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A B S T R A C T   

Background: Breast cancer (BRCA) ranks first among cancers in terms of incidence and mortality 
rates in women, primarily owing to metastasis, chemo-resistance, and heterogeneity. To predict 
long-term prognosis and design novel therapies for BRCA, more sensitive markers need to be 
explored. 
Methods: Data from 1089 BRCA patients were downloaded from TCGA database. Pearson’s cor-
relation analysis and univariate and multivariate Cox regression analyses were performed to 
assess the role of cell death-related genes (CDGs) in predicting BRCA prognosis. Kaplan–Meier 
survival curves were generated to compare the overall survival in the two subgroups. A nomo-
gram was constructed using risk scores based on the five CDGs and other clinicopathological 
features. CCK-8, EdU incorporation, and colony formation assays were performed to verify the 
inhibitory effect of NFKBIA on BRCA cell proliferation. Transwell assay, flow cytometry, and 
immunohistochemistry analyses were performed to ascertain the biological function of NFKBIA. 
Results: Five differentially expressed CDGs were detected among 156 CDGs. The risk score for 
each patient was then calculated based on the expression levels of the five CDGs. Distinct dif-
ferences in immune infiltration, expression of immune-oncological targets, mutation status, and 
half-maximal inhibitory concentration values of some targeted drugs were observed between the 
high- and low-risk groups. Finally, in vitro cell experiments verified that NFKBIA overexpression 
suppresses the proliferation and migration of BRCA cells. 
Conclusions: Our study revealed that some CDGs, especially NFKBIA, could serve as sensitive 
markers for predicting the prognosis of patients with BRCA and designing more personalized 
clinical therapies.   
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1. Introduction 

Breast cancer (BRCA) has surpassed lung cancer as the most common cancer in women, with roughly 2.3 million new cases reported 
annually [1–3]. Owing to the low fertility rate, physical inactivity, and excess body weight, its morbidity is estimated to increase by 
0.5 % per year [4]. BRCA can be treated with systemic (endocrine therapy, chemotherapy, targeted therapy, immunotherapy, and gene 
therapy) and local therapies (surgical resection and postoperative radiation) [5]. However, its prognosis remains poor [6], with 685, 
000 deaths worldwide, primarily due to metastasis or chemo-resistance [7]. Therefore, novel biomarkers are required to predict the 
prognosis of BRCA and design new therapeutic options. 

Cell death is indispensable for physiological growth of multicellular organisms. Excessive cell death can eliminate healthy cells 
from degenerative diseases [8]. In addition, cell death can also be disrupted to generate dysfunctional cells, including those with 
aberrant DNA, thus initiating the progression of cancer [9,10]. Cell death is primarily achieved through apoptosis, autophagy and 
necrosis [11]. Autophagy refers to the degradation of cellular macromolecules with lysosomes and the utilization of recycled nutrients 
to generate energy and alleviate cellular damage [12,13]. Excessive autophagy may induce cellular apoptosis and necrosis of cells 
[14]. The autophagy machinery involves autophagy-related (ATG) proteins, cytoskeletal components, tumour suppressors, immu-
noproteins, and various signalling pathways [15]. Apoptosis is characterized by its separation from the extracellular matrix, chro-
mosomal condensation, DNA fragmentation, and plasma membrane blebbing. Additionally, it is either intrinsic (induced by disruption 
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of intracellular homeostasis) or extrinsic (induced by extracellular signalling involving death receptors) [16]. Necrosis, a stress-related 
regulated cell death (RCD) induced by environmental perturbations, causes membrane dissolution and loss of cellular content [17]. 
Colliquative, caseating, liquefactive, and fibrinoid necrosis have been described [18]. The three crucial signalling pathways involved 
in necrosis are MLKL, RIPK3 and RIPK1 [19]. Pyroptosis and ferroptosis may be activated upon exposure to pathogens or innate stress 
[20]. All of these mechanisms cooperate to determine the fate of a cell [21]. 

Aberrant expression of cell death-related genes (CDGs) and pathway activation are associated with tumour malignancy. Autophagy 
can inhibit the development of cancer in the early stages by suppressing tumour inducers, such as reactive oxygen species (ROS), 
inflammation, DNA damage, genome instability, and tissue damage [22]. Autophagy then turns oncogenic by adapting cancer cells to 
stresses (inflammatory, metabolic, and genotoxic) in the tumour microenvironment and increasing their invasiveness [23]. In-
teractions between autophagy and tumour growth have also been reported. For example, the expression of MIR93 (microRNA-93) 
influences glioblastoma by inhibiting autophagy regulators such as SQSTM1/p62, ATG5, ATG4B and BECN1/Beclin 1 [24]. Autophagy 
is repressed in hepatocellular carcinoma [25] but is enhanced in pancreatic ductal adenocarcinoma and cholangiocarcinoma [26,27]. 
As a tumour suppressor gene, p53 activates many apoptosis-related genes and pathways, including mitochondria-dependent and 
endoplasmic reticulum (ER) stress-dependent signalling pathways [28]. 

Molecules that can induce cellular apoptosis may be used to design anticancer treatments, such as melanoma differentiation- 
associated gene-7 (MDA-7) and interleukin-24 (IL-24) for melanoma [29], and KRAS, EGFR, or ALK inhibitor ALSO for lung cancer 
[30]. β-Glucan promotes apoptotic death of cancer cells [31]. In contrast, necrosis drives tumorigenesis through different mechanisms. 
First, danger-associated molecular patterns (DAMPs), including HMGB-, are released to give rise to inflammation, thus accelerating 
tumour development [32]. Angiogenesis and cell-cell interactions are enhanced in the context of necrosis [33]. RIPK3, a protein 
involved in the necrosis-related signalling pathway, is upregulated in cervical cancer [34]. However, the role of BRCA in cell death 
remains unclear. 

