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A B S T R A C T   

Objective: This study aimed to explore disulfidptosis-related clusters of triple-negative breast 
cancer (TNBC) and build a reliable disulfidptosis-related gene signature for forecasting TNBC 
prognosis. 
Methods: The disulfidptosis-related clusters of TNBC were identified based on public datasets, and 
a comparative analysis was conducted to assess their differences in the overall survival (OS) and 
immune cell infiltration. Morever, the differentially expressed genes (DEGs) between clusters 
were recognized. Then, the prognostic DEGs were then chosen. A prognostic signature was 
constructed by the prognostic DEGs, followed by nomogram construction, drug sensitivity, im-
mune correlation, immunotherapy response prediction, and cluster association analyses. 
Results: Two disulfidptosis-related clusters of TNBC were identified, which had different OS and 
macrophage infiltration. Moreover, 235 DEGs were identified between two clusters. A prognostic 
signature was then constructed by five prognostic DEGs including HLA-DQA2, CCL13, GBP1, 
LAMP3, and SLC7A11. This signature was highly valuable in predicting prognosis. A nomogram 
was built by risk score and AJCC stage, which could forecast OS accurately. Moreover, patients 
with high-risk scores exhibited greater sensitivity to chemotherapy drugs such as lapatinib and 
had a lower immunotherapy response. 
Conclusions: Two TNBC clusters linked to disulfidptosis were identified, with different OS and 
immune cell infiltration. Moreover, a five-disulfidptosis-related gene signature may be a powerful 
prognostic biomarker for TNBC.   

1. Introduction 

Triple-negative breast cancer (TNBC) is recognized for its aggressive nature and makes up around 15–20 % of the total breast cancer 
diagnoses [1]. It is a heterogeneous disease that is defined by the negative expression of progesterone receptor, estrogen receptor, and 
human epidermal growth factor receptor 2 [2]. In the first five years after diagnosis, the mortality rate of TNBC in the advanced stage is 
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as high as 40 % [3]. As there are no receptors that can be effectively targeted, the systemic treatment of TNBC still relies on 
chemotherapy, however, over 50 % TNBC patients experience recurrence after chemotherapy [4,5]. Recently, the incorporation of 
targeted therapies, immunotherapy, and novel treatment strategies has revolutionized the management of breast cancer, offering 
improved outcomes and personalized approaches for patients [6–9]. This shift underscores the critical need to delve deeper into the 
key mechanism affecting TNBC prognosis. Understanding these underlying processes is essential for developing more precise thera-
peutic targets and improving prognostic assessments, ultimately leading to more effective and tailored treatment options for TNBC 
patients. 

Disulfide metabolism describes the cellular redox control exerted by the dynamic balance of disulfide bond fformation and 
breakdown. A growing body of research indicates that disulfide metabolism is intricately linked to the biological behaviors of cancer 
cells, like metastasis, immune evasion, and resistance to drugs [10,11]. Recently, disulfidptosis represents a novel form of regulated 
cell death caused by the stress induced by high levels of cystine inside the cell, which pertains to disulfide metabolism [12]. 
Glucose-deprived cancer cells with elevated SLC7A11 expression accumulate excessive disulfide substances, which interrupts the 
disulfide bond connections between cytoskeletal proteins, causing the disintegration of the histone framework and ultimately cell 
death, a process termed disulfidptosis. In addition, disulfidptosis plays a significant role in cancer metabolic therapy [13]. A very 
recent study shows that the disulfidptosis suppressor genes, such as SLC3A2, RPN1, SLC7A11, and NCKAP1, are implicated in bladder 
cancer pathogenesis [14]. However, the exact involvement of disulfidptosis in TNBC remains largely unclear. Exploration of 
disulfidptosis-related tumor subtypes and genes will help to predict disease risk and improve prognosis of TNBC. 

Here, we retrieved publicly available gene expression and clinical data for TNBC samples and obtained genes linked to disul-
fidptosis from a publication by Lin et al. [12]. We then identifed disulfidptosis-related clusters and compared their differences in 
overall survival (OS), clinical feature distribution, immune cell infiltration, and enriched hallmark gene sets. Morever, we analyzed the 
differentially expressed genes (DEGs) between clusters and selected prognostic DEGs. A disulfidptosis-related prognostic signature was 
then bulit, followed by nomogram construction, drug sensitivity analysis, immune correlation analysis, immunotherapy response 
prediction, and cluster association analysis. We hope to reveal the key molecular mechanisms related to disulfidptosis in TNBC 
development, and explore promising biomakers for predicting TNBC prognosis. 

