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Breast cancer (BC) is a malignant tumor with high morbidity and mortality, which seriously threatens women’s health worldwide. Pyroptosis is closely correlated with immune landscape and the tumorigenesis and development of various cancers. However, studies about pyroptosis and immune microenvironment in BC are limited. Therefore, our study aimed to investigate the potential prognostic value of pyroptosis-related genes (PRGs) and their relationship to immune microenvironment in BC. First, we identified 38 differentially expressed PRGs between BC and normal tissues. Further on, the least absolute shrinkage and selection operator (LASSO) Cox regression and computational biology techniques were applied to construct a four-gene signature based on PRGs and patients in The Cancer Genome Atlas (TCGA) cohort were classified into high- and low-risk groups. Patients in the high-risk group showed significantly lower survival possibilities compared with the low-risk group, which was also verified in an external cohort. Furthermore, the risk model was characterized as an independent factor for predicting the overall survival (OS) of BC patients. What is more important, functional enrichment analyses demonstrated the robust correlation between risk score and immune infiltration, thereby we summarized genetic mutation variation of PRGs, evaluated the relationship between PRGs, different risk group and immune infiltration, tumor mutation burden (TMB), microsatellite instability (MSI), and immune checkpoint blockers (ICB), which indicated that the low-risk group was enriched in higher TMB, more abundant immune cells, and subsequently had a brighter prognosis. Except for that, the lower expression of PRGs such as GZMB, IL18, IRF1, and GZMA represented better survival, which verified the association between pyroptosis and immune landscape. In conclusion, we performed a comprehensive bioinformatics analysis and established a four-PRG signature consisting of GZMB, IL18, IRF1, and GZMA, which could robustly predict the prognosis of BC patients.
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INTRODUCTION
Breast cancer (BC) is the most prevalent malignancy and most common cause of cancer-related mortality in women, seriously endangering women’s health and life. The GLOBOCAN2020 reported that BC surpassed lung cancer as the first cause of global cancer incidence in females, with 2,261,419 new cases and nearly 680,000 deaths in 2020 (Hyuna et al., 2021). At present, the common therapeutic methods of BC include surgery, chemotherapy, radiotherapy, and traditional Chinese medicine. With recent advances in medical technology, the diagnosis and treatment of BC is enhanced substantially along with prolonged survival, while long-term survival remains low. In addition, BC is highly heterogeneous and the occurrence and progression are complicated involving multifactorial mechanisms. Therefore, it is essential to carry out an in-depth study of the molecular mechanisms of BC to find the appropriate biomarkers for BC diagnosis and therapy.
Pyroptosis is described as certain programmed cell death induced by inflammasomes and executed via the gasdermin protein, and characterized as releasing inflammatory cytokines, which is involved in various types of cancers, such as colon, liver, and breast (Jianjin et al., 2017). Gasdermin D (GSDMD) is a key downstream effector in cell pyroptosis. The average expression level of GSDMD in gastric cancer (GC) tissues was lower than that in normal tissues. Knockdown of GSDMD could activate JAK/STAT3, PI3K/AKT, and ERK/MAPK pathways, resulting in the tumorigenesis of GC (Jie et al., 2018). Meanwhile, GSDMD silencing promoted cell proliferation and mediated malignant biological behaviors through inhibiting PKA signaling pathway (Dan et al., 2019). Similarly, induction of pyroptosis could suppress the proliferative capacity of hepatocellular carcinoma (HC) cells. Studies revealed that NLRP3 expression was significantly lower in tumors compared with normal tissues, which was positively correlated with the histological grade of HC patients (Qing et al., 2014). Moreover, the expression of caspase-1, IL-1β, and GSDMD was negative correlation with increasing tumor grade, clinical stage, and poor clinical prognosis in BC, indicating pyroptosis played a central role in BC tumorigenesis and progression (Xia et al., 2020). Based on a close correlation between pyroptosis and cancer progression and prognosis, multiple pyroptosis gene-based studies of prognostic biomarkers have been identified and used for the construction of a gene signature with prognostic predictive power. For instance, seven-gene score, which reflects tumor cell proliferation, is both a prognostic and predictive biomarker for ovarian cancer (Ying et al., 2021). Besides, a “pyroptosis gene regulatory signature” was derived, consisting of nine genes whose expression best predicted skin cutaneous melanoma patient outcome (Anji et al., 2021). However, the prognostic value of pyroptosis gene signature in BC has not yet been fully elucidated.
In summary, we performed a comprehensive analysis of the expression pattern of pyroptosis gene between normal tissues and tumor tissues, and constructed a predictive pyroptosis gene-based risk model, subsequently investigating the correlation between pyroptosis and clinical features, immune microenvironment and immunotherapy responsiveness, providing accurate and efficient diagnostic and prognostic biomarkers of BC.