The tumour microenvironment (TME) contains malignant cells, adipocytes, fibroblasts, tumour vasculature, lymphocytes, den-
dritic cells, and cancer-associated fibroblasts [35]. Abnormal cell death may distort the composition of immune cells in the TME, 
thereby influencing tumour progression [36,37]. It has been reported that knockdown of MCT4, which regulates the transport of lactic 
acid and lactate in the microenvironment, inhibits autophagy and significantly improves the prognosis of patients with bladder cancer 
[38]. CDGs that activate the adaptive immune response may function as prognostic biomarkers in lower-grade glioma [39]. Several 
studies have evaluated the profile of cell death-related genes in the TME of BRCA. 

In this study, based on The Cancer Genome Atlas (TCGA) dataset, we determined the prognostic value of CDGs in patients with 
BRCA using bioinformatics and statistical analyses. Five CDGs with strong correlations with the overall survival (OS) of patients with 
BRCA were selected and used to calculate risk scores. Based on the median risk scores, BRCA patients were classified into low- and 
high-risk groups. Survival was worse, and the expression levels of tumour biomarkers were higher in the high-risk subgroup. 
Enrichment analyses were performed to determine the tumorigenic mechanisms of the CDGs. A nomogram model was constructed to 
predict the OS of BRCA patients with different clinicopathological features. Finally, we validated the role of NFKBIA in BRCA in vitro. 

2. Materials and methods 

2.1. Data collection 

To assess the prognostic value of CDGs in BRCA, data on 156 CDGs in 1089 BRCA patients, the corresponding clinical annotations, 
and somatic mutation data were retrieved from TCGA database (https://portal.gdc.cancer.gov). For clarity, we divided the 156 CDGs 
into categories (34 autophagy-related genes, 86 apoptosis-related genes, and 49 necrosis-related genes) using the AmiGO 2 tool 
(http://amigo.geneontology.org/amigo/landing). The exact GO IDs used are explicitly listed in Supplementary Table 2, ensuring 
replicability. During data pre-processing, we first screened the differentially expressed genes (DEGs) between cancer and adjacent 
normal tissues. We set a strict criterion for DEGs (|log2(FC)| > 1 and p < 0.05) to enhance the accuracy of the results. Through machine 
learning technology, the 1089 patients from the TCGA cohort were randomly divided into a training set and a testing set by using the 
“caret” R package (https://CRAN.R-project.org/package=corrplot), and the Cox regression analysis was performed. All clinical 
samples (four pairs of BRCA and paracancerous tissue specimens) were acquired from the First Affiliated Hospital of Nanjing Medical 
University with informed consent from the patients. 

2.2. Construction and assessment of BRCA-related CDGs 

First, a Pearson’s correlation analysis was performed to select CDGs. We included only those CDGs with | Pearson R | >0.5 and p <
0.05 to ensure a robust analysis, thus, we found 5 CDGs that could meet the criteria. Univariate and multivariate Cox regression 
analyses were applied to the training and validation cohorts to determine the significance of the five prognostic CDGs. The coefficients 
of the five CDGs were obtained via cross-validation using the R package “glmnet” [40]. Then, the risk score was calculated as follows: 
risk score = (0.0175 × PIK3CA expression level) + (0.0254 × AIFM1 expression level) + (0.0195 × GABARAPL2 expression level) +
(0.1076 × ATG4A expression level) - (0.00996 × NFKBIA expression level). We calculated the risk score for each patient in TCGA 
cohort. Subsequently, the patients were divided into low- and high-risk subgroups based on median risk scores. GSE1456, available 
from the Gene-Expression Omnibus (GEO) database (https://www.ncbi.nlm. nih.gov/geo/), involving 159 cases, were used for 
external validation. GSE7390, GSE16446, GSE20685, GSE20711, GSE42568, GSE45255, GSE4839, and GSE58812 were obtained from 
the GEO database. 
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2.3. Differential expression, mutation and functional enrichment analyses 

The "limma" R package [41] was used to identify DEGs between the two risk groups based on |log2 (Fold change (FC)) | > 1 and p <
0.05. We also downloaded the gene set including “c2.cp.kegg.v7.1” and “h.all.v7.2” from the Molecular Signatures Database (MSigDB) 
to conduct GSVA (gene set variation analysis) [42]. The mutation rate was visualized using the R package “maftools” [43]. Enriched 
GO terms in three aspects (molecular function [MF]), biological process [BP], cellular component [CC]), and the enriched Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathways (https://www.kegg.jp) were identified. The R packages "ggplot2" [44], 
"clusterProfiler" [45], "GOplot" [46] and "enrichplot" [47] were used to obtain enriched results in GO and KEGG analyses. 

2.4. Tumour immune cell infiltration and potential therapeutic value of CDGs 

Single-sample gene set enrichment analysis (ssGSEA) was performed using the R package “gsva” to quantify the expression levels of 
28 immune cell type markers. The “estimate” [48] R package’s output was used to investigate the differences in the levels of immune 
cells between the two groups. The interaction between immuno-oncological targets and CDGs was depicted using the R package 
“corrplot” [49]. The half-maximal inhibitory concentration (IC50) values of the drugs mentioned previously were downloaded from 
the CellMiner database (https://discover.nci.nih.gov/cellminer/home.do). The R package “pRRophetic” [50] was used to predict the 
drug sensitivity. 

2.5. Clinical correlation and nomogram construction 

Then, univariate and multivariate Cox proportional regression analyses were conducted on the “Survival” and “Survminer” 
(https://CRAN.R-project.org/package=survminer) R packages to assess the relationship between clinicopathological features (age, 
stage, tumor size, the presence or absence of regional lymph node spread and PAM50) and OS. Kaplan–Meier survival curves were also 
plotted to compare OSs between the two subgroups. To show the relationship between the expression of CDGs and clinicopathological 
features, a heatmap was generated by using the “pheatmap” R package (https://CRAN.R-project.org/package=pheatmap). The “rms” 
R package [51] was utilized to construct the nomogram based on risk score, age, stage, T, N, and PAM50. 

2.6. Cell lines and cultures 

The MDA-MB-231 and ZR-75-1 breast cancer cell lines utilized in this research were acquired from the Cell Center of the Shanghai 
Institutes for Biological Sciences (Shanghai, China). The MDA-MB-231 and ZR-75-1 cells were cultured in a complete growth medium, 
enriched with 10 % fetal bovine serum (FBS; WISENT, Canada), and maintained in a humidified environment composed of 95 % air 
and 5 % CO2 at a temperature of 37 ◦C. The cells were sub-cultured upon reaching an approximate confluence of 70 %. 