2. Data and methods 

2.1. Data acquisition and preprocessing 

The breast cancer-related gene expression and clinical data were obtained from TCGA database. The gene expression profile was re- 
annotated, and the mRNA expression profile was extracted. The TNBC samples that were ER, PR and HER-2 negative were extracted 
through clinical data. The samples without survival time were then removed. Finally, 120 TNBC samples with prognostic information 
and 113 normal samples were retained for subsequent analysis. 

Meanwhile, GSE103091 and GSE103668 datasets were downloaded from NCBI GEO database. Following the exclusion of samples 
lacking survival time, 107 TNBC samples in GSE103091 were retained for validation of the prognostic signature. GSE103668 dataset 
included 21 TNBC samples treated with cisplatin and bevacizumab in the neoadjuvant setting, which was used for validating 
immunotherapy response of different risk groups. 

2.2. Acquiring of disulfidptosis-related genes 

According to the information published by Lin et al. [12], ten disulfidptosis-related genes were acquired. Based on TCGA-TNBC 
data, their expression differences between TNBC and normal sample were analyzed. Then, the mutation frequency of these genes 
was analyzed using R maftools package (version 2.8.0) [15], and the gene mapping was drawn using RCircos package (version 1.2.2) 
[16]. 

2.3. Identification of disulfidptosis-related clusters 

Based on the gene expression matrix of disulfidptosis-related genes, tumor cluster analysis on the TCGA-TNBC samples was 
employed using R ConsensusClusterPlus package (version 1.54.0) [17]. The optimal TNBC clusters (K value) were analyzed. Then, 
gene set variation analysis (GSVA) was performed to evaluate the disulfidptosis score of each TNBC sample utilizing R GSVA package 
(version 1.36.3) [18]. The difference in the disulfidptosis score between different clusters was compared using Wilcoxon test. 

2.4. Cluster survival and clinical feature correlation analysis 

To compare the OS differences between clusters, Kaplan–Meier (K–M) curves were conducted using R survival (version 2.41-1) 
package [19]. By integrating clinical information data of TNBC, the distribution of clinical features (age, TNM staging, tumor 
stage, and PAM50Call) between different clusters was compared using Chi-square test. 

2.5. Immune infiltration analysis for different clusters 

To observe immune microenvironment difference of different clusters, the infiltration of immune cell types in tumor samples was 
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analyzed using CIBERSORT [20] and ssGSEA [21] algorithms. Then, the ESTIMATE, immune, and stromal scores were calculated using 
R ESTIMATE package [22]. Moreover, the gene expression data of immune checkpoint-related genes and human leukocyte antigen 
(HLA) family genes were extracted based on TCGA-TNBC dataset. Comparative analysis of immune indices and gene expression be-
tween different clusters were performed through Wilcoxon test. 

2.6. GSEA 

The differentially enriched hallmark gene sets between different clusters were analyzed using GSEA algorithm [23]. The cutoff 
value was P < 0.05 and |normalized enrichment score| > 1. 

2.7. DEGs identification 

Based on TCGA-TNBC data, the DEGs between different clusters were recognized using limma package (version 3.34.7) [24]. DEGs 
were selected with |fold change| ≥ 2 and Benjamini-Hochberg-adjusted P value < 0.05. 

2.8. Construction of the prognostic signature 

By combining the gene expression with the OS information of each patient, univariate Cox regression analysis was employedto 
screen prognostic genes with P < 0.05. A prognostic signature was established via stepwise Cox regression analysis using R survminer 
package (version 0.4.9) [25]. The risk score was calculated as follows: risk score = h (t, X) = h0 (t) * exp (β1X1 + β2X2 + … +βnXn), 
where β represents the regression coefficient, ho (t) is the benchmark risk rate; and h (t, X) indicates the risk rate associated with X 
(covariable) at time t. 

