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Background

Breast cancer is becoming a tumor with the highest morbidity rate, and inflammation-induced cell death namely pyroptosis reportedly plays dual roles in cancers. However, the specific mechanism between pyroptosis and the clinical prognosis of breast cancer patients is indistinct. Hence, novel pyroptosis-related biomarkers and their contributing factors deserve further exploration to predict the prognosis in breast cancer.



Methods

Pearson’s correlation analysis, and univariate and multivariate Cox regression analysis were utilized to obtain six optimal pyroptosis-related gene prognostic signatures (Pyro-GPS). The risk score of each breast cancer patient was calculated. Next, a Pyro-GPS risk model was constructed and verified in TCGA cohort (n=1,089) and GSE20711 cohort (n=88). Then analyses of immune microenvironment, genomic variation, functional enrichment, drug response and clinicopathologic feature stratification associated with the risk score of Pyro-GPS were performed. Subsequently, a nomogram based on the risk score and several significant clinicopathologic features was established. Ultimately, we further investigated the role of CCL5 in the biological behavior of MDA-MB-231 cell line.



Results

The low-risk breast cancer patients have better survival outcomes than the high-risk patients. The low-risk patients also show higher immune cell infiltration levels and immune-oncology target expression levels. There is no significant difference in genetic variation between the two risk groups, but the frequency of gene mutations varies. Functional enrichment analysis shows that the low-risk patients are prominently correlated with immune-related pathways, whereas the high-risk patients are enriched in cell cycle, ubiquitination, mismatch repair, homologous recombination and biosynthesis-related pathways. Pyro-GPS is positively correlated with the IC50 of anti-tumor drugs. Furthermore, comprehensive analyses based on risk score and clinicopathological features were performed to predict the prognosis of breast cancer patients. Additionally, in vitro experiments confirmed that breast cancer cells with high expression of CCL5 had weaker proliferation, invasion and metastasis abilities as well as stronger apoptosis and cell cycle arrest abilities.



Conclusions

The risk score of Pyro-GPS can serve as a promising hallmark to predict the prognosis of BRCA patients. Risk score evaluation may assist to acquire relevant information of tumor immune microenvironment, genomic mutation status, functional pathways and drug sensitivity, and thus provide more effective personalized strategies.
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Introduction

The latest data on the global burden of cancers in 2020 released by the World Health Organization show that the number of new cases of breast cancer in 2020 reached 2.26 million, accounting for about 11.7% of all cancers and surpassing the 2.2 million cases of lung cancer (11.4%) (1). Thus, breast cancer is becoming the cancer with the highest incidence in the world. At present, molecular subtype, tumor size, lymph node status, and the existence of metastasis are used to evaluate the survival outcome and select relevant treatment measures for breast cancer patients. Surgical therapy, chemotherapy, radiotherapy, Her-2 targeted therapy and endocrine therapy are extensively applied in clinical practice (2). However, traditional prediction methods and therapeutic strategies can no longer meet our needs along with the increasing demand for accuracy in prognosis prediction and individualized treatment as well as the prominent heterogeneity for breast cancer whether in primary sites or in metastatic sites (3–5). Therefore, the identification of novel sensitive tumor prognostic biomarkers deserves intensive investigation for more advanced diagnosis and treatments.

Currently, cell pyroptosis and its dual anti-tumor and pro-tumor effects have aroused wide concern (6, 7), prompting us to focus on the significant associations of pyroptosis with the treatment and prognosis of breast cancer. Pyroptosis, an inflammatory form of programmed cell death (8), relies strongly on the gasdermin protein family to form plasma membrane pores, usually (but not always) resulting in inflammatory caspase activation (9). Specifically, cell pyroptosis occurs through four pathways: 1) classic pathway (Caspase-1 mediated) (10), 2) non-classic pathway (Caspase-4/5/11 mediated) (10, 11), 3) Caspase-3/8 mediated pathway (12, 13), and 4) granzyme-mediated pathway (13, 14). Among them, the classic pathway relies on the assembly of inflammasomes (15) composed of cytoplasmic pattern recognition receptors (PRRs), apoptosis-associated speck-like protein containing a CARD (ASC) and caspase-1. Firstly, PRRs including NLRP1, NLRP3, NLRC4 (IPAF), AIM2 and Pyrin recognize foreign pathogen-associated molecular patterns and endogenous damage-associated molecular patterns, and then activate precursor caspase-1 directly or indirectly through the adaptor protein ASC. After that, mature caspase-1 can hydrolyze GSDMD to generate N-GSDMD, resulting in plasma membrane pore formation, cell swelling and even osmotic lysis. Meanwhile, pro-IL-1β and pro-IL-18 can be processed by caspase-1 to form mature IL-1β and IL-18, which are then released to produce inflammatory response.