2.7. Quantitative Real-Time PCR 

Total RNA was extracted from BRCA and normal tissues using the TRIzol reagent (Invitrogen, Carlsbad, CA, USA), and cDNA was 
subsequently synthesized with HiScript II Reverse Transcriptase (Vazyme, Nanjing, China). We executed the real-time quantitative 
PCR employing Hieff® qPCR SYBR Green Master Mix (Yishen, Shanghai, China). The reaction was set up in a total volume of 20 μL with 
the following conditions: initial denaturation at 95 ◦C for 10 min, followed by 40 cycles of denaturation at 95 ◦C for 15 s, and 
annealing/extension at 60 ◦C for 1 min. The 2− ΔΔCt method was employed to analyze the relative mRNA expression levels. Each sample 
underwent triplicate detection. The primer sequences were as follows: NFKBIA forward primer:5′ CTCCGAGACTTTCGAGGAAATAC 3′, 
reverse primer:5′ GCCATTGTAGTTGGTAGCCTTCA 3’. 

2.8. Transfection 

The plasmid utilized in this research was acquired from Heyuan Biology Technology Co., Ltd (Shanghai, China). According to the 
guidelines provided by the manufacturers, the pcDNA plasmids underwent transfection utilizing linear polyethylenimine (PEI) 
MW40000 from Yeasen Biotechnology Co., Ltd. (Shanghai, China). 

2.9. Western blotting assay 

Total protein was extracted from BRCA cells using radioimmunoprecipitation assay (RIPA) lysis buffer (Beyotime, China), loaded 
onto 10 % sodium sulfate polyacrylamide gel electrophoresis (SDS‒PAGE) gels, and transferred to 0.22 μm PVDF membranes (Mil-
lipore, USA). After blocking with 5 % nonfat milk powder for at least 1 h at room temperature, the membranes were incubated 
overnight with primary antibodies (Anti-IKB alpha antibody, Abcam, ab76429, Dilutions 1:1000) at 4 ◦C on a rotator, incubated with 
the appropriate secondary antibodies (HRP Goat Anti-Rabbit IgG, ABclonal, AS014, Dilutions 1:10000), and shaken at room tem-
perature for 1 h. Protein bands were visualized using an enhanced chemiluminescence (ECL) system (Bio-Rad, Hercules, CA, USA). The 
α-tubulin was considered as an internal control. 
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2.10. EdU incorporation assay 

The MDA-MB-231 and ZR-75-1 BRCA cells were respectively plated in 96-well plates (5 × 104 cells/well) 24 h post-transfection. 
Cell proliferation was assessed utilizing a 5-ethynyl-2′-deoxyuridine (EdU) incorporation assay kit (RiboBio, China). Subsequently, cell 
nuclei were stained with 100 μL of Hoechst 33342 (5 μg/mL) for a duration of 30 min, and visualizations were obtained using a 
fluorescence microscope (Leica, Germany). 

2.11. CCK-8 assay 

During the study, a Cell Counting Kit-8 (CCK-8, Beyotime, China) was utilized. The MDA-MB-231 and ZR-75-1 BRCA cell sus-
pensions were individually arranged in a 96-well plate at a density of 2 × 103/well in 200 μL of medium, 24 h post-transfection. These 
were then pre-incubated at 37 ◦C for 24 h in an incubator. Subsequently, 10 μL of the test substance was incorporated into the culture 
plate, followed by a 4-day incubation period. Afterwards, CCK-8 solution was dispensed into each well and a further incubation of 2 h 
was conducted. The optical density at 450 nm was ascertained using a microplate reader (Dojindo Molecular Technologies, Kumamoto, 
Japan). 

2.12. Colony formation assay 

The MDA-MB-231 and ZR-75-1 BRCA cells were seeded in 6-well plates (600 cells/well) and cultured at 37 ◦C and 5 % CO2 for 14 
days. The cell colonies were then fixed with 4 % paraformaldehyde, and stained with 0.1 % crystal violet (Beyotime, Shanghai) for 30 
min. Cell colonies were imaged using a digital camera and manually counted. 

2.13. Cell apoptosis assay 

The MDA-MB-231 and ZR-75-1 BRCA cells (1 × 105 cells/well) were cultured in 6-well plates, washed with PBS, and collected by 
adding trypsin cell digestion solution. Next, the cells were resuspended in 500 μl of binding buffer. One hour after incubation with 5 μl 
of Annexin V-FITC and 5 μl of propidium iodide (PI) (BD Biosciences, USA) at room temperature for 10 min in the dark, the cells were 
examined using a FACSCalibur (BD Biosciences, USA). 

2.14. Cell cycle analysis 

The MDA-MB-231 and ZR-75-1 BRCA cells in the logarithmic growth phase were first inoculated (2 mL) into 6-well plates at 1 ×
106 cells/mL, cultured, collected, washed twice with precooled PBS, and fixed with pre-cooled 75 % ethanol at 4 ◦C for more than 4 h. 
After the cells were incubated with 400 μL propidium iodide (PI, 50 μg/mL) and 100 μL RNase A (100 μg/mL) at 4 ◦C for 30 min in the 
dark, the cells were counted using a flow cytometer (FACS Calibur, BD Biosciences, USA). The results were analysed using FlowJo 
software. 

2.15. Transwell assay 

Transwell chambers (pore size 8 μm; Millipore, USA) with (transwell invasion assay) or without (transwell migration assay) 10 μg 
Matrigel (BD Biosciences, USA) were used to perform the Transwell assay. A total of 3 × 104 MDA-MB-231 or ZR-75-1 BRCA cells were 
plated in the upper insert of the Transwell chamber with serum-free medium, and 600 μL of medium containing 15 % FBS was added to 
the lower chamber. After incubation for 24h at 37 ◦C, the non-migrated cells on the upper surface of the chamber were wiped off and 
the cells on the bottom surface of the chamber were washed twice with calcium-free PBS, fixed with 4 % formaldehyde for 30 min, and 
stained with 0.1 % crystal violet for 10 min (Beyotime, China). Cells were observed and counted by an inverted microscope. 