The risk score of each patient in the TCGA training dataset and GSE103091 dataset was calculated. According the median risk score, 
patients from both datasets were stratified into high- or low-risk groups. K–M curves analysis was employed to evaluate the disparities 
inOS between the two risk groups. 

2.9. Analysis of the prognostic independence of risk score 

To investigate the independence of risk score in predicting prognosis, the clinical factors of TNBC patients and risk score were 
included into univariate and multivariate Cox regression analyses. Prognostic factors with independent value were identified with P <
0.05. 

2.10. Establishment of a nomogram 

Using the independent prognostic factors, we developed a nomogram using R rms package (version 5.1-2) [26] to evaluate the OS 
probabilities of TNBC patients. Calibration curves were plotted to assess the validity of the nomogram. According to the median value 
of nomogram score, the TNBC patients were classified into high- or low-score groups and their OS differences were analyzed using 
Kaplan–Meier curves. Meanwhile, the performance of this nomogram in predicting OS probabilities was assessed by receiver operating 
characteristic (ROC) curves that was plotted using timeROC (version 0.4) [27]. 

2.11. Drug sensitivity analysis for two risk groups 

The sensitivity of chemotherapy drugs in each patient was evaluated based on the CDSC database. The IC50 value of drugs was 
quantified using R pRRophetic package [28]. The difference in IC50 value of each chemotherapy drug between two risk groups was 
quantified using the Wilcoxon test. 

2.12. Association analysis of risk score with immunity 

The proportion of 24 kinds of immune cells in TCGA-TNBC samples was analyzed using ssGSEA algorithm. Then, the link between 
signature genes and immune cell infiltration level was examined. 

2.13. Immunotherapy response prediction 

The immunotherapy response of each patient was evaluated using the TIDE database. The cytolytic activity (CYT) scores were 
defined as mean values of GZMA and PRF1 expression. Tertiary lymphoid structure (TLS) score was calculated by GSVA algorithm for 
TLS characteristic genes (CCR6, CETP, CD79B, CD1D, PTGDS, RBP5, LAT, EIF1AY, and SKAP1). Through Wilcoxon test, the TIDE 
scores, CYT scores, and TLS scores between two risk groups were compared. Additionally, the GSE103668 dataset was utilized to 
analyze the risk score difference between treatment response and non-response groups. 
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Fig. 1. Analysis of disulfidptosis-related genes based on TCGA-TNBC data. A: The expression difference of 10 disulfidptosis-related genes between 
tumor and normal samples. B: The mutation frequency of disulfidptosis-related genes. C: The correlation of Based on TCGA-TNBC data genes in 
tumor samples. 
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2.14. Association analysis between tumor clusters and different risk groups 

According to the sample information, the association between different risk groups and tumor clusters was observed. 

3. Results 

3.1. Analysis of disulfidptosis-related genes 

Based on TCGA-TNBC data, we analyzed the expression of ten disulfidptosis-related genes, including NDUFS1, NDUFA11, OXSM, 
GYS1, LRPPRC, SLC3A2, RPN1, NCKAP1, NUBPL, and SLC7A11. The results showed that except for GYS1, all other genes exhibited 
significant differential expression between tumor and normal group (Fig. 1A). In terms of mutation frequency, NCKAP1 had the highest 
incidence at 24 %, followed by LRPPRC at 20 %, and NUBPL at 18 %. Fig. 1B illustrated the mutation frequency of these genes. The 
correlation of these genes in tumor samples was shown in Fig. 1C. 

3.2. Identification of disulfidptosis-related clusters 

On basis of the expression data of disulfidptosis-related genes, TNBC samples were clustered into two clusters (Fig. 2A–C). PCA 
displayed that samples within the same cluster were clustered together (Fig. 2D). Moreover, the disulfidptosis score was found to be 
significantly greater in cluster 1 (C1) than in cluster 2 (C2) (Fig. 2E), confirming the scientific rationality of two clusters. 

3.3. Survival and clinical feature correlation analysis for two clusters 

The Kaplan-Meier curve analysis showed a significantly shorter OS time of C1 relative to C2, indicating that C1 had showed a worse 
prognosis than C2 (Fig. 2F). We collated clinical information of TNBC patients and found that only AJCC stage showed significant 
difference between two clusters (p = 0.04) (Table 1). The correlation heatmap of disulfidptosis-related genes with clinical charac-
teristics of TNBC patients was shown in Fig. 2G. 