MATERIALS AND METHODS
Data Collection
The RNA expression profiles, somatic datasets of BC patients, and the corresponding clinical data were obtained using the TCGA database (https://portal.gdc.cancer.gov/), GEO (https://www.ncbi.nlm.nih.gov/geo/), and International Cancer Genome Consortium (ICGC. https://dcc.icgc.org/). Detailed clinical information of the BC patients is displayed in Table 1.
TABLE 1 | The clinical characteristics of BC patients from the TCGA and GEO databases.
[image: Table 1]Identification of Differentially Expressed PRGs
A total of 52 PRGs were retrieved from preliminary studies, which are listed in Table 2. To better screen the differentially expressed genes, the “sva” package was performed to normalize the RNA-Seq data to fragment per kilobase million (FPKM) values from the TCGA and GEO datasets to eliminate the batch effect via batch effects correction before comparison. The “limma” package was used to identify differentially expressed genes (DEGs) between BC and normal tissues with the p-value < 0.05. Besides we conducted a protein-protein interaction (PPI) network for the DEGs to figure out the interaction via Search Tool for the Retrieval of Interacting Genes (STRING v11.5, https://string-db.org/), in which minimum required interaction score was set as 0.4, representing the degree of the interactions including co-expression, co-occurrence, etc.
TABLE 2 | 52 pyroptosis-related genes.
[image: Table 2]Mutation Analysis of PRGs
The somatic mutation spectrum of 52 PRGs from VARSCAN in BC patients was generated by the “maftools” package based on the MAF in TCGA dataset, which was illustrated in several waterfall plots.
Consensus Clustering
Consensus clustering is a method that provides quantitative evidence for determining the number and members of possible clusters in a dataset, which uses agglomerative pam clustering with a 1-Pearson correlation distances and resampling 80% of the samples for 10 repetitions, gaining a consensus on an observation’s cluster assignment based on their assignments in all the iterations of the clustering algorithm. R packages “limma” and “ConsensusClusterPlus” were performed to classify the patients based on the DEGs via the suitable clustering variable (k). Besides, R package “survival” and “survminer” were utilized to analyze the correlations between clusters and OS, subsequently presenting the results as Kaplan-Meier (KM) curves.
Construction and Validation of PRGs-Based BC Prognostic Model
Based on the expression level of the DEGs and the OS of each patient, Cox regression analysis was used to evaluate the correlations between each gene and survival status to select candidate key genes in the TCGA cohort (p < 0.05). Meanwhile, the LASSO Cox regression was performed with 10-fold cross-validation and a p value of 0.05 for every 1000 cycles to prevent overfitting. SVM (R package “e1071”) and random forest (R package “randomForestSRC”) were then utilized to identify and develop the prognostic model. Ultimately, the risk model was established and calculated by the expression of four genes and their coefficients, which are listed in Table 3. Risk Score = ∑(Xi × Yi) (X: coefficients, Y: gene expression). Based on the median risk score, patients were classified into low- and high-risk groups, and the survival outcomes were investigated between the two subgroups via KM analysis. Besides, principal component analysis (PCA) and t-SNE based on the 4-gene signature were performed via the “t-SNE” R package. The “survival,” “survminer”, and “timeROC” R packages were employed to perform a 1-, 3-, and 5-year ROC curve analysis. For the external validation studies, a BC cohort from the GEO database (GSE20685) was obtained. Following the formula in TCGA, the risk score was calculated and the patients in the GSE20685 cohort were applied to verify the risk model.
TABLE 3 | The four prognosis-associated PRGs identified by univariate and multivariate Cox regression analysis.
[image: Table 3]Independent Prognostic Analysis
The clinical information of patients in the TCGA cohort and the GEO cohort was analyzed in combination with the risk score. We performed univariate and multivariable Cox regression to evaluate whether the risk model was a predictive prognostic factor (Table 4). Moreover, we also developed a nomogram to predict patients’ survival prognosis, which consists of clinical parameters and risk score.
TABLE 4 | Univariate and multivariate analyses of different clinical characteristics in TCGA cohort and GEO cohort.
[image: Table 4]Functional Enrichment Analysis
The DEGs between the low- and high-risk groups were filtered according to specific criteria (|log2FC| ≥ 1 and FDR < 0.05) and were carried out with GO and KEGG analyses via the “clusterProfiler” package.
Immune Infiltration, Tumor Mutation Burden, and Microsatellite-Instability Analysis
We performed the ssGSEA and CIBERSORT to evaluate the correlation between the scores of infiltrating immune cells and the activity of immune-related pathways and the risk score. Besides, Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE) was conducted to calculate the immune scores which determine stromal score, immune score, estimate score, and tumor purity. In TMB and MSI analysis, Spearman’s correlation analysis was performed to investigate the correlation between TMB and MSI score and gene expression level. Ultimately, we utilized the tumor immune dysfunction and exclusion (TIDE) algorithm to predict potential ICB response of patients in ICGC, which used several gene expression markers to evaluate two different mechanisms of tumor immune escape, including the dysfunction of tumor infiltrating cytotoxic T lymphocytes (CTL) and the rejection of CTL via immunosuppressive factors. The higher the TIDE score, the poorer the efficacy of ICB, the shorter the survival time after ICB treatment.