2.16. Immunohistochemistry analysis 

Sections of BRCA and normal tissues were paraffin-embedded, dewaxed with xylene and ethanol at various concentrations (75 %, 
80 %, 90 %, 95 %, and 100 %), and antigen-retrieved with sodium citrate buffer (Beyotime, China) at 98 ◦C at double boiler for 30 min. 
Endogenous peroxidase blocking buffer and immunol staining blocking buffer (Beyotime, China) were used for inactivation of 
endogenous peroxidase and serum blockade, respectively. Afterwards, the sections were incubated with IkB Alpha Polyclonal antibody 
(Proteintech; cat no. 10268-1-AP; Dilution 1:200) or AIF Polyclonal antibody (Proteintech; cat no. 17984-1-AP; Dilution 1:200) 
overnight at 4 ◦C, and then incubated with HRP-polymer-conjugated secondary antibody (Abcam, UK) for 1h at RT. Finally, 3,3′- 
diaminobenzidine (DAB) (MXB, China) and hematoxylin and eosin (Beyotime, China) were used to stain the sections, which were then 
observed under a microscope (Olympus, Japan). The IHC results were quantified using Image J. 

2.17. Statistical analysis 

All statistical analyses were performed using R software (version 4.0.1). Statistical significance was set at P < 0.05. Student’s t-test 
was used to compare the expression of immune-oncological targets and gene mutations in the two subgroups. Pearson’s correlation test 
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was performed to analyze the correlation between CDG expression and immune infiltration. Pearson’s chi-squared (χ2) test was used to 
assess the association between CDG expression and clinicopathological features. We also applied univariate and multivariate Cox 
regression analyses to evaluate the significance of CDGs in predicting BRCA prognosis. We established a nomogram using the factors 
from the multivariate Cox regression analysis to predict 3.5-, 5-, and 7.5-year survival rates, and the accuracy of the nomogram was 
verified using calibration plots. The predictive value of the CDGs was estimated using the receiver operating characteristic (ROC) 
curves and area under the curve (AUC) values, and the “pROC” R package [52] was used to quantify the AUC values. 

3. Results 

3.1. Identification of CDGs in BRCA patients 

A total of 156 CDGs were screened from TCGA dataset, including 34 autophagy-related genes, 86 apoptosis-related genes, and 49 
necrosis-related genes. Their expression data in tumour-adjacent normal tissues and BRCA tissues were collected from 1089 patients in 
TCGA cohort (Fig. S1). Gene expression was different among the 111 CDGs (p < 0.05). In a 1:1 ratio, 1089 patients with BRCA were 
randomly assigned to a training cohort (n = 545) and a validation cohort (n = 544). Using univariate and multivariate Cox regression 
analyses, we discovered that five genes (NFKBIA, PIK3CA, AIFM1, GABARAPL2, and ATG4A) were most significantly associated with 
BRCA risk and could be used to calculate the risk scores. The flowchart of the study is shown in Fig. 1A. Among these genes, we defined 
NFKBIA as a protective factor, with a hazard ratio (HR) value < 1 (0.986), and the remaining four genes as risk factors, with HR values 

Fig. 1. Identification of CDGs in BRCA patients. (A) Study flowchart. (B) The forest plot of CDGs associated with prognosis and their hazard ratios. 
(C) Heatmap of the correlations between the expression levels of 5 CDGs and risk scores in the TCGA training and validation cohorts. Risk scores of 
patients and the median risk score in the two cohorts. 
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> 1 (1.018, 1.040, 1.030, and 1.189) (Fig. 1B). And the calculation for the risk score was performed using the following formula: risk 
score = (0.0175 × PIK3CA expression level) + (0.0254 × AIFM1 expression level) + (0.0195 × GABARAPL2 expression level) +
(0.1076 × ATG4A expression level) - (0.00996 × NFKBIA expression level). Each patient in the TCGA cohort had their risk score 
computed. Following this, patients were segregated into two subgroups of high and low risk based on the median of the calculated risk 
scores. The heatmap (Fig. 1C) indicated that the expression levels of PIK3CA, AIFM1, GABARAPL2, and ATG4A were upregulated in 
the high-risk group and NFKBIA in the low-risk subgroup. 

3.2. Identification and validation of CDGs in the TCGA cohort 

We investigated the prognostic value of CDGs in patients with BRCA. The risk score for each patient was calculated using the 

Fig. 2. Identification and validation of CDGs in the TCGA cohort. DEGs and protein-protein interaction enrichment analysis. Distribution of survival 
status, the ROC curves and the Kaplan‒Meier curves of OS for BRCA patients in the TCGA training cohort (A) and validation cohort (B). (C) Heatmap 
of the correlations between gene expression and risk scores. (D) The volcano plot of DEGs. (E) The GO and the KEGG pathway enrichment analyses 
for the DEGs. (F) Protein‒protein interaction enrichment analysis. 
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coefficients obtained based on the expression levels of the five CDGs. The distribution of survival times in the training and validation 
cohorts is plotted. The AUC value of the five-CDG signature was 0.728 and 0.609 in the training and validation cohorts, respectively. 
The Kaplan–Meier survival curves showed that the high-risk group had worse survival (lower survival probability and shorter survival 
time), with p = 0.001 in the training cohort and p = 0.003 in the testing cohort (Fig. 2A and B). 

3.3. DEGs and protein-protein interaction enrichment analysis 

A total of 127 DEGs between the high- and low-risk groups were identified according to a false discovery rate (FDR) value < 0.05 
and | Log2 (FC) | >1 (Fig. 2C) and displayed by the volcano plot (Fig. 2D), including 106 downregulated in the low-risk group and 21 
upregulated in the high-risk group. In addition, we identified enriched GO terms and KEGG pathways to investigate the possible 
mechanisms of DEGs. The results of the protein-protein interaction enrichment analyses are shown in Fig. 2F. In GO terms, the DEGs 
were mainly correlated with cytokine-mediated signalling pathways, regulation of system processes, and cellular metal ion homeo-
stasis (Fig. 2E). KEGG pathway analysis suggested that the DEGs were associated with striated muscle contraction, vitamin B12 
metabolism, and the PID REG GR pathway (Fig. 2E). 