Fig. 2. Identification of disulfidptosis-related clusters. A: Cumulative distribution function (CDF) distribution curve. B: Heatmap of disulfidptosis- 
related clusters. C: Delta area line graph. D: Principal component analysis (PCA) plot of sample distribution in the two clusters. E: Comparison of 
disulfidptosis score of two clusters. F: Kaplan–Meier survival curve of two clusters. G: Heat maps of disulfidptosis-related gene expression in two 
clusters and their correlation with different clinical information. Red indicates high expression and blue indicates low expression. (For interpretation 
of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 

Table 1 
The clinical characteristics of TNBC samples in two disulfidptosis-related clusters.  

Characteristics C1(N = 50) C2(N = 70) Total (N = 120) Pvalue 

Age    0.66 
>60 17 (14.17 %) 20 (16.67 %) 37 (30.83 %)  
≤60 33 (27.50 %) 50 (41.67 %) 83 (69.17 %)  
M_stage    0.87 
M0 49 (40.83 %) 70 (58.33 %) 119 (99.17 %)  
M1 1 (0.83 %) 0 (0.0e+0 %) 1 (0.83 %)  
N_stage    0.14 
N0 29 (24.17 %) 47 (39.17 %) 76 (63.33 %)  
N1 11 (9.17 %) 18 (15.00 %) 29 (24.17 %)  
N2 7 (5.83 %) 2 (1.67 %) 9 (7.50 %)  
N3 3 (2.50 %) 3 (2.50 %) 6 (5.00 %)  
T_stage    0.61 
T1 13 (10.83 %) 14 (11.67 %) 27 (22.50 %)  
T2 30 (25.00 %) 50 (41.67 %) 80 (66.67 %)  
T3 6 (5.00 %) 5 (4.17 %) 11 (9.17 %)  
T4 1 (0.83 %) 1 (0.83 %) 2 (1.67 %)  
PAM50Call    0.14 
Basal 40 (33.33 %) 58 (48.33 %) 98 (81.67 %)  
Her2 3 (2.50 %) 7 (5.83 %) 10 (8.33 %)  
LumA 4 (3.33 %) 0 (0.0e+0 %) 4 (3.33 %)  
LumB 0 (0.0e+0 %) 1 (0.83 %) 1 (0.83 %)  
Normal 3 (2.50 %) 4 (3.33 %) 7 (5.83 %)  
AJCC_Stage    0.04 
I 8 (6.67 %) 12 (10.00 %) 20 (16.67 %)  
II 27 (22.50 %) 48 (40.00 %) 75 (62.50 %)  
III 11 (9.17 %) 10 (8.33 %) 21 (17.50 %)  
IV 4 (3.33 %) 0 (0.0e+0 %) 4 (3.33 %)   
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3.4. Immune infiltration analysis for two clusters 

Utilizing TCGA-TNBC data, the CIBERSORT analysis demonstrated that eight types of immune cells were significantly different 
between two clusters, including T cells gamma delta, plasma cells, T cells CD4 memory activated, T cells CD8, macrophages M0, 
macrophages M1, monocytes, and macrophages M2 (Fig. 3A). The ssGSEA analysis revealed 22 differential immune cells between two 
clusters (Fig. 3B). Notably, both algorithms revealed that the infiltration proportion of macrophages had significant difference between 
two clusters. Moreover, C2 exhibited dramatically higher ESTIMATE, immune, and stromal scores than C1 (Fig. 3C). In addition, 
except for VTCN1, the other ten immune checkpoint genes including CTLA4, LAG3, ICOS, CD274, PDCD1, HAVCR2, TNFRSF9, BTLA, 
TNFRSF4, and TIGIT displayed a significant increase in expression in C2 compared to C1 (Fig. 3D). Furthermore, all the HLA family 
genes exhibited markedly increased expression in C2 (Fig. 3E). 

3.5. GSEA 

To observe the difference in biological function of two clusters, GSEA was conducted. The results displayed that there were 14 
differentially enriched hallmark gene sets between two clusters, such as apoptosis, inflammatory response, and interferon gamma 
response (Fig. 4A). 