Validation of the Expression of the Genes in Risk Signature
All the specimens were from thyroid and breast surgery in Renmin Hospital of Wuhan University. All the patients provided informed consent and were approved by the Ethics Committee of Renmin Hospital of Wuhan University to collect 9 cases of BC tissues and corresponding paracancerous tissues. The clinicopathological parameters of patients are shown in Supplementary Table S1. Total RNA from breast cancer and paracancerous tissue samples was extracted and real-time PCR analysis was performed to validate the expression of the prognostic genes in the risk signature, where GAPDH was used as an internal control.
Cell Culture
MCF-7 cells were grown in high glucose Dulbecco’s Modified Eagle’s media with 10% fetal bovine serum and 1% penicillin/streptomycin at 37°C and 5% CO2. MCF-7 cells were plated on the 6-well plate and grown to 60%. After incubation of different concentrations of LPS (0, 5, 10, 20, 40, and 80 ug/mL), the cell lysate of MCF-7 was extracted and RT-PCR was performed.
Statistical Analysis
All statistical analyses were conducted with R (v3.6.1). To compare the PRGs expression between the normal and BC tissues and the immune infiltration levels between the high- and low-group, the Wilcoxon test was applied, while the log-rank test was utilized to compare the OS between subgroups.
RESULTS
The Potential Association Between Pyroptosis and BC
We compared 52 PRGs expression levels between 113 normal and 1109 tumor tissues from TCGA, and identified 38 DEGs (p < 0.05). As shown in Figure 1A, 17 genes (IL6, TP63, ELANE, NLRP1, PJVK, GSDME, NLRP3, NOD1, IL1B, CASP1, CASP4, CHMP3, SCAF11, GPX4, IRF2, TIRAP, and PLCG1) were downregulated while 21 genes (CASP8, CHMP6, GSDMB, CHMP4C, CHMP2A, CHMP2B, CYCS, CASP3, IRF1, CASP6, BAK1, GSDMD, GZMA, BAX, IL18, NLRP6, NOD2, PYCARD, AIM2, GSDMC, and NLRP7) were upregulated in tumor tissues. PPI networks were constructed to further explore the interactions of these PRGs, which were shown in Figure 1B. The minimum required interaction score for the PPI analysis was set at 0.4, and we determined that AIM2, BAK1, BAX, CASP1, CASP3, CASP4, CASP8, GSDMD, IL18, and IL6 were hub genes, which had been demonstrated by the correlation network presented in Figure 1C.
[image: Figure 1]FIGURE 1 | Identification of 38 differentially expressed pyroptosis-related genes and the interactions among them. (A) Heatmap of the differential pyroptosis-related gene expression between normal and tumor samples (*: p < 0.05, **: p < 0.01, ***: p < 0.001). (B) PPI network showing the interactions of the PRGs (interaction score = 0.4). (C) The correlation network of the pyroptosis-related genes.
Somatic Alteration of PRGs in BC
As shown in Figures 2A,B, 77 of 149 (51.68%) samples suffered genetic mutations. When referring to variant type, missense mutation was the most frequent variant classification (Figure 2A). In addition, Supplementary Figure S1 illustrated C > T ranked the top in the SNV class. We also demonstrated that CASP8 was the highest mutated gene accounting for 10%, followed by NLRC4 and NLRP3 (Figure 2B).
[image: Figure 2]FIGURE 2 | Somatic alterations of PRGs in BC. (A) Summary of the mutation in TCGA. (B) Waterfall of the mutation in TCGA (the upper pane refers to the frequency of somatic PRG mutations in each patient in the 149 patients; the lower pane refers to the somatic mutation frequency of one PRG in all 149 patients).
Characterization of Different BC Clusters Based on PRGs
Consensus clustering analysis was performed to explore the correlation between PRGs and BC subtypes in the TCGA cohort. To acquire the most suitable clusters that were characterized as distinct and overlapping, k = 2 were chosen. The results demonstrated that the 1076 BC patients could be well classified into two clusters (Figure 3A) (Supplementary Figure S2). The clinical parameters including the T (T1-4), N(N0-3), M (M0-1), stage (stage1–4), and age (≤65 or >65 years) and the expression profiles of DEGs between the two subgroups (CASP1, CASP4, GZMB, IL18, IL1B, IRF1, AIM2, GSDMB, GSDMC, IL6, NLRC4, NLRP1, NLRP3, TNF, and GZMA) are displayed in a heatmap (Figure 3B). Stepwise, the KM curves showed that cluster 1 had a significantly poorer OS than cluster 2 (p = 0.028), suggesting that the PRGs were strongly connected with patients’ survival (Figure 3C).
[image: Figure 3]FIGURE 3 | Tumor classification based on the pyroptosis-related DEGs. (A) 1076 BC patients were grouped into two clusters according to the consensus clustering matrix (k = 2). (B) Heatmap and the clinicopathological characters of the three clusters classified by these DEGs. (C) Kaplan–Meier OS curves for the two clusters.