3.4. Interactions of CDGs with immune cells and immune targets 

To investigate the performance of CDGs in the tumour immune microenvironment (TIME), we compared the immune infiltration 
levels between high- and low-risk groups. The heatmap (Fig. 3A) shows distinct differences in immune infiltration, ESTIMATE score, 
immune score, and stromal score between the two groups. As shown in Fig. 3B, the low-risk group presented higher infiltration levels of 
activated B cells, activated CD8 T cells, central memory CD4 T cells, effector memory CD8 T cells, memory B cells, T follicular helper 
cells, type 1 T helper cells, activated dendritic cells, CD56bright natural killer cells, eosinophils, macrophages, mast cells, MDSCs, 
natural killer cells, natural killer T cells, and plasmacytoid dendritic cells (all p < 0.001 and |Pearson’s R| > 0.2). In addition, a low risk 
of BRCA was associated with the infiltration of effector memory CD4 T cells, type 2 T helper cells, activated CD4 T cells, central 
memory CD8 T cells, immature B cells, and regulatory T cells (all p < 0.05). No immune cell type was found in the high-risk group. The 
remaining six immune cell types showed no differences in infiltration or expression between the risk groups. The low-risk subgroup 
had higher immune scores than those of the high-risk subgroup. We assessed the interaction between immuno-oncology targets and 
CDGs by comparing their expression levels in the high- and low-risk groups. The expression levels of CTLA4, TBX2, GZMB, CD8A, 
PRF1, PDCD1, TNF-, and GZMA were upregulated in the low-risk group (p < 0.001). High expression levels of IDO1, CD274, LAG3 (p 
< 0.01), and CXCL9 (p < 0.05) were associated with low risk (Fig. 3C). As shown in Fig. 3D, the expression levels of markers for nine 
immune cell types, including activated B cells, effector memory CD8 + T cells, macrophages, mast cells, memory B cells, natural killer 
cells, natural killer T cells, plasmacytoid dendritic cells, and type 1 T helper cells, were significantly correlated with the risk score (p <
0.05, |Pearson R| >0.2). We also analysed the association between immune cell infiltration and risk score in nine additional datasets. 
The heatmap shows consistent correlations (Pearson’s R values, P < 0.05) across the datasets (Fig. 3E). Notably, the expression of 
central memory CD4 T cells exhibited a downwards trend as the risk score increased in GSE7390 (p = 0.0014 and Pearson’s R =
− 0.23), GSE16446 (p = 0.011 and Pearson’s R = − 0.23), and GSE48390 (p = 0.012 and Pearson’s R = − 0.28) (Supplementary fig. 4B, 
4C and 6A). The associations between the infiltration of several immune cell types and the risk score in the nine additional datasets are 
displayed in Supplementary figs. 4–6. 

3.5. Mutations and GSVA enrichment analysis 

Seven genes, including TP53 (32 %), PIK3CA (31 %), TTN (16 %), and GATA3 (11 %), had higher mutation rates than the other 
genes among the 418 genes altered (84.1 % of all 497 samples) in the high-risk group (Fig. 4A). In the low-risk group, five genes had 
higher mutation rates than the other genes among the 409 genes altered (85.92 % of all 476 samples). PIK3CA, TP53, CDH1, TTN, and 
MUC4 had mutation rates of 35, 32, 18, 16, and 10 %, respectively (Fig. 4A). Mutation profiles are shown in Fig. 4B. Next, we per-
formed GSVA (Fig. 4C). A total of 101 KEGG pathways were significantly differentially enriched between the groups. The high-risk 
group was markedly enriched in homologous recombination and mismatch repair. The low-risk group was enriched in the Notch, 
JAK-STAT, and B-cell receptor signalling pathways. 

3.6. Therapeutic value of CDGs 

We evaluated the correlation between the IC50 of the drugs and the expression levels of CDGs. A total of 310 CDG-drug pairs were 
identified. NFKBIA was associated with resistance to 15 drugs, including the pan-RAF inhibitor TAK− 632 (Rs = − 0.550, p < 0.001), 
RAF inhibitor PLX− 8394 (Rs = − 0.490, p < 0.001), dabrafenib (Rs = − 0.511, p < 0.001), SB− 590885 (Rs = − 0.461, p < 0.001), 

Fig. 3. Interactions of CDGs with immune cells and immune targets. (A) Heatmap of correlations between 28 immune cell types, ESTIMATE scores, 
immune scores and stromal scores and risk scores. (B) The infiltration levels of 28 immune cell types in the high- and low-risk groups. ns p > 0.05, 
*p < 0.05, **p < 0.01 and ***p < 0.001. (C) The expression levels of 14 immune targets in the high- and low-risk groups. ns p > 0.05, *p < 0.05, 
**p < 0.01 and ***p < 0.001. (D) Association between several immune cell types and risk scores. (E) The association between immune cell 
infiltration and risk score in nine additional datasets. 
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Fig. 4. Mutations and GSVA enrichment analysis as well as the therapeutic value of CDGs. (A) Mutation classification, mutation type, SNV class and 
top 10 mutated genes in the high/low-risk groups. (B) Waterfall maps of 20 mutated genes in the high- and low-risk groups. (C) Heatmap of the 
GSVA enrichment results in the high/low-risk groups. (D) Correlations between the IC50 values of eight drugs and the expression levels of CDGs. 
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LY− 3009120 (Rs = − 0.444, p < 0.001), encorafenib (Rs = − 0.492, p < 0.001), PLX− 4720 (Rs = − 0.441, p < 0.001), vemurafenib (Rs 
= − 0.499, p < 0.001), ARQ− 680 (Rs = − 0.464, p < 0.001), MEK inhibitor PD 184352 (Rs = − 0.448, p < 0.001), COX inhibitor 
MLN− 2480 (Rs = − 0.490, p < 0.001), RAF and EGFR inhibitor BGB− 283 (Rs = − 0.513, p < 0.001), Abl-Lyn inhibitor Bafetinib (Rs =
− 0.464, p < 0.001) and ERK inhibitor GDC− 0994 (Rs = − 0.437, p < 0.001). AIFM1 expression correlated with the response to the 
tyrosine kinase receptor inhibitor dasatinib (Rs = − 0.533, p < 0.001) and the DNA/RNA synthesis inhibitor ifosfamide (Rs = 0.511, p 