3.6. Analysis of DEGs between two clusters and identification of prognostic genes 

In total, 235 DEGs were identified between two clusters (Fig. 4B). 

3.7. Validation of the prognostic signature 

Using stepwise Cox regression analysis, five genes including HLA-DQA2, CCL13, GBP1, LAMP3, and SLC7A11 were selected for 
building prognostic signature (Fig. 5A). The risk score was determined through the following formula: Risk score = log [HLA-DQA2 * 
（-0.410855864）+ CCL13 *（-0.645973012）+ GBP1*（-0.081755076） + LAMP3*（-0.185669508）+SLC7A11*0.085404507]. 
The patients in the TCGA-TNBC training dataset were classified into two risk groups, and the OS probabilities of high-risk group were 
observably lower than those of low-risk group (Fig. 5B). Moreover, the patients exhibiting higher risk scores were more susceptible to 
death, and the AUC value was higher than 0.7 in forecasting OS (Fig. 5B). Similar results were obtained based on GSE103091 (Fig. 5C), 
confirming the stability of this signature. 

3.8. Establishment of a nomogram 

Through Cox regression analyses, pathologic N and risk score were recognized as independent prognostic factors (Fig. 6A). A 
nomogram was established by these factors, which could forecast the OS of patients with TNBC (Fig. 6B). To interpret the nomogram, 
the points for each variable were assigned. Subsequently, the total points for a patient were calculated by adding up the assigned 

Fig. 3. Comparison of immune microenvironment between two clusters. A: The results of immune cell infiltration between two clusters using 
CIBERSORT algorithm. B. The results of immune cell infiltration between two clusters using the ssGSEA algorithm. C. The results of ESTIMATE 
score, immune score, and stromal score between two clusters using the ESTIMATE analysis. D. The expression of immune checkpoint genes between 
two clusters. E: The expression of HLA family genes between two clusters. *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001. 

Fig. 4. Gene set enrichment analysis (GSEA) and identification of differentially expressed genes (DEGs) between two clusters. A: GSEA showed the 
differentially enriched hallmark gene sets between two clusters. B: Volcano plot of DEGs between two clusters. The blue and red dots represent 
downregulated and upregulated genes, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the 
Web version of this article.) 
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points. By drawing a vertical line from the total points row, the probability of OS was determined. The calibration curves revealed a 
good alignment between the predictive and actual OS probabilities (Fig. 6C). Moreover, patients with high-nomogram score group 
demonstrated a poorer prognosis (Fig. 6D). Furthermore, the AUC value of nomogram was higher than 0.8 in predicting OS (Fig. 6E). 
These data confirmed the high predictive accuracy of this nomogram. 

Fig. 5. Construction and validation of the prognostic signature. A: Stepwise Cox regression analysis revealed the optimal gene combination for 
construction of the prognostic signature. B: Analysis of the predictive performance of the prognostic signature based on TCGA-TNBC training 
dataset. C: Analysis of the predictive performance of the prognostic signature based on GSE103091 dataset. 
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3.9. Drug sensitivity analysis for two risk groups 

The sensitivity of 138 chemotherapy drugs in each patient was evaluated using the CDSC database. Three chemotherapy drugs that 
were most significant between the two risk groups were AMG.706, lapatinib, and imatinib, which had lower IC50 values in the high- 
risk group (Fig. 7A). 

3.10. Association analysis of risk score with immunity 

Immune infiltration analysis revealed substantial disparities in the infiltration proportion of 17 immune cell types between two risk 
groups (Fig. 7B). Moreover, the infiltration level of most immune cells was observably correlated with the prognostic signature genes 
(Fig. 7C). 

3.11. Analysis of immunotherapy response of two risk groups 

In terms of immunotherapy response, the TIDE scores were obviously higher in the high-risk group relative to the low-risk group. 
Moreover, the CYT and TLS scores were dramatically lower in the high-risk group (Fig. 7D). Additionally, the GSE103668 dataset was 
applied to validate the link between risk score and immunotherapy response. As expected, patients in the non-response group 
demonstrated markedly elevated risk scores relative to those in the response group (Fig. 7E). 