Much evidence shows that pyroptosis is closely associated with diverse tumors (e.g. melanoma, breast cancer, and tumors of digestive, respiratory, hematological and reproductive systems), regulating the proliferation, invasion and metastasis of tumor cells through some non-coding RNAs and other molecules (16). Meanwhile, pyroptosis plays distinct and sometimes conflicting roles in the occurrence and development of tumors (17). On the one hand, inflammasome activation that forms an inflammation environment may suppress antitumor immunity and tumor cell death, and even facilitate tumor cell proliferation and angiogenesis. On the other hand, pyroptosis can inhibit tumorigenesis and progression, inducing pyroptosis of tumor cells, and can serve as a potential therapeutic strategy (18). For instance, BRAF-MEK inhibition can activate GSDME-dependent pyroptosis to enhance the immune recognition of melanoma cells, including an increase in CD4+ T cell and CD8+ T cell infiltration and a decrease in myeloid-derived suppressor cells (MDSCs) and tumor-associated macrophages (19–21). Chimeric antigen receptor (CAR) T cells can activate the caspase 3–GSDME pathway via releasing perforin and granzyme B to trigger pyroptosis in B leukemic cells (22). In addition, the downregulation of GSDMD can activate ERK1/2, STAT3 and PI3K/AKT signaling pathways, and increase the expression of cell cycle-related proteins (Cyclin A2 and CDK2) to accelerate S/G2 phase cell transition in gastric cancer (23). Moreover, GSDMD deficiency will alleviate the cytolytic ability of CD8+ T cells (24). However, GSDMD as a pyroptosis executive protein is more highly expressed in non-small cell lung cancer (NSCLC) than para-cancer tissues, and knockdown of GSDMD can attenuate the EGFR/Akt signaling pathway to restrict tumor growth in NSCLC (25). Recently, most studies emphasize the tumor suppression function and anti-tumor immune responses of pyroptosis. Moreover, therapeutic regimens such as chemotherapy, radiotherapy, targeted therapy and immune therapy can induce cancer pyroptosis to exert local and systemic anti-tumor immune response (26). Hence, pyroptosis may be intricately associated with tumors through the alteration of the tumor immune microenvironment (TIME). Then clinical modeling based on pyroptosis-related biomarkers to predict the TIME and immunotherapeutic efficacy of breast cancer deserves further exploration.

In our work, the prognostic value of pyroptosis-related genes was proved by a series of bioinformatic and statistical analyses based on the data curated from The Cancer Genome Atlas (TCGA) and Gene-Expression Omnibus (GEO). Then six pyroptosis- related gene prognostic signatures (Pyro-GPS) were identified to calculate the risk score for each breast cancer patient. After that, the breast cancer patients were stratified by the median risk score into a high-risk group and a low-risk group. Patients in the low-risk group had more favorable survival than those in the high-risk group. To elucidate possible mechanism, we further explored the variations of the risk score in the aspect of immune cell infiltration, immune-oncology targets, genomic variations, differentially expressed genes (DEGs), pathway enrichment status and anti-tumor drug response. Eventually, a nomogram model based on the risk score and other clinicopathological features was constructed to predict the overall survival (OS) of the breast cancer patients. What’s more, one of Pyro-GPS, CCL5 as hub gene was screened out to proceed in vitro validation.



Materials and methods


Data acquisition

Transcriptomic data (including RNA-seq, gene chip and small RNA-seq), genomic data (somatic mutation and copy number variation) and corresponding clinicopathological features (e.g. survival time, prognosis, chemotherapy, age, gender, tumor stage, T stage, M stage, N stage and PAM50 intrinsic subtypes) of 1089 breast cancer patients were derived from TCGA (https://portal.gdc.cancer.gov/). Moreover, 21 pyroptosis genes were identified based on previous publications, and the expression matrices of 6 optimal prognosis-related genes (CD2, CCL5, KLRB1, CD74, NLRC4 and ZNF683) were extracted from TCGA. We obtained the profiles for drug sensitivity data as half maximal inhibitory concentration (IC50) from CellMiner (https://discover.nci.nih.gov/cellminer/home.do). In addition, the RNA-seq data and clinical information of the external validation cohort involving 88 breast cancer cases were downloaded from GEO (https://www.ncbi.nlm.nih.gov/geo/, ID: GSE20711).



Analysis process

Firstly, gene expression and transcriptome data in the format “FPKM” was downloaded from TCGA database. Secondly, a set of genes strongly correlated with 21 pyroptosis genes were obtained by Pearson’s correlation analysis then univariate and multivariate Cox regression analysis produced six genes associated with prognosis (Pyro-GPS). Next, a Pyro-GPS risk prognostic model was constructed via TCGA training set and verified internally via TCGA testing set. Then, we continued investigating the possible causes of prognosis discrepancies in several aspects such as immune microenvironment, genomic variation, functional enrichment, drug response and clinicopathologic feature. In addition, external validation was performed through data from GEO database and nomogram was established to predict survival time for breast cancer patients. Eventually, CCL5 as hub gene was selected for in vitro validation, including EdU (5-Ethynyl-2’-deoxyuridine), CCK8 (Cell Counting Kit-8), colony formation assay, flow cytometry and transwell assay.