Construction of a Pyroptosis-Related Model Through Computational Biology Techniques
After integrating the gene expression and clinical information, four candidate prognosis-related PRGs were identified via Cox regression analysis (Figure 4A). Further performing the least absolute shrinkage and selection operator (LASSO) regression analysis, SVM, and random forest, a 4-gene signature was constructed, which consisted of GZMB, IL18, IRF1, and GZMA (Figures 4B,C). Eventually, the risk-score equation was as follows: risk score = (−0.024* GZMB exp.) + (−0.139* IL18 exp.) + (−0.079* IRF1 exp.) + (−0.143* GZMA exp.). The risk score of the patients was calculated and ranked according to the above formula, where 1076 patients were divided into low- and high-risk subgroups (Figure 4D). The principal component analysis (PCA) and t-SNE showed that patients with different risks were well separated into two clusters (Figure 4E). High-risk patients showed the significantly lower OS, which was observed via the KM curve (Figures 4F,G). Besides, a total of 327 BC patients from a GEO cohort (GSE28065) were applied to assess the reliability and robustness. Based on the same risk score in the TCGA cohort, 327 patients in the GEO cohort were divided into the high- and low-risk group, respectively (Supplementary Figure S3A). Supplementary Figure S3B shows satisfactory separation between the two subgroups via PCA and t-SNE. Besides, the distribution of risk score and OS of patients was exhibited in Supplementary Figure S3C. What is more important, survival analysis indicated that there was remarkable difference between the low- and high-risk groups, demonstrating good predictive accuracy (p =  0.045, Supplementary Figure S3D). Eventually, we compared the predictive value between the risk model and other established signatures, which demonstrated that our risk model had a higher C-index and better prognostic efficiency (Figure 5E).
[image: Figure 4]FIGURE 4 | Establishment of a risk model based on TCGA cohort. (A) A forest plot consists of four OS-related genes via univariate Cox analysis. (B–F) Four OS-related genes signature was constructed through LASSO, SVM, and random forest. (G) The distribution and median value of the risk scores. (H) PCA and t-NSE plots for patients based on the risk score. (I) The distributions of OS status in each patient. (J) Kaplan–Meier curves for the OS of patients in the high- and low-risk groups.
[image: Figure 5]FIGURE 5 | Independent prognostic value of the risk model. (A) Univariate analysis in the TCGA cohort. (B) Multivariate analysis in the TCGA cohort. (C) Univariate analysis in the GEO cohort. (D) Multivariate analysis in the GEO cohort. (E) Heatmap for the connections between clinicopathological features and the risk groups. (F) Construction of a nomogram to predict survival of patients based on clinical parameters and risk score in the TCGA cohort. (G) Construction of a nomogram to predict survival of patients based on clinical parameters and risk score in the GEO cohort. (H) Calibration curves for the nomogram based on the TCGA cohort. (I) Calibration curves for the nomogram based on the GEO cohort.
Independent Prognostic Value of the Risk Model
To evaluate the independence of the risk model, univariate and multivariable Cox regression analyses were applied. The univariate Cox analysis revealed that age, T stage, N stage, M stage, and risk score were independent factors affecting the prognosis of BC patients, multivariate analysis demonstrated that age and risk score were independent factors in the TCGA cohort (Figure 5A,B). In the GEO cohort, both univariate and multivariate analysis implied that the risk score was a prognostic factor (Figures 5C,D). Meanwhile, we generated a heatmap of clinical features for the TCGA cohort, but there was no significant difference between clinical parameters and survival (Figure 5E). Based on the clinicopathologic features and the risk score, we constructed a predictive nomogram to predict the survival probability. The predictive nomogram was applied to predict 1-year, 3-year, and 5-year survival probabilities of BC patients in TCGA and GEO (Figures 5F,G). Furthermore, the calibration and the C-index confirmed the promising ability to predict the survival of patients (Figures 5H,I).
The Risk Model Implicated Strong Association With Landscape of Immune Microenvironment
To further understand the biological function of the DEGs between the high- and low-risk groups based on the prognostic risk model, we identified 179 DEGs via the “limma” package (FDR<0.05). Of these DEGs, 177 genes were downregulated, while another two genes were upregulated in the high-risk group (Table 5). Gene ontology (GO) enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis were then employed, demonstrating that the DEGs were mainly associated with the regulation of lymphocyte activation, external side of plasma membrane, antigen binding, and tryptophan metabolism (Supplementary Figure S4). According to the functional analyses, it was interesting to observe that the biological processes were enriched in immune functions and pathways, indicating the risk model was closely associated with immune responses. Therefore, we further conducted and compared the enrichment scores of 16 types of immune cells and the activity of 13 immune-related pathways between the low- and high-risk groups via the single-sample gene set enrichment analysis (ssGSEA). Compared with the high-risk group, the low-risk subgroup generally had higher levels of infiltration of immune cells, which included aDCs, B cells, CD8+ T cells, DCs, iDCs, macrophages, mast cells, neutrophils, natural killer (NK) cells, T helper (Th) cells, tumor-infiltrating lymphocytes (TILs), and regulatory T (Treg) cells in TCGA cohort (Figure 6A). Additionally, the low-risk group also exhibited higher activity in immune pathways than in the low-risk group in the TCGA cohort (Figure 6B). Similar conclusions were presented when retrieving the immune status in the GEO cohort (Figure 6C). Except for the mast cells, the other immune cells were lower in the high-risk group (Figure 6D). Furthermore, the R package “estimate” was utilized to investigate the relativity between tumor microenvironment and risk score in TCGA. These results confirmed that the risk score was positively correlated with tumor purity, while negatively with stromal score, immune score, and estimate score (Figures 6E–H).