3.12. Association analysis between clusters and different risk groups 

The cluster distribution across different risk groups was examined. The data demonstrated a strong tendency for high-risk patients 
to be clustered into C1, whereas low-risk patients were primarily classified into C2 (Fig. 7F). 

4. Discussion 

TNBC represents a heterogeneous subtype of breast cancer with a poor prognosis. Exploring a reliable prognostic signature for 
TNBC may improve the clinical outcomes [29]. Disulfidptosis holds promise as a potential therapeutic target for cancer [13]. However, 
the role and regulatory mechanisms of disulfidptosis in TNBC remain unclear. 

Here, we identified two disulfidptosis-related clusters, which had different OS and immune profiles. Moreover, we constructed a 
five-disulfidptosis-related gene signature (including HLA-DQA2, CCL13, GBP1, LAMP3, and SLC7A11), which was related to prog-
nosis, immune infiltration, drug sensitivity, and immunotherapy response. Furthermore, we established a nomogram by pathologic N 
and risk score, which had a high accuracy for forecasting OS. Our identified disulfidptosis-related clusters and genes may have a great 
significance for the development of effective treatment strategy for TNBC. 

TNBC is highly heterogeneous, resulting in different phenotypes and variable clinical outcomes. For cancer patients with multiple 
phenotypes and different prognosis, an individualized treatment strategy can achieve a better outcome [7], suggesting the clinical 
significance of tumor subtype identification. Molecular subtyping of TNBC through gene expression profiling is indispensable for 
deciphering the intricate molecular profiles of this heterogeneous disease and for crafting tailored treatment regimens [30]. A very 
recent study has also screened disulfidptosis-related subtypes of breast cancer on basis of the disulfidptosis-related gene expression, 
which can be used to stratify patients and guide treatment [31]. Similarly, this study identified two disulfidptosis-related clusters of 
TNBC, which provides valuable insights into the heterogeneity of TNBC and its prognostic implications. The finding that C1 showed a 
worse prognosis than C2 underscored the clinical relevance of these molecular subtypes in guiding patient management decisions. 
Also, C1 had more patients at III and IV stage than C2. These observations suggest that the molecular characteristics associated with 
disulfidptosis may play a crucial role in driving disease progression and influencing patient outcomes, and elucidating the molecular 
underpinnings of disulfidptosis could pave the way for developing targeted therapies and prognostic biomarkers to improve risk 
stratification and treatment strategies for TNBC. 

Moreover, the infiltration proportion of key immune cells, like macrophages, exhibited significant difference between two clusters. 
A close link has been established between high infiltration of tumor-associated macrophages (TAMs) and increased risk of distant 
metastasis in patients with TNBC [32]. Zhang et al. also revealed that TAMs contributed to poor prognosis in TNBC [33]. Furthermore, 
most immune checkpoint genes and HLA family genes were highly expressed in C2. Immune checkpoint genes are pivotal in evading 
self-reactivity and stand as promising predictors for immunotherapy response [34]. HLA genes are important regulators in immune 
presentation and recognition. There is a substantial association between HLA gene expression and tumor immunologic features and 
patient prognosis [35]. These data indicate that patients in C2 may have a higher immunotherapy response than those in C1. 

To further investigate the mechanisms mediating the different outcomes of disulfidptosis-related clusters, we identified DEGs 
between two clusters. Among these DEGs, five genes including HLA-DQA2, CCL13, GBP1, LAMP3, and SLC7A11 were selected for 
construction of a prognostic signature. HLA-DQA2 (Major Histocompatibility Complex, Class II, DQ Alpha 2) is one member of HLA 

