Moreover, stromal cells 
can secrete immunosuppressive factors, hindering the infiltration and activity of immune cells and allowing tumor cells 
to evade immune surveillance [46]. Patients in cluster 1 presented a poor prognosis with low infiltration of both immune 
cells and stromal cells and were classified into the "stroma-poor and immune cold" type. These patients had a high tumor 
purity, lacked effective immune and stromal inhibition, and were often associated with increased invasiveness, increased 
risk of metastasis, and a poor prognosis. Patients in cluster 4 had an intermediate prognosis with moderate infiltration 
of immune and stromal cells and were classified as the "moderately infiltrated" type. In our analysis, the variations in the 
tumor immune microenvironment of breast cancer are delineated through the lens of CLMGs.

A risk model on the basis of CLMGs exhibited robust prognostic performance and was validated across internal valida-
tion sets (testing set and entire set) and external validation set (GSE20685 and Kaplan‒Meier Plotter sets). The risk model 
included ACSL1, ATP2B4, ATP7B, ENPP6, HSPH1, PIP4K2C, SRD5A3, and ULBP1. Breast cancer patients with elevated levels 
of ATP2B4, ATP7B, and ENPP6 exhibited favorable prognoses and were prominently expressed in the low-risk group, 
suggesting their protective role. Conversely, increased expression of ACSL1, HSPH1, PIP4K2C, SRD5A3, and ULBP1 was 
correlated with a poorer prognosis and showed significant elevations in the high-risk group, supporting their role as risk-
associated molecules. SRD5A3, a member of the steroid 5α-reductase family, plays a key role in cholesterol metabolism 
and steroid hormone synthesis. Elevated levels of SRD5A3 are associated with poorer OS in liver cancer patients [47]. The 
loss of SRD5A3 inhibits liver cancer growth [47]. Our study revealed that SRD5A3 was highly expressed in breast cancer, 
which correlated with shorter OS and RFS. Interference with SRD5A3 expression can inhibit the proliferation and migra-
tion of breast cancer cells. ROC curve analysis suggested that SRD5A3 could serve as a potential diagnostic biomarker 
for breast cancer. However, further investigation into its molecular mechanisms in breast cancer is needed.

Cuproptosis is an emerging type of programmed cell death, and studies have shown that the expression of genes 
related to cuproptosis is closely associated with the immune microenvironment of patients with tumors, including 
those with breast cancer [8–10]. Lipids not only provide bioenergy for tumor cell proliferation but also act as signaling 
molecules in various cellular activities. Lipid metabolism influences not only tumor cells but also other cells within the 
TME, particularly immune cells. Changes in lipid metabolism within the TME can produce immunosuppressive lipid 
metabolites that inhibit the antitumor immunity of immune cells. Additionally, the reorganization of lipid metabolism 
within immune cells can suppress their function, leading to immune evasion by tumor cells. Thus, we conducted an in-
depth analysis of how the CLMG-related risk index impacts the TME. CIBERSORT analysis revealed that this index was 

Fig. 8   TMB and drug sensitivity analysis. A–B Waterfall plots showing somatic gene mutations in high-risk and low-risk breast cancer 
patients. C Analysis of the differences in tumor mutational burden between high-risk and low-risk breast cancer patients. D–E Kaplan–Meier 
survival analysis of breast cancer patients based on TMB and the combination of TMB and risk index, with groups stratified using the optimal 
cutoff value. F–G Spearman correlation analysis between RNA and DNA stemness indices and the risk index. H–Q Drug sensitivity analysis 
for high-risk and low-risk breast cancer patients. TMB tumor mutational burden, OS overall survival

▸



Vol.:(0123456789)

Discover Oncology          (2025) 16:318  | https://doi.org/10.1007/s12672-025-02044-x 
	 Research



Vol:.(1234567890)

Research	  
Discover Oncology          (2025) 16:318  | https://doi.org/10.1007/s12672-025-02044-x