TABLE 5 | DEGs between the low- and high-risk groups in the TCGA cohort.
[image: Table 5][image: Figure 6]FIGURE 6 | Immune microenvironment between high- and low-risk group patients in the TCGA and GEO cohorts. (A) Comparison of the enrichment scores of 16 types of immune cells between high-risk and low-risk groups in TCGA. (B) Comparison of the enrichment scores of 13 immune-related pathways between high-risk and low-risk groups in TCGA. (C) Comparison of the enrichment scores of 16 types of immune cells between high-risk and low-risk groups in GEO. (D) Comparison of the enrichment scores of 13 immune-related pathways between high-risk and low-risk groups in GEO. (E) The relationship between tumor purity and risk score in the TCGA cohort. (F) The relationship between stromal score and risk score in the TCGA cohort. (G) The relationship between immune score and risk score in the TCGA cohort. (H) The relationship between estimate score and risk score in the TCGA cohort.
Low-Risk Patients Predicted More Sensitive Immunotherapies and Favorable Prognosis
Several studies have shown that patients with higher TMB were associated with enhanced response, long-term survival, and long-lasting clinical benefits when receiving immune checkpoint blocking therapy (Bo et al., 2020). MSI was also identified as a predictive biomarker for cancer immunotherapy (Liisa et al., 2018). Pearson analyses were conducted to investigate the correlation between PRGs and TMB, MSI, and ICB in BC, thus investigating whether these PRGs could also serve as biomarkers for immunotherapy. The results revealed a positive correlation between TMB and GZMA (Figure 7A, p = 2.56e-5), GZMB (Figure 7B, p = 2.45e−16), IL18 (Figure 7C, p = 0.003), and IRF1 (Figure 7D, p = 0.004). More importantly, we also deeply explore the relationship between TMB and risk in TCGA cohort, indicating that patients in the high-risk group had a poorer TMB than the low-risk group (Figure 7E p < 0.05). However, there was no significant correlation between MSI and GZMA, GZMB, IL18, IRF1, and risk score in MSI analysis (Supplementary Figure S5). TIDE was used to evaluate two different mechanisms of tumor immune escape, thus providing predicted results about immunotherapy (Peng et al., 2018). The higher the TIDE score, the worse the efficacy of ICB, subsequently the shorter the OS. To better illustrate the predictive power of the PRGs for immunotherapy, TIDE was applied in the ICGC cohort. Surprisingly, the results indicated that the expression of GZMA, GZMB, IL18, and IRF1 were negatively correlated with TIDE and positively correlated with ICB (Figures 7F–I).
[image: Figure 7]FIGURE 7 | TMB, MSI, and ICB analysis of PRG in the TCGA and ICGC cohorts. (A) The correlation between GZMA and TMB in TCGA. (B) The correlation between GZMB and TMB in TCGA. (C) The correlation between IL18 and TMB in TCGA. (D) The correlation between IRF1 and TMB in TCGA. (E) The correlation between risk score and TMB in TCGA. (F) The distribution of immune response scores between high and low expression of GZMA in ICGC. (G) The distribution of immune response scores between high and low expression of GZMB in ICGC. (H) The distribution of immune response scores between high and low expression of IL18 in ICGC. (I) The distribution of immune response scores between high and low expression of IRF1 in ICGC.
