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Currently, breast cancer (BRCA) has become the most common cancer in the world, whose pathological mechanism is complex. Among its subtypes, triple-negative breast cancer (TNBC) has the worst prognosis. With the increasing number of diagnosed TNBC patients, the urgent need of novel biomarkers is also rising. Cyclin-dependent kinase inhibitor 2A (CDKN2A) has recently emerged as a key regulator associated with ferroptosis and cuproptosis (FAC) and has exhibited a significant effect on BRCA, but its detailed mechanism remains elusive. Herein, we conducted the first converge comprehensive landscape analysis of FAC-related gene CDKN2A in BRCA and disclosed its prognostic value in BRCA. Then, an unsupervised cluster analysis based on CDKN2A-correlated genes unveiled three subtypes, namely cold-immune subtype, IFN-γ activated subtype and FTL-dominant subtype. Subsequent analyses depicting hallmarks of tumor microenvironment (TME) among three subtypes suggested strong association between TNBC and CDKN2A. Given the fact that the most clinically heterogeneous TNBC always displayed the most severe outcomes and lacked relevant drug targets, we further explored the potential of immunotherapy for TNBC by interfering CDKN2A and constructed the CDKN2A-derived prognostic model for TNBC patients by Lasso-Cox. The 21-gene–based prognostic model showed high accuracy and was verified in external independent validation cohort. Moreover, we proposed three drugs for TNBC patients based on our model via targeting epidermal growth factor receptor. In summary, our study indicated the potential of CDKN2A as a pioneering prognostic predictor for TNBC and provided a rationale of immunotherapy for TNBC, and offered fresh perspectives and orientations for cancer treatment via inducing ferroptosis and cuproptosis to develop novel anti-cancer treatment strategies.
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Introduction

Nowadays, breast cancer (BRCA) is the worldwide leading cause of cancer incidences and the second leading cause of cancer-related death (1). Triple-negative breast cancer (TNBC), which is distinguished by the absent expression of human epidermal growth factor receptor 2 (Her2) and estrogen receptor/progesterone receptor (ER/PR), is the most invasive subtype with the highest mortality rate accounting for approximately 15% of all BRCA (2). The mortality rate is up to 40% within 5 years after the first diagnosis and distant metastasis will occur in approximately 46% of TNBC patients (3). Hence, the incidence and mortality of TNBC make it necessary to explore reliable predictive biomarkers, construct more promising prognostic models and develop novel drugs that target at the known molecular pathways.

Cyclin-dependent kinase inhibitor 2A (CDKN2A), a cyclin-dependent kinase inhibitor gene, that encodes the p16 protein involved in the regulation of cell cycle pathways, is known as a tumor suppressor (4). CDKN2A can inactivate the retinoblastoma protein by binding to and inactivating the cyclin D-cyclin-dependent kinase 4 complex (5). The expression of this gene is verified to cause cell cycle arrested in the G1 phase, inhibit cell proliferation, promote tumor cell apoptosis, and increase tumor cell chemotherapy sensitivity (6). Recent studies have pointed out that CDKN2A is correlated with ferroptosis (7) and cuproptosis (8) (FAC), which are both novel types of regulated cell death that their occurrence was ion-dependent. Ferroptosis indicates an oxidative cell death resulting from the deterioration of antioxidant function and accretion of lipid reactive oxygen species (ROS) (9). Recent attention has been brought to a brand-new cell death mode identified as cuproptosis, which indicates that the excess copper can trigger proteotoxic stress and death in cells through the combination with lipoylated components of the tricarboxylic acid (TCA) cycle (8). These ion-dependent cell death different from apoptosis, necrosis, and autophagy can contribute to a burgeoning field that promising cancer drugs are designed based on the induction of ferroptosis (10) and cuproptosis (8).

Additionally, researchers have discovered that the malfunctioning of CDKN2A in BRCA has promoted the discovery of many CDK inhibitors (11). The role of CDKN2A in BRCA cannot be ignored and needs further investigations. However, the investigations about the role of CDKN2A in BRCA are limited, we are thereby unable to comprehensively elaborate the biological function of CDKN2A. Hence, we conducted the first converge comprehensive landscape analysis of FAC-related gene CDKN2A in BRCA, including expression, prognostic values, DNA methylation, tumor microenvironment (TME) analysis, and drug sensitivity of CDKN2A in BRCA. Immediately afterward, unsupervised cluster analysis revealed the difference in immunological analysis and FAC status of CDKN2A-associated genes among 3 groups, namely cold-immune subtype, IFN-γ activated subtype, and FTL-dominant subtype, groundbreakingly laying a foundation for the application of immunotherapy and FAC regulators in BRCA. Given the strong association between TNBC and CDKN2A, as well as the fact that the most clinically heterogeneous TNBC always displayed the most severe outcomes and lacked relevant drug targets, we further explored the potential of immunotherapy for TNBC by regulating CDKN2A and constructed the CDKN2A-derived prognostic model for TNBC patients by machine learning, aiming to predict the prognosis of TNBC patients and provide the guidance on their long-term disease outlook and design of treatment strategies.



Materials and methods


Data collection

BRCA data was downloaded from the UCSC Xena data mining platform (http://xena.ucsc.edu/), which included the messenger RNA (mRNA) expression matrix from The Cancer Genome Atlas (TCGA), as well as the clinical information of 33 cancer types. Gene expression profile of BRCA patients and their corresponding clinical information were obtained. Specimens without survival information were excluded during this study and FPKM values of RNA-Seq were log2 transformed. In total, 1072 BRCA patients and included 185 TNBC samples were retained for subsequent analysis.

We extracted and exhibited detailed clinical information of 1072 BRCA patients as shown in Table 1: age, sex, pathological stage, estrogen receptor (ER) status, progesterone receptor (PR) status, human epidermal growth factor 2 (HER2) status, T/N/M stage, and adjuvant chemotherapies. Additionally, gene expression array GSE58812 containing 107 TNBC patients and their corresponding clinical data was retrieved from the Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/) to externally validate the CDKN2A-derived prognostic model constructed in our study. Gene expression array GSE173839 containing clinical information of 100 BRCA patients was used to evaluate the status of immunotherapy response between high and low CDKN2A expression groups in TNBC patients.