Fig. 5. Stratification analysis and prognostic values of CDGs. (A) The IC50 values of 8 drugs in the high/low-expression groups. (B) The ROC curves 
for 5-, 7.5- and 10-year OS. (C, D) The risk score was an independent prognostic predictor according to univariate and multivariate analyses. (E) 
ROC curves for the risk score, age, sex, stage, TNM stage and PAM50. 
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< 0.001) (Fig. 4D and Supplementary Fig. 2A). Furthermore, BRCA patients were divided into high- and low-expression subgroups 
based on the median expression levels of two CDGs, NFKBIA and AIFM1. Fig. 5A demonstrates the difference in IC50 between the high- 
and low-expression groups. The IC50 values of TAK− 632, PLX− 8394, PD 184352, LY− 3009120, BGB− 283, encorafenib, and 
vemurafenib were upregulated in the low NFKBIA expression subgroup. The IC50 value of dasatinib was higher in the low AIF-
M1expression group. Therefore, the expression levels of CDGs could be used to predict the effects of treatment. 

3.7. Stratification analysis and prognostic values of CDGs 

We conducted ROC analysis of the 5-, 7.5-, and 10-year OSs (Fig. 5B). The AUC values (0.659, 0.687, and 0.63, respectively) 
demonstrated that the risk scores of the five CDGs were accurate in forecasting the OS of BRCA. In univariate Cox regression analysis, 
the risk score based on CDGs was significantly associated with OS (hazard ratio: HR 1.183, 95 % CI:1.124–1.245, p < 0.001) (Fig. 5C). 
Other clinicopathological features related to OS were age, stage, tumour size, presence or absence of regional lymph node metastasis, 
and PAM50. In the multivariate Cox proportional regression analysis, only four features were associated with OS: age (hazard ratio 
[HR] 1.042, 95 % confidence interval [CI]1.028–1.057, p < 0.01), stage (HR 2.488, 95 % CI1.516–4.084, p < 0.001), PAM50 (HR 

Fig. 6. Construction of the CDG-based nomogram. (A) Heatmap of the correlation between the expression levels of 5 CDGs and risk scores or 
clinicopathological features. (B, C) The survival (death) rates predicted by the nomogram based on risk score, age, stage, T, N and PAM50 (PAM50: 
LumA: 0, LumB: 1, Her2: 2, Basal: 3, Normal: 4; T1-2: 0, T3-4: 1; N0: 0, N1-3: 1; Stage I&II: 0, Stage III&IV: 1; age ≤ 65: 0, age>65: 1). 
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1.383, 95 % CI1.240–1.543, p < 0.01), and risk score (HR 1.159, 95 % CI1.091–1.232, p < 0.001) (Fig. 5D). The AUC values for risk 
scores, age, sex, stage, T stage, M stage, N stage, and PAM50 in predicting OS were 0.716, 0.660, 0.495, 0.633, 0.589, 0.531, 0.614, and 
0.639, respectively (Fig. 5E). The expression levels of PIK3CA, AIFM1, GABARAPL2, and ATG4A were up-regulated in the high-risk 
group. In contrast, NFKBIA was highly expressed in the low-risk subgroup (Fig. 6A). Their expression levels were also associated 
with clinicopathological features including sex, age, stage, TNM stage, and PAM50. 

Fig. 7. External validation of the 5 CDGs. (A) Calibration plots of the nomogram for predicting the probability of OS at 3, 5, and 7.5 years. (B) 
Differences in the risk score between patients grouped according to PAM50. (C) Kaplan‒Meier curves of OSs for BRCA patients in the external 
validation cohort: GSE1456. (D) ROC curve for 5 CDGs in the GSE1456 cohort. 
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Fig. 8. In vitro cell experiments to explore the biological function of NFKBIA. (A) Expression levels of NFKBIA mRNA in BRCA and normal tissues by 
RT-qPCR. (B) RT-qPCR and WB to confirm the efficiency of oeNFKBIA. (C) EdU assay was performed to detect the proliferative capacity of the MDA- 
MB-231 and ZR-75-1 BRCA cells after NFKBIA overexpression. (D) CCK-8 assay was used to examine the proliferation of MDA-MB-231 and ZR-75-1 
BRCA cells. (E) Colony formation assay was used to detect the effect of oeNFKBIA on the proliferative ability of MDA-MB-231 and ZR-75-1 cells. (F) 
Flow cytometry was applied to detect the apoptosis of MDA-MB-231 and ZR-75-1 cells. (G) Cell cycle analysis was applied to count the cells in every 
phase of the cell cycle. (H, I) Transwell assay was used to determine the migration and invasion of MDA-MB-231 and ZR-75-1 BRCA cells transfected 
with oeNFKBIA or NC. (J) IHC staining of NFKBIA and AIFM1 in 4 pairs of BRCA and adjacent normal samples. 
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3.8. Construction of the CDG-based nomogram 

We established a nomogram based on CDGs and other clinicopathological features, including age, stage, TNM stage, and PAM50, to 
predict 3.5-, 5-, and 7.5-year survival rates (Fig. 6B and C). The calibration plots showed perfect consistency between the actual OSs 
and nomogram-predicted 3.5-, 5-, and 7.5-year survival rates in TCGA cohort (Fig. 7A). Subsequently, we found that the risk score 
increased distinctly in patients aged >65 years compared with that in younger patients. Patients with tumours that had spread to the 
lymph nodes (N1-3) tended to exhibit higher risk scores. The risk score was significantly different among the five molecular types of 
PAM50 (Fig. 7B). Patients with HER2-enriched BRCA had the highest risk score, followed by those with luminal B BRCA and basal-like 
subtypes. In the GSE1456 and GSE20711 datasets, patients with the basal-like subtype exhibited the highest risk scores (Supple-
mentary Figs. 7A and 8B). Kaplan–Meier curves also demonstrated that high-risk BRCA patients with the following clinicopathological 
features (age ≤65 years, age >65 years, female sex, T1–2, M0, M1, N0, N1–3, normal subtype, stage I–II) had a longer survival time 
than low-risk patients (Supplementary Fig. 2B). Kaplan–‒Meier curves showed the survival probability of patients with high- or low- 
risk scores in five different molecular subtypes (Supplementary Fig. 3A). The correlations of risk scores with different clinical features 
(molecular subtype, surgery type, grade, ER/PR/HER-2 status, and TNM stage) were also presented in patients from nine additional 
datasets (Supplementary Figs. 7–9). 