negatively correlated with the infiltration of CD8+ T cells and B cells but positively correlated with the infiltration of M2 
macrophages and myeloid dendritic cells. Correlation analyses revealed negative correlations between the risk index and 
the expression of most immune checkpoints. These results suggest that a higher CLMG-related risk index is associated 
with a more immunosuppressive microenvironment. We further compared immune cell infiltration between the high- 
and low-CLMG-related risk groups. ESTIMATE analysis revealed that the low-risk group had greater immune and stromal 
cell infiltration and lower tumor purity than did the high-risk group. Both CIBERSORT and ssGSEA analyses revealed that 
high-risk patients had increased infiltration of M2 macrophages and reduced infiltration of CD8+ T cells. Consistent find-
ings across multiple algorithms further underscored the role of the CLMG-related risk index in predicting immunological 
features in breast cancer patients. Immune-related functional analyses revealed that the high-risk group exhibited more 
active type I IFN responses, whereas the low-risk group showed heightened type II IFN responses. Research indicates that 
a robust preoperative type I IFN response is linked to a reduced efficacy of PD-1 antibody therapy and shorter survival 
[48]. Additionally, the type I IFN response promotes the brain metastasis of tumor cells [49]. The type II IFN response 
enhances antitumor immune reactions by upregulating MHC expression, increasing the expression of IFN-γ and TNF, 
and enhancing helper T-cell responses [50]. We also explored the response to immunotherapy in patients with differ-
ent risk indices. The results revealed that patients in the low-risk group had a greater IPS than did those in the high-risk 
group, suggesting that patients in the low-risk group had a stronger immunogenic profile and a higher response rate to 
immune checkpoint inhibitors, which is consistent with the aforementioned results. Moreover, our study demonstrated 
that the CLMG-related risk index was associated with tumor stemness, thereby predicting the sensitivity of breast cancer 
patients to antitumor drugs. Our research provides insights into the tumor immune microenvironment, immunotherapy 
response, and antitumor drug sensitivity from the perspective of CLMGs in breast cancer patients.

This study has several limitations. First, although we constructed an interaction network for cuproptosis-related and 
lipid metabolism-related genes at the transcriptome level, our exploration was limited to correlation analyses. The causal 
relationships and specific regulatory mechanisms between cuproptosis-related and lipid metabolism-related genes still 
need to be validated. Second, we developed a CLMG-related risk model using a TCGA-BRCA dataset and validated the 
model with a GEO dataset. However, the reliability of the model still lacks validation with real-world data or prospective 
cohort data. Third, we only preliminarily explored the biological function of the CLMG SRD5A3 in breast cancer; further 
investigations are needed to elucidate the specific mechanisms of this molecule.

5 � Conclusion

In summary, in this study, we identified 682 CLMGs, providing insights into the expression patterns and roles of these 
genes in breast cancer. The CLMG-related risk index can predict the overall prognosis of patients with breast cancer, 
patient response to immunotherapy, and patient sensitivity to anticancer drugs. Additionally, SRD5A3 is a potential 
therapeutic target for breast cancer patients.

Fig. 9   Single-cell transcriptomic analysis. A Dimensionality reduction and clustering of breast cancer tissue using the UMAP method from 
the TISCH2 database. B Annotation of 38 clusters into 11 different cell types. C Pie chart showing the proportions of the 11 cell types. D–K 
Validation of the expression levels of 8 model genes (ACSL1, ATP2B4, ATP7B, ENPP6, HSPH1, PIP4K2C, SRD5A3, and ULBP1) in single-cell 
transcriptomic data. UMAP uniform manifold approximation and projection
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Fig. 10   Interference with SRD5A3 inhibits cell proliferation and migration in breast cancer cells. A Differential expression analysis of SRD5A3 
between normal and tumor tissues across various cancer types in the TCGA database. B Comparison of SRD5A3 expression between 113 
pairs of normal breast tissues and breast cancer tissues in the TCGA database. C Comparison of SRD5A3 protein expression levels in normal 
breast tissues and breast cancer tissues from the CPTAC database. D ROC curve analysis of SRD5A3 expression for predicting breast cancer. 
E–F Kaplan-Meier survival analysis for OS and RFS in breast cancer patients with high and low SRD5A3 expression, stratified based on the 
optimal cutoff value from the Kaplan-Meier Plotter database. G RT-qPCR analysis of SRD5A3 interference levels in MCF7 and MDA-MB-231 
breast cancer cell lines. H MTS assay showing the effect of SRD5A3 interference on cell proliferation at 0 h, 24 h, 48 h, and 72 h in MCF7 and 
MDA-MB-231 cell lines. I Scratch assay analysis of cell migration in MCF7 and MDA-MB-231 breast cancer cell lines after SRD5A3 interfer-
ence. TCGA​ the cancer genome atlas, GTEx genotype-tissue expression, CPTAC​ clinical proteomic tumor analysis consortium, ROC receiver 
operating characteristic, OS overall survival, RFS relapse-free survival, NC negative control; The data are shown as the mean ± SD. *P < 0.05; 
**P < 0.01; ***P < 0.001
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