Table 1 | Clinical pathological characteristics of extracted BRCA patients.





Landscape analysis of CDKN2A in BRCA

To comprehensively investigate the biological role of CDKN2A in BRCA, we started with the pan-cancer analysis of the CDKN2A expressions via Tumor Immune Estimation Resource (TIMER) (https://cistrome.shinyapps.io/timer/) database (12). Then, the expression levels of CDKN2A in BRCA, as well as normal tissues were validated in Gene expression profiling interactive analysis (GEPIA) (http://gepia.cancer-pku.cn/) sequencing expression (13). Subsequently, Human Protein Atlas (HPA) (https://www.proteinatlas.org/) provided the immunohistochemical images of CDKN2A expression in BRCA samples (14). To further explore the biological role of CDKN2A in BRCA, UALCAN (http://ualcan.path.uab.edu/index.html) (15) and MEXPRESS (http://mexpress.be) (16) were utilized to analyze the DNA promoter methylation status of CDKN2A in BRCA and the effects of methylation of CDKN2A on clinical stages in BRCA. Besides, cBio Cancer Genomics Portal (cBioPortal) (http://cbioportal.org/) and Catalogue of Somatic Mutations In Cancer (COSMIC) (https://cancer.sanger.ac.uk) were conducted to analyze the mutation status of CDKN2A in BRCA (17, 18). TIMER and Tumor and Immune System Interaction Database (TISIDB) (http://cis.hku.hk/TISIDB) database (19) were used to comprehensively explore the relationship between CDKN2A expression and immune infiltration. Moreover, CellMiner (20) was performed to evaluate the relationship between CDKN2A and drug sensitivity, looking for the targeted therapies for BRCA patients.



Unsupervised clustering of CDKN2A-associated differentially expressed genes

Based on the integration of CDKN2A strongly associated genes and differential genes, we used the R package “ConsensusClusterPlus” (https://bioconductor.org/packages/ConsensusClusterPlus/), to perform an unsupervised cluster analysis. After 1,000 iterations of the consensus clustering algorithm, the number of optimal clusters was confirmed according to the Item-Consensus plot, cumulative distribution function curves, and the k-means clustering algorithm. Three unsupervised clusters (cold-immune cluster, IFN-γ activated cluster, and FTL-dominant cluster) were selected for subsequent analysis.



Profiling analysis of tumor microenvironment

As a generic computational method of calculating cell fractions from gene expression data, Cell-type Identification By Estimating Relative Subsets Of RNA Transcripts (CIBERSORT) (21), was separately used to analyze the proportions of 22 infiltrating immune cells in high and low CDKN2A expression groups in BRCA, as well as between 3 groups from the unsupervised cluster. The ESTIMATE approach calculated the stromal, immune, and ESTIMATE scores of three groups, predicting the level of stromal cells and infiltrating immune, which constructed the basis of tumor purity (22). The immunotherapy-related pathways, immune checkpoints, and 122 immunomodulators, including chemokines, receptors, MHCs, and immune stimulators were obtained from previous studies (23–25). Single-Sample Gene Set Enrichment Analysis (ssGSEA) was performed to derive the enrichment score of all steps via the R package “GSVA” (26).



Evaluation of immunotherapy response sensitivity in TNBC patients with different CDKN2A expression

Immunophenoscore (IPS) is a generic machine learning-based algorithm for quantifying tumor immunogenicity, which is measured grounded in the gene expression of representative cell types, including immunomodulators, immunosuppressive cells, MHC molecules, and effector cells (27). The IPS from The Cancer Immunome Atlas (TCIA) (https://tcia.at/) was calculated in the high and low CDKN2A expression groups in TNBC patients. In general, the higher IPS indicates a better immunotherapy response. Subsequently, to further predict the sensitivity to immunotherapy response, GSE173839 was used to evaluate the status of immunotherapy response between high and low CDKN2A expression subpopulations in TNBC patients.



Exploration of functional annotation of CDKN2A-associated genes

Gene Ontology (GO) and Kyoto Encyclopedia of Genes, Genomes (KEGG) functional enrichment analysis confirmed the functions of CDKN2A-associated genes via the R language “cluster Profiler” package (https://guangchuangyu.github.io/software/clusterProfiler/). Additionally, gene sets “h.all.v7.5.1.symbols.gmt” were obtained from Molecular Signatures Database (MSigDB) (https://software.broadinstitute.org/gsea/downloads.jsp) and were used for calculations of 50 hallmark tumor-related pathways. Moreover, oxidative stress caused by the accumulation of lethal ROS is the recognized process of ferroptosis. But, due to the definition of cuproptosis being relatively avant-garde, the controversy of whether cuproptosis is a form of cell death independent of other cell death modes or not still exists. Therefore, based on the GO enrichment analysis and previous studies, we collected 7 pathways implicated in ferroptosis and cuproptosis via literature retrieval and vicariously evaluated their activities in BRCA by ssGSEA analysis, including fatty acids degradation (28), inflammatory response (29), oxidative stress (9), positive regulation of MAPK cascade (30), regulation of mitochondrial membrane potential (9), TCA cycle (8) and VEGF signaling pathway (31). Moreover, Metascape (32) was used to analyze the functional annotation of 413 survival-related differentially expressed genes (SDEGs), aiming to reveal the biological mechanism of the influence of CDKN2A on the survival status of TNBC patients. Besides, Search Tool for the Retrieval of Interacting Genes (STRING) (https://string-db.org/) database (33) was utilized to gather and construct data about protein-protein interaction (PPI) of CDKN2A and genes constructing the model.