3.9. External validation of the 5 CDGs 

We validated the prognostic value of CDGs using an external cohort (GSE1456 database) of 159 patients with BRCA. In the 
GSE1456 cohort, the Kaplan–Meier survival curve (Fig. 7C) showed that BRCA patients in the high-risk group had worse survival 
(lower survival probability and shorter survival time) (p = 0.004). The AUC value for the five-CDG signature in the GSE1456 cohort 
was 0.676 (Fig. 7D). Similar results were observed in patients from GSE16446 (p = 0.038) (Supplementary Fig. 7C). These findings 
were in perfect agreement with the TCGA cohort results. 

3.10. NFKBIA overexpression suppressed the migration and invasion of BRCA cells 

Quantitative Real-Time PCR (RT-qPCR) confirmed that the mRNA levels of NFKBIA were remarkably lower in BRCA tissues than in 
paracancerous tissues (Fig. 8A). To uncover the biological function of NFKBIA in BRCA cells, we overexpressed NFKBIA using plasmids, 
the efficiency of which was confirmed by RT-qPCR and Western blotting (Fig. 8B). EdU incorporation (Fig. 8C) and CCK-8 (Fig. 8D) 
assays confirmed the negative effect of NFKBIA overexpression (oeNFKBIA) on the proliferation of MDA-MB-231 and ZR-75-1 BRCA 
cells. The colony formation assay showed that the proliferation of MDA-MB-231 and ZR-75-1 BRCA cells was significantly suppressed 
in the oeNFKBIA group (Fig. 8E). The cell apoptosis assay showed that NFKBIA overexpression increased the apoptosis rate of MDA- 
MB-231 and ZR-75-1 cells (Fig. 8F). The cell cycle assay (Fig. 8G) showed that oeNFKBIA arrested the cell cycle in G2 and S phases. The 
Transwell assay strongly indicated that oeNFKBIA attenuated the migration (Fig. 8H) and invasion (Fig. 8I) of two kinds of BRCA cells. 
Finally, IHC analysis (Fig. 8J) demonstrated that NFKBIA expression was notably lower in BRCA tissues than that in normal tissues. The 
expression of AIFM1 showed an opposite pattern. 

4. Discussion 

In the present study, we explored five CDGs that were significantly associated with BRCA development using bioinformatics tools. 
Among the five CDGs, NFKBIA was significantly downregulated and PIK3CA, AIFM1, GABARAPL2, and ATG4A were upregulated in 
BRCA tissues. The risk score calculated based on the five CDGs accurately predicted the survival of patients with BRCA. Specifically, 
the regulatory role of NFKBIA in BRCA development was verified through cellular experiments. 

NFKBIA, which is upregulated by circ-CEP85L by sponging miR-942-5p, inhibits gastric cancer progression and invasion [53]. 
PIK3CA fulfils its oncogenic role by inducing the expression of specific genes in cancers of various cellular origins and molecular 
phenotypes. For example, PIK3CA induces the lincRNA Neat 1 and the transcription factor Runx 2 to regulate signal transduction, 
cellular metabolism, and cell adhesion in BRCA [54]. AIFM1 is downregulated by miR-425-5p to increase the viability of cervical 
cancer cells [55]. GABARAPL2 and ATG4A function as prognostic markers for gastric cancer and BRCA, respectively, and their 
overexpression is indicative of poorer OS [56,57]. These findings reveal that CDGs, owing to their close implication in cancer 
occurrence and development, may serve as prognostic biomarkers or therapeutic targets. 

We also observed that TIME accounts for the difference between the high- and low-risk groups. CD4+ T cells mediate antitumor 
responses by secreting interferon γ (IFNγ) and tumour necrosis factor (TNF) [58]. The PARP inhibitor olaparib can induce CD8+ T cell 
infiltration and activate the STING/TBK1/IRF3 pathways, thus inhibiting the growth of triple-negative BRCA [59]. A high level of 
eosinophils enhances antitumor immunity via direct and indirect mechanisms involving TNF receptor, CC-chemokine receptor 3, 
vasculature, and interferon-γ receptor [60]. The level of NK cells in the blood has been used to detect metastatic potential in different 
phenotypes of solid and haematological malignancies [61]. In the present study, consistent relationships between the levels of immune 
cells (especially central memory CD4 + T cells) and risk scores were observed in different datasets. Earlier research has also indicated 
that the percentage of central memory CD4+ T cells increases in BRCA-free lymph nodes, providing evidence that these cells might play 
an inhibitory role in tumour progression and invasion [62]. 

Similarly, we further revealed that the risk score was negatively correlated with the expression levels of 12 immuno-oncology 
targets, such as CTLA4, PDCD1, and TNF, which is consistent with the results of previous studies. The expression levels of PD-1 
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and CTLA4 vary in different cancers and may predict the OS of patients with BRCA and neck squamous cell carcinoma [63]. GZMB is 
highly expressed in gastric cancer, making it a potential prognostic biomarker [64]. High expression of CD8A, combined with low 
expression of TAM-specific LOXL4, could predict better OS in hepatocellular carcinoma patients [65]. PD1 expression is closely related 
to the number of CD8+ T cells in some cancers and the overall response rate following anti-PD1 monotherapy [66]. Therefore, the risk 
of BRCA may be associated with the expression of immuno-oncological genes and the concentration of immune cells. 