The Distinction of the Immune Status and Immunotherapy Between the Two Groups
To further investigate the relationship between the immune status and the risk groups, GSEA was employed to demonstrate different biological functions and pathways between groups (Supplementary Figure S6A). The KEGG results indicated that “natural killer cell mediated cytotoxicity” pathway was enriched in the low-risk group. Besides, “adaptive immune response” was found to be enriched in the low-risk group, which exhibited certain associations between immunity and risk (Supplementary Figure S6B). Meanwhile, we compared the enrichment of 22 kinds of immune cells between high- and low-risk groups, which showed that the low-risk group generally had higher levels of immune cells, such as CD8+T cell, CD4+T cell, T helper cell, regulatory T cell, gamma delta T cell, M1 macrophage, resting dendritic cell, and lower levels of M0, M2 macrophages and resting mast cells, than the high-risk group (Figure 8). Not only that, but also the Kaplan-Meier curves with immune cells and immune functions are listed in Supplementary Figures S7 and S8. To illustrate the relationship between immunotherapeutic responses and the risk, we explored the expression of several immune checkpoints. As shown in Supplementary Figure S9, all immune checkpoints were overexpressed in the low-risk group, such as CD274, CTLA4, HAVCR2, LAG3, PDCD1, PDCD1LG2, TIGIT, and SIGLEC15, indicating that patients in the low-risk group were more susceptible to immunotherapy. Then TIDE was utilized to assess the immunotherapy response of patients in the two groups. TIDE, incorporating various gene expression markers to evaluate tumor immune escape mechanisms, could predict potential immunotherapy response. The higher the TIDE score, the worse the efficiency of the immune checkpoint blocking therapy, subsequently the shorter the survival. In our results, the high-risk group had a lower TIDE score, representing that high-risk group patients responded to immunotherapy more effectively. Also, the results indicated that the high-risk group had a higher MSI and T cell exclusion score, while the low-risk group had a higher T cell dysfunction score. Eventually, we compared the prognostic values of the risk model, TIDE, and T-cell-inflamed signature (TIS) (Figure 9A). Interestingly, our risk model might have better sensitivity and specificity than they do (Figure 9B).
[image: Figure 8]FIGURE 8 | The enriched immune cells and immune functions between high- and low-risk groups via CIBERSORT.
[image: Figure 9]FIGURE 9 | Evaluation and comparison of the TIDE score between high- and low-risk groups. (A) The comparisons of the dysfunction, exclusion, MSI, and TIDE scores between high- and low-risk groups. (B) The comparison of the predictive efficiency between the model and TIDE, TIS scores.
The Expression Validation of the Candidate Genes
We investigated the prognostic values of the four genes, higher expression of GZMA, GZMB, IL18, and IRF1 indicated better prognosis (Figure 10A). To further confirm the expression of the four prognostic genes, we obtained BC and normal breast tissues from patients including 9 Lumina A cancer samples and 9 normal tissues. Consistent with our results in the database, GZMA, GZMB, IL18, and IRF1 were decreased in tumor tissues than normal tissues (Figure 10B). In addition, to further investigate the role of IL18 in BC cells, we activated the NF-kB pathway via lipopolysaccharide (LPS) in MCF-7 and then measured the expression of IL18 in those cells using RT-PCR. The results indicated that the expression of IL18 was significantly increased when treated with different concentrations of LPS (Figure 10C). Besides, IL18 was found to be increased in BC samples than normal samples. In general, the above results demonstrated a close relationship between inflammation, pyroptosis, and BC , and further studies were needed to elucidate the mechanism.
[image: Figure 10]FIGURE 10 | The expression validation of the candidate genes. (A) The Kaplan-Meier curves of BC patients between high and low expression of the candidate genes. (B) The expression of the four candidate genes between tumor and normal tissues. (C) The mRNA expression of IL 18 after incubating via different concentrations of LPS in MCF-7.
DISCUSSION
Pyroptosis, a form of programmed cell death, has a dual role in tumorigenesis. On the one hand, normal cells go through multiple inflammatory molecules released during pyroptosis, which ultimately lead to their transformation into neoplastic cells (Karki and Kanneganti, 2019). On the other hand, pyroptosis stimulates the accidence of tumor cell deaths, making pyroptosis a promising therapeutic target (Ruan et al., 2020). Hence, it is essential to explore and establish a pyroptosis-related diagnostic and prognostic signature to clarify the significance of pyroptosis. Nevertheless, the specific risk model has not been constructed, which will be accomplished in our study.
In current study, we found that most PRGs are differentially expressed in BC, suggesting the potential role in tumorigenesis, which was consistent with the research by Zhang, that GSDME, functioning as a tumor suppressor, suppressed tumor progression via inducing pyroptosis (Ziwen et al., 2021). Subsequently, we classified BC patients into two different groups based on the expression of PRGs. More importantly, there existed a difference between groups, further demonstrating the possibility of PRGs as prognostic biomarkers.
Next, we performed LASSO Cox regression analysis to construct a prognostic gene model based on four prognostic PRGs (GZMB, IL18, IRF1, and GZMA), which could predict the overall survival of BC patients.