Weighted gene co-expression network analysis based on RNA-seq data

After deleting the outliers in the gene expression matrix, the TCGA-A7-A0DC-01A sample and the TCGA-A2-A3XV-01A sample were expelled. Based on a scale-free topology with R2 = 0.85, the adjacency matrix was defined by using soft thresholding with power β =6, to identify and build the different co-expression gene modules in BRCA samples. Then, the CDKN2A-derived genes were clustered based on a topological overlap matrix (TOM)-based dissimilarity measure, and the cluster dendrogram of all these genes was constructed by R package “WGCNA” (34). Every identified co-expression module was labeled with a different color. Then, we conducted principal component analysis (PCA) of each module, extracted and summarized the gene co-expression based on the eigengene external traits that included TNBC and the status of ferroptosis and cuproptosis (substituted by the scores of oxidative stress, regulation of mitochondrial membrane potential and TCA cycle). We further calculated the correlation between each eigengene external trait and each module with the biweight midcorrelation (bicor) that could offer robust correlations with minor weight given to outlier measures (35, 36). Subsequently, we selected genes in modules that possessed the strongest relationship with TNBC and FAC as the input for the Least Absolute Shrinkage and Selection Operator (LASSO) regression analysis.



Construction and validation of the CDKN2A-derived prediction model

Based on the genes from WGCNA, we sequentially developed univariate Cox, LASSO regression via the R package “glmnet” to construct the CDKN2A-derived prognostic model (37). The risk score was calculated via the following formula:

	

The Coefi represented the risk coefficients of each gene weighted by LASSO-Cox model, and expi indicated the expression of each gene in our study. Then, the Kaplan–Meier survival analysis was developed to evaluate the difference in survival between low and high risk-score groups through R package “survival”. Subsequently, we used the time-dependent receiver operating characteristic (ROC) curve to appraise the performance of the CDKN2A-derived model. Further, to test whether risk score could be an independent prognostic predictor of TNBC patients, univariate Cox and multivariate Cox regression analyses were conducted with risk score, sex, age, metastasis status, tumor stage and pathological status as variables. Ultimately, external validation of the CDKN2A-derived prognostic model was performed via the clinical data of 107 TNBC patients contained in GSE58812.



Potential drug prediction based on the CDKN2A-derived model

Drug sensitivity data of diverse cell lines and corresponding gene-expression data from three databases were used to perform the drug sensitivity analysis based on the CDKN2A-derived signature, including GDSC (Genomics of Drug Sensitivity in Cancer), PRISM (Profiling Relative Inhibition Simultaneously in Mixtures) and CTRP (Cancer Therapeutics Response Portal) (38) (39). AUC values functioned as a measure of drug sensitivity and drugs with missing AUC values more than 80% were excluded. Based on the different drug reactions of high and low groups, drugs with Padj value less than 0.05 were screened out. The compound overlapping in the outcomes of PRISM, CTRP, and GDSC analyses may serve as a potential treatment for the certain subpopulation.



Statistical analysis

Correlations were analyzed via Pearson correlation except for the part of WGCNA using bicor. Statistical analyses were conducted using Kruskal–Wallis, Wilcoxon, chi-square test, and Tuckey’s honestly significant difference and differences were considered significant at P value < 0.05.




Results


Landscape analysis of CDKN2A hints at prognostic value and its association with drug sensitivity in BRCA

Figure 1 illustrates the flow chart of the present study. In the comparisons of multiple cancers with corresponding normal tissues, CDKN2A exhibited a significant overexpression in bladder urothelial carcinoma (BLCA), BRCA, cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), head and neck cancer (HNSC), kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), prostate adenocarcinoma (PRAD), rectum adenocarcinoma (READ), stomach adenocarcinoma (STAD), thyroid carcinoma (THCA), and uterine corpus endometrial carcinoma (UCEC) (Figure 2A). GEPIA database was used to further confirm that CDKN2A was notably upregulated in BRCA (Figure 2B). Immunohistochemistry outcomes from the HPA database illustrated that the protein level of CDKN2A was significantly increased in BRCA tissue (Figure 2C). As a fundamental constituent element of epigenetics, DNA methylation modification plays a vital role in silencing the expressions of methylated genes. Our data indicated that CDKN2A was notably hypermethylated in BRCA (Figure 2D), especially in the luminal subtype and TNBC subtype (Supplementary Figure S1C). BRCA patients with CDKN2A hypermethylation possessed a relatively undesirable clinical outcome (P = 0.0527833983) (Supplementary Figure S1D), which needs further investigations. Additionally, the hypermethylation of CDKN2A was positively correlated with the tumor progression, verifying that CDKN2A may be a crucial impact factor in the stage and grade of BRCA (Supplementary Figures S1A, B). Besides, the COSMIC database was conducted to evaluate the mutation type of CDKN2A. (Supplementary Figures S2C, D). Missense substitutions notably occupied the largest portion, accounting for 38.59%. Next, nonsense substitutions occurred in 30.54%. Frameshift deletions occupied 9.81% of the samples and frameshift insertions occupied 6.40% of the samples. Moreover, our results indicated that the substitution mutations chiefly occurred at C > T (44.24%), G > A (20.45%), G > T (14.91%), and C > A (5.5%). Additionally, cBioPortal database revealed that the mutation frequency of CDKN2A in BRCA was 0.5% and the mutation of CDKN2A had no effects on the prognosis of BRCA patients (P > 0.05) (Supplementary Figures S2A, B).




Figure 1 | The flow chart of our study.






Figure 2 | The landscape analysis of overexpressed CDKN2A in BRCA. (A) The difference in expression of CDKN2A between various malignant cancer types from the cancer genome map (TCGA) database across TIMER database. CDKN2A was upregulated in bladder urothelial Carcinoma (BLCA), breast invasive carcinoma (BRCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), head and neck squamous cell carcinoma (HNSC), kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), Prostate adenocarcinoma (PRAD), Rectum adenocarcinoma (PEAD), Stomach adenocarcinoma (STAD), Thyroid carcinoma (THCA) and Uterine Corpus Endometrial Carcinoma (UCEC). (*P < 0.05. **P < 0.01. ***P < 0.001). (B) CDKN2A was significantly upregulated in BRCA by GEPIA database. (C) Representative immunohistochemical images of CDKN2A in BRCA tissues. (D) Promoter methylation levels of CDKN2A in normal tissues and primary BRCA tissues in the UALCAN database. (E) The Kaplan-Meier curves of OS for low and high expression of BRCA patients. (F) The prognostic values of CDKN2A in different BRCA subtypes. (G) Scatter plots depict the relationship between CDKN2A expression and drug sensitivity in BRCA. (H) Comparison of infiltration of immune cells between high and low CDKN2A expression groups in BRCA. (I) Comparison of immune checkpoints expression between high and low CDKN2A expression groups in BRCA. The P values of the figure are shown as follows: *P < 0.05. **P < 0.01. ***P < 0.001. ns (not significiant, P > 0.05).