We also found that the mutation rates of the CDGs were significantly different between the two groups. Seven genes, TP53, PIK3CA, 
TTN, and GATA3, were mutated more frequently in the high-risk group. TP53 mutations, usually resulting from chromosomal 
instability, are involved in oncogene amplification and tumour suppressor gene deletion [67]. TP53 can also initiate the progression of 
high-grade serous ovarian cancers and basal-like BRCAs [68]. PIK3CA mutation confers poor prognosis and chemo-resistance to HR+
and HER2- BRCA by activating the PI3K pathway [69]. We also found lower mutation rates for five genes in the low-risk subgroup: 
PIK3CA, TP53, CDH1, TTN, and MUC4. PIK3CA mutations in triple-negative BRCA predict a better outcome [70]. Therefore, mutations 
in these genes may help clinicians to assess the prognosis of patients with BRCA. 

Subsequently, GO analysis revealed that the differentially expressed CDGs were enriched in cytokine-mediated signalling path-
ways, regulation of system processes, and regulation of lipid metabolic processes. KEGG analysis showed that they were also enriched 
in pathways associated with malignancy, including striated muscle contraction, vitamin B12 metabolism, and the PID REG GR 
pathway. ZIP13 activates the Src/FAK pathway to accelerate the pro-metastatic process and downregulate the expression of tumour 
suppressor genes in ovarian cancer by regulating the cytokine-mediated signalling pathway [71]. The expression levels of lipid 
metabolism-related factors are upregulated by EGLN1/3, c-Myc, and lymphoid-specific helicase (LSH) to promote the development of 
lung cancer [72]. GSVA analysis revealed that several pathways were differentially enriched between the high- and low-risk groups. 
The Notch, JAK-STAT, and B-cell receptor signalling pathways were more enriched in the low-risk group. The Notch signalling 
pathway plays multiple roles in cancers by regulating angiogenesis, tumor immunity and cancer stemness [73]. The JAK/STAT sig-
nalling pathway, regulated by receptor tyrosine kinases, mediates the interaction between BRCA and stromal cells during the pro-
gression and metastasis of BRCA [74]. B-cell receptor signalling is active in the TME of solid tumours such as pancreatic cancer [75]. 

In this study, we verified the potential therapeutic value of CDGs in BRCA. In BRCA patients with lower expression levels of CDGs 
(NFKBIA and AIFM1), the IC50 increased, but the sensitivity was higher for some targeted drugs, including lifirafenib, dabrafenib, and 
PLX8394. Lifirafenib (BGB− 283), a novel RAF and EGFR inhibitor, can inhibit B-RAFV600-mutated solid tumours [76]. The combi-
nation of dabrafenib (BRAF inhibitor) and trametinib (MEK inhibitor) has robust clinical efficacy against BRAF V600E-mutated 
anaplastic thyroid cancer [77]. PLX8394 represses ERK signalling by specifically disrupting BRAF dimers and RAS-independent 
BRAF-mutant-driven signalling to kill cancer cells [78]. These studies revealed that targeted therapy might exert a counteractive 
effect against tumour cells by mediating the expression of CDGs. 

Five CDGs were used to construct a prognostic nomogram for BRCA in TCGA cohort. Similarly, a nomogram was established based 
on the m6A-LPS to predict the OS of lower-grade glioma patients, and the AUC values for 1-, 3-, and 5-year OS were 0.899, 0.860, and 
0.806, respectively [79]. Comparatively, our nomogram also had a robust ability to predict the survival rate of BRCA patients. 

Distinguishing this study from previous similar works, our research implemented an intricate and innovative bioinformatics 
analysis on a significantly larger dataset, enhancing the reliability and validity of our findings. We also validated the role of NFKBIA in 
BRCA development explicitly through cellular experiments, providing a more solid and direct evidence for its regulatory role in BRCA. 
Additionally, the comprehensive exploration of CDGs in our research brought light to their potential as both prognostic biomarkers and 
therapeutic targets, a perspective not fully covered in prior research. This extensive analysis, encompassing risk scores, correlation 
with immune cell levels, mutation rates, and drug sensitivity, further augmented the depth of our study, making it a valuable 
contribution to the existing literature. 

Our study also has several limitations. First, we only explored the role of CDGs in predicting the prognosis of BRCA at the mRNA 
level; the underlying mechanisms of CDGs require further exploration. Additionally, we discovered a correlation between drug 
sensitivity and CDG expression, but how the CDGs regulate drug sensitivity was not answered due to the lack of sufficient clinical data. 

5. Conclusions 

In conclusion, we constructed a five-CDG nomogram with a robust prognostic ability for BRCA. Then, we systematically assessed 
the expression of CDGs in the TIME, their regulatory mechanisms, and their therapeutic value in BRCA. We also confirmed that NFKBIA 
suppresses the proliferation and migration of BRCA cells through cellular experiments in vitro. Our study suggests that CDGs may be 
employed to design more personalized immune and targeted therapies for BRCA. 
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Code availability 

All statistical analyses were performed using R software (version 4.0.1). All patients were randomly divided into training and 
testing sets using the “caret” R package (https://CRAN.R-project.org/package=corrplot). The coefficients of the five CDGs were ob-
tained via cross-validation using the R package “glmnet.” The "limma" R package was used to identify DEGs between the two risk 
groups. The mutation rate was visualized using R package “maftools.” The R packages "ggplot2″, "clusterProfiler", "GOplot, and 
"enrichplot" were used to obtain enrichment results in the GO and KEGG analyses. ssGSEA was performed using R package “gsva.” The 
“estimate” R package’s output was used to investigate the differences in the levels of immune cells between the two groups. The 
interaction between immuno-oncological targets and CDGs was depicted using the R package “corrplot.” The R package “pRRophetic” 
was used to predict the drug sensitivity. Then, univariate and multivariate Cox proportional regression analyses were conducted on the 
“Survival” and “Survminer” (https://CRAN.R-project.org/package=survminer) R packages. A heat map was generated using the 
“pheatmap” R package (https://CRAN.R-project.org/package=pheatmap). The “rms” R package was used to construct the nomo-
grams. The “pROC” R package [52] was used to quantify the AUC values. 
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