Granzyme B (GZMB), a main member of a family of serine proteases, is also a toxic granule secretase produced by cytotoxic T lymphocytes and natural killer cells in the tumor microenvironment. In addition, GZMB could cleave and thereby activate downstream caspase-3 and promote apoptosis of target cells owing to the hydrolytic activity. Similar with the above site, GZMB cleaved gasdermin E (GSDME) to cause pyroptosis instead of apoptosis, thus enhancing the patients’ anti-tumor immune response, which inhibits tumor growth (Zhibin et al., 2020). A recent study found that GZMB was highly expressed in higher infiltrating T lymphocytes, while downregulated in CRC with vascular invasion, lymphatic invasion, and lymph node positivity, indicating that the downregulation of GZMB strongly correlated with early metastasis in CRC (Paul et al., 2011). Meanwhile, the prognostic gene model of CRC found that the higher the expression level of GZMB, the longer the OS of patients, suggesting that GZMB functioned as a promising tumor suppressor in CRC. Enrichment analysis also demonstrated that GZMB participated in the occurrence and development of CRC via regulating immune-related signaling pathways (Yuanyu et al., 2020). Intensive studies have been conducted and found that LINC02474 restrained GZMB expression to suppress the proliferation and metastasis of colorectal cancer cells (Tiantian et al., 2021). This had also been reported in BC and the following observations indicated that the expression of GZMB in invasive BC was 4.910 times higher than that in normal tissues (Finak et al., 2008). Interestingly, our study suggested that GZMB acted as a tumor suppressor in BC, and its expression was significantly decreased in the high-risk group, which was consistent with previous results.
Inflammasome activation also initiates a programmed cell death termed pyroptosis, then ends to the release of cell contents and many inflammatory factors, such as IL-1β and Interleukin-18 (IL-18). IL-18 is a pleiotropic pro-inflammatory cytokine belonging to the IL-1 superfamily, playing an essential role in inflammatory responses and cancers (Maryam and Abbas, 2017). It was found that IL-18 released by inflammasomes protected GC cells from apoptosis to stimulate the progression (Virginie et al., 2018). IL-18 levels inversely correlated with patient prognosis and lower IL-18 levels were observed in surviving patients (Nakamura et al., 2018). Further study on the mechanism of IL18 in PDAC showed that Pin1 promoted the proliferation and progression of pancreatic cancer cells by increasing the expression of IL-18 and continuously activating NF-kB cell pathway (Sun et al., 2020). However, in this study, we found that the expression of IL18 was significantly decreased in the high-risk group, suggesting that IL18 might act as a tumor suppressor to prevent the progression of BC, which was controversial with previous research. Therefore, it was possible that IL18 held multiple roles in different tumors, and our findings provided an insight for the investigation of IL18-mediated carcinogenesis and development of BC.
Interferon regulatory factor (IRF)-1, also called interferon regulatory factor 1, is encoded by the IRF1 gene in humans (Komatsu et al., 2016). IRF1 is the first member of the IRF family of transcription factor and widely expressed in various tissues, capable of activating or repressing the transcription of multiple target genes (Martinović et al., 2015). In addition to the function of transcription factor, IRF1 could also activate the expression of tumor suppressor p53 and pyroptosis key factor GSDMD, and regulate various types of cell death under different experimental conditions, including apoptosis, pyroptosis, and necroptosis (Ratana et al., 2016). It was found that the expression of IRF1 in CRC was significantly lower than that in normal tissues. Overexpression of IRF1 could inhibit the proliferation, migration, and metastasis of CRC cells. Further study on the mechanism showed that IRF1 mediated the anticancer effect by inhibiting the RAS-RAC1 pathway (Min et al., 2019). IRF1 also played a role of tumor suppressor gene in non-small cell lung cancer (NSCLC). The expression of IRF1 in NSCLC was significantly lower than that in normal tissues, and the expression level was positively correlated with prognosis which inhibited the proliferation of NSCLC by negatively regulating the expression of carcinogenic KPNA2 under growth stimulation and hypoxia (Min et al., 2019). IRF1 also had a tumor inhibitory effect in BC. The results showed that the low expression of IRF1 in BC patients was closely related to the risk of recurrence and death. Overexpression of IRF1 could significantly reduce the occurrence of human BC xenografts (Cavalli et al., 2010). Although IRF1 was currently involved in the occurrence and development of many kinds of tumors, it was rare to promote or inhibit tumors through the influence of pyroptosis. A study on CRC had found that IRF1 could mediate a variety of cell death modes such as apoptosis, necrosis, and pyroptosis, which included that IRF1 could promote the expression of GSDMD to induce cell pyroptosis and inhibit CRC proliferation (Rajendra et al., 2020). Our study found that IRF1 was in favor of good prognosis in BC, but the relationship between IRF1-mediated cell death and the occurrence and development of BC and other tumors had not been elucidated in detail. Further research was needed to clarify the mechanism in the future.
Similar with GZMB, GZMA is a member of the serine protease family. GZMA cleavaged and activated GSDMB to induce target cells pyroptosis produced by cytotoxic lymphocytes. This immune effect mechanism promoted CTL-mediated tumor clearance, which was traditionally considered to be an antineoplastic drug (Zhiwei et al., 2020). However, contrary results had been observed in CRC. The expression of GZMA in CRC was positively correlated with inflammatory reaction and malignance, which suggested that GZMA was involved in the malignant progression of colorectal cancer. Further exploring the mechanism showed that GZMA enhanced the inflammatory response and mediated tumor progression by inducing the production of IL6 in macrophages and activating pSTAT3 pathway in cancer cells (Llipsy et al., 2020). In our study, GZMA functioned as a tumor suppressor, which was positively correlated with the prognosis of BC, but whether it affected the occurrence and development of BC through cell pyrolysis still needs to be confirmed in vivo and in vitro.