To further explore the molecular characteristics of CDKN2A in BRCA, we performed the relationship between CDKN2A and tumor-infiltrating immune cells using the CIBERSORT algorithm. Our results demonstrated that BRCA patients with high expression of CDKN2A exhibited an increased infiltration level of most immune cells in BRCA, including activated dendritic cells, M0 macrophages, activated NK cells, activated memory CD4 + T cells, CD8 + T cells, follicular helper T cells, and regulatory T cells (Figure 2H). Moreover, the expression of CDKN2A was positively associated the expression of multiple immune checkpoints, including CTLA4, PDCD1, PVR, TIGIT, and so on in BRCA (Figure 2I). Our data from Timer 2.0 and TISIDB database also indicated that CDKN2A expression could significantly affect the immune infiltration status and immune microenvironment of BRCA. The expression of CDKN2A was respectively correlated with the infiltration abundances of macrophages in basal-like BRCA, myeloid dendritic cells and CD8+ T cells in luminal A (Supplementary Figure S3A). Besides, CDKN2A expression was also correlated with CCL5, CCL7, CCL8, CXCL16, etc (Supplementary Figure S3B).

Survival analysis was further indicative that BRCA patients with high expression of CDKN2A had better overall survival (OS) than those with low CDKN2A expression (Figure 2E). The prognostic values of CDKN2A expression in different subtypes of BRCA also presented a significant differentiation (Figure 2F). The genetic alterations caused by the heterogeneity of BRCA may also affect the responses to target agents (40). Improved reliable biomarkers for targeted treatment are needed. Consequently, the relationship between CDKN2A expression and drug sensitivity was conducted, exploring the clinical roles of CDKN2A. Our data indicated that the expression of CDKN2A was positively connected with sensitivity to acetalax (Figure 2G). Otherwise, CDKN2A presented a negative correlation to sensitivity to mitoxantrone, O-6-Benzylguanine, bleomycin, valrubicin, and mitomycin. In conclusion, CDKN2A has the potential of being a predictive marker of the aforementioned agents.



Characterizations of CDKN2A-mediated genes reveal linkage of CDKN2A to TME and prognostic value in TNBC

To depict the crosstalk between CDKN2A and TME in BRCA, two strategies were initially proposed to detect CDKN2A-medicated genes. Concretely, 737 CDKN2A-correlated genes were obtained using Pearson correlation analysis (|corrcoef| > 0.4). Then we divided 1072 TCGA-BRCA patients into four quartiles ranked by their expression of CDKN2A and identified 228 differentially expressed genes (DEGs) between the two quartiles groups with the highest and lowest expression (|logFC| > 1, adjust P < 0.05). Combined with 737 CDKN2A-correlated genes, a total of 885 CDKN2A-mediated genes were figured out. Subsequent functional analysis indicated that these genes might involve in mitotic cell cycle phase transition, double-strand break repair via break-induced replication, DNA replication, positive regulation of ubiquitin protein ligase activity, etc (Figure 3A, Supplementary Figure S4A). Afterwards, an unsupervised cluster analysis was conducted based on CDKN2A-medicated genes via R package “ConsensusClusterPlus”. As a result, 1072 BRCA patients were divided into 3 subgroups with optimal stability of the classification. Through CIRBERSORT analysis, Subgroup 1 was closely associated with an increased infiltration of resting dendritic cells, M2 Macrophages, resting mast cells, eosinophils, monocytes, and resting memory CD4+T cells (Figure 3C), equivalent to the phenotype with immunosuppressive characteristic (41), which, thereby, was defined as cold-immune subtype. Similarly, subgroup 2 was defined as IFN-γ activated subtype due to its elevated infiltration of M0 and M1 Macrophages, activated dendritic cell, CD8 T cells, follicular helper T cells and activated memory CD4+T cells (Figure 3C), which correspond to the active-immune phenotype (42, 43). Subtype 3 was characterized by the highest expression of FTL, namely FTL-dominant subtype. Also, three subgroups were found to present the conspicuous discrepancy of expression differences of immune checkpoints genes (Figure 3D). In particular, IFN-γ activated subtype exhibited an elevated expression level of multiple immune checkpoints, including CD274, CTLA4, PDCD1, PVR, TIGIT and VTCN1, etc. Moreover, IFN-γ activated subtype correlated the relatively highest scores of certain immunotherapy-related pathways, especially in IFN-γ pathway (Supplementary Figure S4B), which was another reason for naming it. Furthermore, the heatmap depicted each BRCA patient with a corresponding enrichment of 122 immunomodulators among three groups, including chemokines, receptors, MHCs and immune stimulators (Figure 3B). As demonstrated in the chart, cold-immune subtype could be insinuated as an immunologically “cold” phenotype. Notably, IFN-γ activated subtype relatively possessed the highest immune activity. These findings were consistent with results of ESTIMATE analysis (Figure 3F).




Figure 3 | The immunological and functional analysis of CDKN2A among 3 groups from unsupervised clustering in BRCA. (A) The GO enrichment analysis revealed the function of CDKN2A-mediated genes. (B) The heatmap depicted each BRCA patient with a difference of a corresponding enrichment of 122 immunomodulators. (C) Comparison of infiltration of immune cells between 3 groups. (D) Comparison of immune checkpoints expression between 3 groups in BRCA. (E) Comparison of 50 tumor-related pathways between 3 groups in BRCA. (F) Comparison of estimate score, immune score, stromal score, and tumor purity between 3 groups in BRCA. (G) Comparison of scores of ferroptosis and cuproptosis between 3 groups in BRCA. The P values of the figure are shown as follows: *P < 0.05. **P < 0.01. ***P < 0.001. ns (not significiant, P > 0.05).