Fig. 6. Establishment and validation of a nomogram. A: Univariate and multivariate Cox regression analyses for screening independent prognostic 
factors. B: The constructed nomogram. C: The calibration curves of nomogram. D: The Kaplan-Meier survival curve showed the prognostic value of 
nomogram. E: receiver operating characteristic (ROC) curves showed the predictive performance of nomogram. 
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class II genes that can affect the activity of MHC class II receptor [36]. A previous study has revealed the increased expression of 
HLA-DQA2 in breast cancer [37]. CCL13 (C–C Motif Chemokine Ligand 13) belongs to CC chemotactic factor family and is linked to the 
functionality of M2 macrophages [38]. Franzen et al. demonstrated that CCL13 could promote breast cancer cell proliferation [39]. 
GBP1 (Guanylate Binding Protein 1) belongs to the large GTPase family. GBP1 can be regulated by EGFR signaling in breast cancer cells 
and may be a therapeutic target for TNBC with elevated EGFR expression [40]. Moreover, LAMP3 (Lysosomal Associated Membrane 
Protein 3) exhibits elevated expression in TNBC tissues and is related to tumor metastasis [41,42]. SLC7A11 (Solute Carrier Family 7 
Member 11) contributes to the development of various tumors via regulating cysteine transport. SLC7A1 is involved in breast cancer 
but there is little relationship between SLC7A11 and TNBC [43]. Notably, SLC7A11 is recognized as a major contributor of disul-
fidptosis [12]. In this study, a prognostic model was developed utilizing these genes, which had a good ability for predicting patients’ 
OS. Therefore, we believe that our constructed disulfidptosis-related gene signature is valuable in predicting TNBC prognosis and the 
model genes may be novel prognostic biomarkers for TNBC. Moreover, a nomogram was established by pathologic N and our con-
structed prognostic model (risk score). Nomogram is confirmed as a visualization tool for predicting diseas prognosis and other clinical 
outcomes in cancer patients [44,45]. Our established nomogram demonstrated strong predictive capabilities for OS, potentially of-
fering a straightforward and accurate approach for clinicians to assess the OS of TNBC patients. 

Furthermore, we analyzed the chemotherapy drug sensitivity of different risk groups stratified by disulfidptosis-related gene 
signature, and high-risk patients showed a heightened sensitivity to chemotherapy drugs such as lapatinib. Lapatinib has shown to 
induce apoptosis in TNBC cells [46]. These data confirmed the clinical application of these chemotherapy drugs for patients with 
high-risk scores. Additionally, multiple immune cells had differential infiltration proportion between two risk groups, and high-risk 
patients exhibited increased TIDE scores and reduced immune response rates. These data suggest that low-risk patients may be 
more amenable to immunotherapy, offering a new insight for developing personalized treatment programs. Furthermore, we found 
that there is a strong tendency for high-risk patients to be clustered into C1, whereas low-risk patients were primarily classified into C2. 
These data indicate that patients in C1 might be more sensitive to chemotherapy drugs such as lapatinib, and patients in C2 are likely to 
be more suitable for immunotherapy. However, we did not analyze the drug sensitivity and immunotherapy response of two clusters, 
which need further investigation. 

This research marks the inaugural effort to identify the TNBC subtypes linked to disulfidptosis and to establish a prognostic model 
on the basis of disulfidptosis-related genes. Moreover, this study analyzed the correlation of disulfidptosis-related subtypes and 
prognostic signature with the immune infiltration, clinical characteristics, and immunotherapy response of TNBC patients. Although 
disulfidptosis differs from other recognized cell death methods, our data obtained based on disulfidptosis-related genes not only 
facilitate to predicting TNBC prognosis, but also brings benefits to these patients with different risks by providing insights into their 
prognosis and enabling personalized treatment. Despite these, this study has several limitations. First, our analyses were all based on 
publicly available data, which may cause an inherent case selection bias. Second, the predictive value of the disulfidptosis-related 
prognostic signature was not validated using a clinical cohort. Our molecular subtypes and the model practicality and immuno-
therapy prediction accuracy in the TNBC population should be verified by more multicenter randomized controlled trials and 
immunotherapy datasets. Third, the expression of signature genes was not investigated using clinical TNBC tissues and their regulatory 
mechanisms in TNBC have not yet been experimentally explored. Collectively, further exploration through prospective studies and 
basic research is essential to perfect the details of this study. 

In sum, two TNBC clusters linked to disulfidptosis were recognized, and C1 had a worse prognosis and a lower immunotherapy 
response than C2. Moreover, a five-disulfidptosis-related gene signature could be a powerful prognostic biomarker for TNBC, which 
was related to drug sensitivity of some chemotherapy such as lapatinib as well as immunotherapy response. Our findings lay a basis for 
accurate prognosis evaluation and personalized treatment for TNBC. 
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