Pyroptosis was found to play a dual role in tumor occurrence and development, by participating in tumorigenesis and anti-tumor immunity at all stages of tumor development. On the one hand, long-term chronic inflammation can promote the development of a tumor; on the other hand, the sudden activation of pyroptosis will lead to the infiltration of a variety of immune cells and inhibit tumor progression (Galluzzi et al., 2017). Functional enrichment analysis of DEGs in high- and low-risk groups, we also found that these DEGs were mainly involved in inflammatory response and immune response, suggesting that pyroptosis could regulate inflammatory response and immune response. Based on the close relationship between pyroptosis and tumor immunity, we found that the proportion of anti-tumor immune cells in the low-risk group was significantly higher than that in the high-risk group, suggesting that the immune function of the high-risk group was impaired as a whole, while surprisingly, the proportion of Treg cells in the low-risk group was also significantly higher, which should be further studied on the regulation of TREG cells in the tumor microenvironment of BC. At the same time, the immune activation pathway in the low-risk group scored more than that in the high-risk group, which was also verified in the GEO dataset. Combined with the above results, the poor prognosis of high-risk BC might be caused by low anti-tumor immunity. Except for that, we also ranked the immune score in the high- and low-risk group and found that the immune score and matrix score in the low-risk group were significantly higher than those in the high-risk group, while the tumor purity in the low-risk group was lower. In line with previous studies, patients with high-risk BC had higher tumor purity, lower immune levels, and poor prognosis. It is worth noting that tumor purity refers to the proportion of tumor cells in tumor tissue, which is composed of immune cells, stromal cells, and so on. Studies have found that tumor purity is significantly related to the clinical characteristics, genome expression, and biological characteristics of tumor patients. Ignoring the influence of tumor purity can lead to systematic bias in the process of tumor genotyping, risk of recurrence, and prediction of curative effect (Dvir et al., 2015). Nevertheless, tumor purity largely depends on the sampling procedures, and the purity of standard tumor surgical samples is usually less than 70%. As a result, tumor purity cannot be used as a good indicator of tumor classification and prognostic markers. In terms of our established risk model, it was related to tumor purity to a certain extent, but there were still great obstacles to applying it to the clinic and more in-depth research and detection methods are needed in the future. Therefore, our research results are only based on the TCGA database, which can only explain the correlation between each other to a certain extent and provide clues for further research.
In recent years, major advances have been made in cancer immunotherapy, thereby drastically improving the prognosis of cancer patients. The combination that integrates immunotherapy with chemotherapy, radiation therapy, and targeted molecular therapy benefits from different molecular types of BC. Nevertheless, biomarkers or models that provide accurate prognosis predictions are still lacking. Currently available biomarkers to predict immunotherapy efficacy mainly include TMB and microsatellite instability. TMB is referred to as a whole number of gene variants. Clinical data demonstrated that patients with high TMB were more likely to benefit from immune checkpoint inhibitor therapy, which suggested that TMB should be an appropriate biomarker for assessing the effect of immune treatment (Rizvi et al., 2015). MSI is a condition of genetic hypermutability that results from impaired DNA MMR function, which has been proven to be one of the valuable biomarkers for the clinical efficacy of anti-PD-1/PD-L1 immune checkpoint inhibitors (Dudley et al., 2016). Therefore, in this study, we analyzed the relationship between the four core genes in the risk model, risk score, and MSI and TMB. It was found that the expression levels of GZMA, GZMB, IL18, and IRF1 were positively correlated with TMB, suggesting that these four PRGs might be potential predictors of TMB. At the same time, we also found that the level of TMB in the low-risk group was significantly higher than that in the high-risk group, indicating that the benefit of immunotherapy in the low-risk group was better than the high-risk group. Then we observed that the high expression of GZMA, GZMB, IL18, and IRF1 promoted the efficacy of immune checkpoint blocking therapy and effectively improved the prognosis of patients. Eventually, we verified the expression of model genes in clinical samples and explored the link between inflammation and pyroptosis in BC to a certain extent. In BC, LPS was used to activate the NF-kB signaling pathway, causing cellular inflammation, inducing the occurrence of pyroptosis. Meanwhile, we detected the expression level of IL18 and found that the expression level was significantly increased, and it had also been verified to be overexpressed in BC tissue based on the TCGA cohort, indicating that there was a close relationship between cellular inflammation, pyroptosis, and BC, and further studies are needed to clarify the mechanism.
In summary, we constructed a PRG-based prognostic model to systematically evaluate the prognosis of BC patients, which had robust predictive ability. We also proved that there was a strong relationship between pyroptosis and the occurrence and development of BC, and the expression of PRGs influenced the progression of cancer. In addition, we also found that PRGs were involved in regulating the composition of the immune microenvironment and the efficacy of immunotherapy in BC, which provided an important basis for further study of PRGs and immune function and immunotherapy targets of patients.
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