Notably, IFN-γ activated cluster was significantly associated with numerous pathways, such as MYC targets, inflammatory response, IL6/JAK/STAT3 signaling pathway and IFN-γ response, which was consistent with our way of naming it (Figure 3E). Since CDKN2A is the ferroptosis and cuproptosis-related gene, we collected seven pathways implicated in ferroptosis and cuproptosis via literature retrieval and outcomes of GO enrichment analysis, aiming to vicariously evaluate their activities in patients with BRCA by ssGSEA. The results demonstrated that ssGSEA scores of those FAC-related pathways significantly differed among three subgroups (Figure 3G). Notably, the FTL-dominant subtype possessed the relatively highest scores of oxidative stress, demonstrating its elevated activity in ferroptosis.

Next, we investigated the correlation between molecular subtyping, immunological subtyping, and our unsupervised subtyping in BRCA. Unexpectedly, we found that the majority of patients (approximately 98.4%) of basal-like subtype were part of IFN-γ activated subtype (Figure 4A). More subtly, IFN-γ activated subtype chiefly belonged to the C2 subtype that was dominated by IFN-γ (Figures 4B, C). Our results also demonstrated that CDKN2A more significantly overexpressed in TNBC patients than non-TNBC patients (Supplementary Figure S5A). Notably, our analysis demonstrated the CDKN2A expression was relatively the highest in our S2 subtype (Figure 4D), which suggested the close correlation between CDKN2A and TNBC (basal-like) subtype. This point was supported by subsequent survival analysis, which indicated that TNBC patients with low expression of CDKN2A exhibited an undesirable clinical outcome (Figure 4E). Moreover, CDKN2A also exhibited four methylation sites with statistical significance among the molecular subtypes (Figure 4H). Subsequently, we aimed at exploring the underlying biological mechanism behind the survival difference between the two groups through difference analysis and function annotation analysis. We further identified 413 survival-related differentially expressed genes (SDEGs) between two groups with high and low CDKN2A expression in TNBC based on the best cut results of survival analysis (|logfc| > 0.5, adjust P < 0.05). Our results showed that there were 294 up-regulated SDEGs in high CDKN2A expression groups, which were associated with the positive regulation of transforming growth factor beta receptor signaling pathway, cellular response to metal ion, regulation of actin cytoskeleton, signaling by Rho GTPases, Miro GTPases and RHOBTb3, etc (Figure 4G). And 119 down-regulated SDEGs indicated in low CDKN2A expression group correlated with the regulation of production of molecular mediator of the immune response, mitochondrion organization and cytokine signaling in the immune system, etc (Figure 4G). The above enriched functional pathways may be the reason for the significant difference in survival between the two groups of TNBC patients. Further, we tried to explore the potential interplay between CDKN2A and TME implicated in TNBC. The IPS score was used to assess the impact of CDKN2A expression on TNBC immunity. The results showed that the low CDKN2A expression was positively correlated with the decreased IPS (Figure 4F), which indicates that low expression of CDKN2A might be unresponsible for immunotherapy, probably linking to inhibition of T cell infiltration and suppression of immunogenicity (Supplementary Figure S5B). GSE173839 further effectively verified that high expression of CDKN2A had a better immunotherapy response (Figures 4I, J). Taken together, our analyses suggested that CDKN2A might influence the progression and prognosis of TNBC and affect the effectiveness of immunotherapy in TNBC through TME, implying the potential of CDKN2A as a pioneering prognostic predictor for TNBC.




Figure 4 | The linkage of CDKN2A to immunotherapy and TNBC. (A) The correlation between molecular subtypes, immunological subtypes, and our unsupervised subtypes in BRCA. (B) The relationship between CDKN2A expression and immunological subtypes of BRCA. (C) The relationship between CDKN2A expression and molecular subtypes of BRCA. (D) The comparison between CDKN2A expression and unsupervised subtypes of BRCA. (E) The survival value of CDKN2A in TNBC. (F) The comparison between IPS score and high and low CDKN2A expression subpopulations in TNBC. (G) The function annotation analysis of up-regulated and down-regulated SDEGs in high and low CDKN2A expression subpopulations. (H) The comparison between methylation status of CDKN2A and molecular subtypes of BRCA. (I, J) The correlation between immunotherapy response status and CDKN2A expression in TNBC via chi-square test. The P values of the figure are shown as follows: *P < 0.05. **P < 0.01. ***P < 0.001.





The CDKN2A-derived prognostic model by machine learning for TNBC patients

To further explore the relationship between CDKN2A, FAC, and TNBC, on the basis of TCGA-BRCA cohort, a co-expression network and modules of differentially expressed CDKN2A-derived genes were constructed via the WGCNA. Overall, the brown and green module had the strongest correlation with TNBC via the Kruskal-Wallis test and Tuckey’s honestly significant difference, and simultaneously possessed the most outstanding connection with the FAC activity (Figure 5A). A total of 1,924 CDKN2A-derived genes in these two modules were selected for further study. Subsequently, the univariate Cox regression analysis was conducted to gain 106 genes associated with prognosis (Table 2). Then, LASSO regression further screened out 21 prognostic genes for constructing the risk predictive model (Table 3, Figure 5B). On the foundation of 21 genes, the formula of risk scores is as follows:

	




Figure 5 | The construction of CDKN2A-derived prognostic model of TNBC. (A) The relationships between each module and ER status, HER status, PR status, BRCA subtypes, oxidative stress, regulation of mitochondrial membrane potential and TCA cycle. (B) 21 modeling genes determined by lasso algorithm. (C) The ROC curves and AUC value of CDKN2A-derived model.




Table 2 | The 106 prognostic genes obtained by the univariate Cox regression analysis.




Table 3 | The 21 prognostic genes for constructing the risk predictive model.



The AUC was 0.867 and the survival analysis indicated that TNBC patients with a high-risk score possessed a prognosis with misery than those with a low-risk score (P < 0.0001) (Figures 5C, 6A, B). Additionally, univariate and multivariate Cox regression analyses were both used to assess whether the 21 CDKN2A-derived genes signature was an independent prognostic factor for other features, including age, sex, metastasis status, tumor stage, and so on. As the forest plots shown, univariate and multivariate Cox regression analyses both indicated that risk score, age, sex, metastasis status, tumor stage, and pathological status were the independent prognostic factors (Figures 6C, D). All results indicated that the 21 CDKN2A-derived genes signature was an independent prognostic factor for TNBC patients.




Figure 6 | Assessment of the independent prognostic value and validation of CDKN2A-derived prognostic model of TNBC. (A) The correlation between OS status and risk score. (B) The survival curve of high and low risk score in TNBC. (C) Univariate Cox regression analysis of CDKN2A-derived prognostic model. (D) Multivariate Cox regression analysis of CDKN2A-derived prognostic model. (E) The survival curve verified by the external validation set. (F) The time-dependent ROC curve and AUC values respectively at 1.5 years, 3 years, 4.5 years, and 6 years verified by an external validation set.



To further assess the robustness of the CDKN2A-derived genomic model, an independent GEO dataset was used for validation. Reassembly, our scoring system indicated that TNBC patients in the low-risk subgroup had better survival than those in the high-risk subgroup (P = 0.013) (Figure 6E). The AUC for OS was 0.874 at 1.5 years, 0.577 at 3 months, 0.622 at 4.5 years, and 0.617 at 6 years in the GSE58812 cohort (Figure 6F).

Moreover, 46 TNBC-specific differentially expressed genes (TDEGs) were screened by two subpopulations comparison in TCGA training data, and then the enrichment analysis of TDEGs was conducted. GO functional annotations described those TDEGs mainly involved in response to interferon-gamma, virus receptor binding, several chemokines receptor binding, and so on (Supplementary Figure S6A). The analysis of the KEGG pathway revealed enrichment of COVID-19, pertussis, Kaposi sarcoma-associated herpesvirus infection, IL-17 signaling pathway, staphylococcus aureus infection, and so on (Supplementary Figure S6B). Additionally, our PPI network also exhibited the correlation between CDKN2A and the genes constructing the model (Supplementary Figure S6C).



Potential therapeutic agents for TNBC patients based on the CDKN2A-derived model

Profiles of gene expression and drug sensitivity were obtained from the PRISM, CTRP, and GDSC dataset, which was used to build the predictive signature of drug response for TNBC. We obtained a total of 1995 drugs from the three databases, as well as 12 compounds shared among 3 datasets (Figure 7A). After removing the drugs whose missing AUC value exceeded 80% and was regarded as NA value, we obtained 174 drugs and 270 cell lines in GDSC, 355 drugs and 638 cell lines in CTRP, as well as 1444 drugs and 462 cell lines in PRISM. The procedure in detail is shown in (Figure 7B). We separated the TNBC patients into high and low risk-score subpopulations pursuant to the CDKN2A-derived prognostic model. The difference in AUC estimates of lapatinib was compared via the Wilcoxon rank-sum test. Our data demonstrated that the high risk-score group had higher AUC estimates (Figure 7C). After confirming the reliability of the calculation method, we made some modifications to the analysis of Yang et al. (44). In our study, we started with the differential drug response analysis between low risk-score group and high risk-score group by the median split. Next, agents with correlation coefficients (P < 0.05) were identified according to Pearson rank correlation analysis between the risk-score of the CDKN2A-derived model and AUC values. Three overlapping drugs were eventually found in these three databases, including afatinib, erlotinib and lapatinib (Figures 7D–F). Then, we analyzed the target gene expression difference of three mentioned-above potential drugs between high risk-score and low risk-score subpopulations. Notably, EGFR is the co-target gene of the three candidate drugs. The expression level of EGFR was significantly upregulated in the low risk-score subpopulation (Figure 7G). In summary, our outcomes indicated that afatinib, erlotinib and lapatinib could be designated as the potential drugs for low risk-score TNBC patients by targeting EGFR.




Figure 7 | The exploration of potential targeted drugs based on the CDKN2A-derived model for TNBC patients. (A) The shared drug between PRISM, GDSC and CTRP. (B) The flow chart of exploring potential therapeutic agents. (C) The AUC of lapatinib in high and low risk score subpopulations of TNBC patients. (D–F) The AUC of three selected drugs in high and low risk score subpopulations of TNBC patients. (G) The relationship between AUC values and targets of three drugs. The P values of the figure are shown as follows: *P < 0.05. **P < 0.01. ***P < 0.001.






Discussion

The rapidly increasing number of diagnosed BRCA patients results in the urgent need for new biomarkers that can elucidate breast carcinogenesis and predict the immune prognosis (45). In view of problems, such as small sample size, multiple BRCA subtypes, and complex mechanisms of BRCA, previous studies disputed that heterogeneity existed in the expression of CDKN2A in BRCA (46–48) and did not obtain the final verdict of CDKN2A’s effects on BRCA.

The landscape analysis based on the multiple data indicated that CDKN2A had an overexpression and critical values of prognosis in BRCA, hinting at its clinical property as a prognostic biomarker. Additionally, its upregulation was strikingly correlated to DNA hypermethylation. Genetic and epigenetic alterations are both involved in the procession of breast carcinogenesis. The promoter hypermethylation level is commonly associated with transcriptional gene silencing (49). Our results were indicative that DNA hypermethylation of CDKN2A promoted breast carcinogenesis and had a significant association with subtypes of BRCA. Especially in the Luminal and TNBC subtypes, the hypermethylation of CDKN2A was more significant (P < 0.05). Lubecka et al. (50) indicated that the administration of sulforaphane and clofarabine could inhibit the tumor cell growth in breast tissues via reactivating methylation-silenced CDKN2A. Thus, inhibiting the hypermethylation levels of CDKN2A could be a potential therapeutic method of BRCA, especially for patients with Luminal and TNBC subtypes. In view of the uncommon phenomenon that CDKN2A showed hypermethylation in BRCA but exhibited high expression, we searched more literatures. Smith et al. (51) reviewed several cases about promoter DNA hypermethylation promoting target gene transcription and they postulated a context-dependent model whereby epigenetic contributions to transcriptional regulation occur in a more complex and dynamic manner, which needs further investigation. The analysis of CDKN2A and drug sensitivity in BRCA expanded clinical applications of CDKN2A. A case-control study (52) indicated the risk of BRCA had a 1.82-fold increase in women with high sensitivity to bleomycin, which reversely confirms our results that CDKN2A upregulation could reduce sensitivity to bleomycin, resulting in a positive prognosis. Herein, regulating the expression of CDKN2A might alter the drug sensitivity and affect the therapeutic results.

As numerous evidence robustly supported, the overload of copper is thought to induce neurotoxicity in neurodegenerative disorders (Parkinson’s disease and Alzheimer’s disease) and hepatocerebral (Wilson’s disease) over several decades (53). However, the previous regulation of ferroptosis to trigger tumor cell death (54) gave us inspiring hints that it is highly viable to regulate the certain copper levels in a suitable concentration to induce the cuproptosis and tumor cell death (55). Ferroptosis indicates an oxidative cell death resulting from the deterioration of antioxidant function and accretion of lipid reactive oxygen species (9). Excess copper can trigger proteotoxic stress and death in cells through the combination with lipoylated components of the tricarboxylic acid (TCA) cycle (8). The stimulation of inflammatory conditions will lead to elevated serum copper levels and trigger oxidative stress, thereby activating the inflammatory response (56). In reverse, inflammation could also accelerate the cytotoxicity mediated by copper via overexpressing six-transmembrane epithelial antigens of prostate 4 (STEAP4) (29). Disulfiram/copper was investigated to induce cytotoxic and anti-tumor effects on nasopharyngeal carcinoma cells through p53-mediated ferroptosis and ROS/MAPK pathways (30). Fatty acids degradation can tremendously alter the microbial sensitivity to copper, thus induce copper toxicity (28). Copper also could trigger the expression of GPER, VEGF, and HIF-1α via activating EGFR/ERK/c-fos transduction pathway, affecting the angiogenesis and tumor progression in BRCA and LIHC (31). Our study groundbreakingly and vicariously evaluated the activities of ferroptosis and cuproptosis for patients with BRCA based on the seven above-mentioned pathways. Our three subtypes obtained from unsupervised cluster analysis not only exhibited distinct activities in multiple tumor-related pathways but also had critical significance in scores of FAC. Ke et al. (57) indicated that FTL could function as a prognostic and diagnostic ferroptosis regulator in hepatocellular carcinoma via random forest analysis, which was consistent with our results that the FTL-dominant cluster possessed a strong connection with ferroptosis. Their resemble conclusion that higher infiltrating immune cells, including Gamma delta T cells and activated CD8+ T cells, emerged in the high FTL expression group, was also confirmed in our study. Hence, regulating pathways involved in CDKN2A-associated genes or designing novel metal-based anticancer agents to induce ferroptosis and cuproptosis may guide us to develop new anti-cancer treatment strategies for BRCA, especially for the patients in the FTL-dominant subtype.

As previous studies reported, the dynamical characteristics of the TME, chemokines, immune checkpoints, and tumor immune infiltration have a clear underlying role in tumorigenesis and progression (58, 59). Surgery, endocrine therapy, and chemotherapy remain the fundamental cornerstones of BRCA, nevertheless, immunotherapy has gradually become one of the neoadjuvant combination therapy strategies (60). Our further analysis proved that CDKN2A overexpression was correlated to the increased immune cells, enhanced immune checkpoints, and elevated chemokines, indicating that CDKN2A might be applied as a potential immunotherapeutic therapy. The profile from CIBERTSORT in our unsupervised groups is highly in line with current studies on immune cell infiltration. Group 1, namely the “cold immune subtype”, showed relatively high levels of naïve B cells, resting memory CD4+ T, and M2 macrophages. Gunderson et al. (22) reported that patients with overexpression of naïve B cells had a sign of misery prognosis, verifying its carcinogenic effect. The higher ratio of resting memory CD4+ T cells in our cold immune subtype was consistent with the hints that resting memory CD4+ T cells predicted an undesirable clinical outcome (61). As an anti-inflammatory and pro-tumor factor, M2 macrophage, was widely recognized as a promoter of metastatic progression and poor prognosis in BRCA (62). However, Spear et al. demonstrated that the infiltration of memory B cells could serve as an immunostimulatory factor and supported the adaptive antitumor immunotherapy (63), which was consistent with our analyses of INF-γ activated subtype. As was mentioned above, our unsupervised groups were correlated with the TME and gave us potential immune therapeutic opportunities by respectively modulating corresponding immune cells in each group.

Additionally, our results from unsupervised clusters analysis were consistent with prior investigations that TNBC was more likely to harbor immunogenicity and more suitable for immunotherapy than other molecular subtypes (64). Moreover, current clinical investigations are paying attention to making non-responders convert to responders or deepening those occurred responses. The previous study reported that the loss of CDKN2A significantly made non-small cell lung cancer patients experience disease progression after immune checkpoint blockade therapy (65). Horn et al. also demonstrated that the frequent loss of the CDKN2A could trigger the susceptibility to IFN-γ resistance via JAK2 gene deletion in melanoma (66), which was in line with our conclusion that high expression of CDKN2A potentially benefited from immunotherapy. However, the immunotherapy response of CDKN2A in TNBC has not been reported. Our IPS and verification of external BRCA cohorts (GSE173839) comprehensively suggested that the expression of CDKN2A could modulate the response to immunotherapy to TNBC, and TNBC with high CDKN2A expression patients have higher immunogenicity and benefit from immunotherapy.

Because the overexpression of CDKN2A was indicative of desirable clinical outcomes for TNBC patients, we further conducted WGCNA analysis to determine CDKN2A-derived genes that were chiefly associated with TNBC and pathways of FAC. Determining genes and utilizing cox and lasso analysis, we established a CDKN2A-derived prognostic model, consisting of TRIM59, EXO1, AGR2, ZNF703, and other 17 genes. According to immunohistochemistry, Liu et al. (67) found that TRIM59 levels were notably higher in the TNBC subtype and promoted the malignant behavior via regulating the AKT pathway, leading to the undesirable prognosis. Previously, RT-qPCR also proved the overexpression of EXO1 in BRCA cells MDA-MB231, and the elevated EXO1 might be utilized as an indicator of poor BRCA prognosis (68). A clinical observation study (69) via the cross-sectional method indicated that AGR2 expression is positively associated with the incidence of distant metastases in BRCA and upregulated AGR2 was a poor prognosis predictor. Current research reported that ZNF703 expressed in approximately 34.2% of TNBC via immunohistochemistry and the knockdown of ZNF703 triggered a powerful inhibition of TNBC cell proliferation and cell cycle, along with the downregulation of cyclin D1, CDK4, CDK6, and E2F1 (70). Remaining genes were firstly explored to have effects on the prognosis of TNBC patients. Deeper studies of the biological roles of these genes in TNBC are warranted and clinical investigations of this signature need to be further tested.

In terms of the high heterogeneity of TNBC, it’s incredibly difficult to find new curative targets and develop novel targeted therapy. DNA microarray analysis conducted by Nielsen et al. (71) indicated that overexpression of EGFR existed in 60% of TNBC samples, which was consistent with our results. The study of Livasy et al. (72) also validified that approximately 70% of TNBC samples significantly expressed elevated EGFR. Hence, it is inferred that EGFR may be a promising curative target in TNBC, especially for TNBC patients with low risk-score according to our model. As the irreversible ErbB family blocker, afatinib (AFT) was approved by the FDA to treat the advanced EGFR mutation-positive NSCLC (73). The investigations of AFT treatment in BRCA are undergoing. In an open-label, multicenter, and phase II clinical trial, Hickish et al. (74) reported that for metastatic BRCA patients whose prior HER2-targeted therapy had undesirably failed, AFT alone and combined with paclitaxel or vinorelbine could enhance the objective response. Our data demonstrated AFT may have a good therapeutic effect on TNBC. Coherent with our outcomes, Wang et al. (75) developed AFT/2-BP@PLGA@MD, a poly(d,l-lactide-glycolide) (PLGA)-based intelligent bionic nanoplatform, which was covered under a cancer cell membrane to block PD-1 and PD-L1. AFT/2-BP@PLGA@MD nanoparticles integrated the targeted therapy of AFT and immunotherapy, exhibiting enhanced inhibition of the growth of TNBC. As a dual inhibitor of EGFR and HER2, lapatinib could also induce inhibition of p-Akt and CIP2A and trigger apoptosis in TNBC cell lines (76). LHNPs, human serum albumin nanoparticles loaded with lapatinib, were developed by the advanced nanoparticle albumin-bound technology, and could inhibit the brain metastasis from TNBC ascribed to the downregulation of metastasis-related proteins (77). Collectively, based on the model, we proposed three drugs that may be applicable to TNBC patients with low risk-score. Previous ssGSEA results also presented the CDKN2A-associated genes also correlated to the EGFR activity, indicating that CDKN2A may function as a promising predictive biomarker for anti-EGFR therapy in TNBC. Moreover, drawing support from advanced nanoparticle technology, we put forward the perspective that developing novel nanoparticles combined with immunotherapy and targeted therapy to achieve a better prognosis for TNBC patients.



Conclusion

In summary, our study comprehensively analyzed the biological role and prognostic values of CDKN2A in BRCA. Given the strong association between CDKN2A and FAC, we indicated that regulating pathways involved in CDKN2A-associated genes or designing novel metal-based anticancer agents to induce ferroptosis and cuproptosis may guide us to develop new anti-cancer treatment strategies. Besides, we substantively found that CDKN2A may serve as the pioneering prognostic predictor for TNBC. TNBC patients with high CDKN2A expression possess the higher immunogenicity and benefit from immunotherapy. The CDKN2A-derived model we established can also guide the prognosis of TNBC patients. To further guide the treatment, we also provided three drugs for precision medicine of TNBC via targeting EGFR and indicated that CDKN2A may function as a promising predictive biomarker for anti-EGFR therapy in TNBC. Therefore, this investigation provides a rationale and offers fresh perspectives and orientations for TNBC treatment.
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Description and Functional Summary

Activating ubiquitin protein ligase and Acting upstream of or within negative
regulation of I-kappaB kinase/NF-kappaB signaling.

Tonotropic glutamate receptor. This gene belongs to a family of alpha-amino-3-
hydroxy-5-methyl-4-isoxazole propionate (AMPA) receptors. It can alternatively splice
transcript variants encoding different isoforms.

Encoding a protein with 5’ to 3” exonuclease activity and being essential for male and
female meiosis.

Enabling guanyl-nucleotide exchange factor activity and protein domain specific
binding activity.
A neuronal progenitor cell (NPC) self-renewal supporting protein expressed under
physiological conditions at low levels in other tissues.

Playing a role in cytokinesis.

FAM228B is a Protein Coding gene. An important paralog of this gene
is ENSG00000276087.

Enabling metallocarboxypeptidase activity and involved in protein side chain
deglutamylation.

Encoding a member of the disulfide isomerase (PDI) family of endoplasmic reticulum
proteins that catalyze protein folding and thiol-disulfide interchange reactions.

Predicted to be located in motile cilium.
Playing a role in axonemal structure organization and motility.

Enabling acetylcholine receptor regulator activity and predicted to be located in
extracellular region and plasma membrane.

Predicted to contribute to ubiquitin protein ligase activity and be involved in positive
regulation of cell population proliferation.

Predicted to enable 5’-nucleotidase activity and be involved in dephosphorylation.
Enabling AMP binding activity and nucleobase-containing compound kinase activity.

Enabling AMP binding activity and involved in establishment of left/right asymmetry
and flagellated sperm motility.

Enabling DNA-binding transcription repressor activity, RNA polymerase II-specific
and RNA polymerase II transcription regulatory region sequence-specific DNA binding
activity.

Enabling DNA-binding transcription factor binding activity.

LRRC46 is a Protein Coding gene. Diseases associated with LRRC46 include Ciliary
Dyskinesia, Primary, 13. An important paralog of this gene is LRGUK.

Not Available

Not Available
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