Construction and validation of the pyroptosis-related prognostic model

The 1089 breast cancer patients from TCGA were randomly separated into a training cohort and a testing cohort using the R package Caret. Pearson’s correlation analysis based on the 21 pyroptosis genes above was performed to acquire 161 pyroptosis-related genes. Then 6 optimal pyroptotic genes correlated with prognosis were identified through univariate and multivariate Cox regression analyses. The risk score of every patient was calculated as: Risk score=   (Coefi: coefficient, Xi: expression level of each prognosis-related gene). Thus, a Pyro-GPS model for the breast cancer patients was constructed in the training cohort and preliminarily verified in the testing cohort and an external validation cohort GSE20711.



Tumor immune microenvironment in risk model

With the R package Gsva, single sample gene set enrichment analysis (ssGSEA) was implemented to quantify the relative abundance of 28 immune-cell types by using enrichment scores based on the mRNA expression level of breast cancer tissues. We also applied the package Estimate to calculate the Stromal score, Immune score, ESTIMATE score, and Tumor purity and to draw clustering heat maps based on the transcriptome expression profiles of breast cancer. The data on tumor- immune infiltration was obtained from Tumor Immune Estimation Resource (TIMER 2.0) (http://timer.comp-genomics.org/). Algorithms such as XCELL, CIBERSORT and MCP- counter were used to evaluate the proportions of infiltrated immune cells on TIMER 2.0.



Gene mutation status in risk model

We extracted somatic mutation data from the Genomic Data Commons (GDC) data portal (https://portal.gdc.cancer.gov/) and drew oncoplots with the R package ComplexHeatmap. The mutation annotation format of somatic variants was downloaded, and multiple analysis modules were visualized on the R package Maftools. Besides, tumor mutation burden was identified as the number of detected somatic mutations, including gene-coding errors, base substitutions, and insertions or deletions per million bases. Copy number variation (CNV) as a structural variation of DNA represents amplification and deletion of DNA fragments larger than 1 KB in length.



Differentially expressed genes and function enrichment analysis

Based on RNA-seq data, DEGs were identified by the R packages edgeR and limma with fold change (FC) =2 and false discovery rate (FDR)<0.05. Function enrichment analyses including gene set enrichment analysis (GSEA) and gene set variation analysis (GSVA) were performed to explore the differences in biofunctions and signaling pathways. The package clusterProfiler was used for functional annotation and the gene set files were extracted from MsigDB (https://www.gsea-msigdb.org). Besides, gene annotations were finished with Gene Oncology (GO), hallmark, and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses. GO was further divided into biological process (BP), cellular component (CC) and molecular function (MF).



Pyro-GPS related drug sensitivity

Three Pyro-GPSs (CD2, ZNF683 and KLRB1) and corresponding antitumor drug sensitivity in cancer cell lines were available from Genomics of Drug Sensitivity in Cancer (http://www.cancerrxgene.org/downloads). In addition, IC50, namely the concentration of an antitumor drug that is required to inhibit 50% cancer cells, was used to represent drug sensitivity.



Validation the function of CCL5 in vitro experiments


Cell culture and transfection

MDA-MB-231 cells were cultured in 10% fetal bovine serum in a humidified atmosphere of 5% CO2 at 37°C and cell transfection was accomplished by using Lipofectamine® 3000. Subsequently, the CCL5 protein expression level was detected by western blot analysis to confirm whether the cell line was constructed successfully.



Western blot analysis

Western blot was a multistep procedure including a) proteins extracted from MDA-MB-231 cells via lysis buffer after PBS washing, b) proteins separated by sodium dodecyl sulphate (SDS) polyacrylamide (10%) gel electrophoresis and transferred onto polyvinylidene fluoride (PVDF) membranes, c) proteins immobilized and blocked on the membrane with 5% nonfat dry milk, d) membranes incubated with primary antibody of rabbit polyclonal anti-CCL5 (1:1,000), e) membranes washed and incubated with secondary antibody (1:4,000) conjugated with labelled fluorescent molecule, f) labeled proteins visualized by the enhanced chemiluminescence kit; g) signal intensity of CCL5 protein bands collected by a digital imaging computer software.



Cell proliferation and colony forming assay

Cell viability was measured through Cell Counting Kit-8 (CCK8) and EdU (5-Ethynyl-2’-deoxyuridine) assays. Briefly, 10 µl CCK8 solution (DOJINDO) was respectively added to each well/2×10^3 cells in a 96-well plate, and the plate was further incubated at 37°C for 2 hours. The absorbance of each well was measured at a wavelength of 450 nm(OD450) with a microplate reader and proliferation rates were calculated. Additional, cells were re-cultured in 96-well plates, then 10 μM EdU (BeyoClick™) was added into the medium and continued two-hour incubation. Next these cells were stained with 4’,6-diamidino-2-phenylindole (DAPI) and inverted fluorescence microscope was used to acquire the images. As for cell colony formation assay, 8×10^2 cells were planted and cultured in each well of a 6-well plate, then they were fixed with 4% paraformaldehyde for 15 min and stained with 0.1% crystal violet for 20 min at room temperature. Lastly, the number of clones was imaged with a light microscope at ×40 magnification.



Flow cytometry of cell cycle and apoptosis

As we all know, the DNA content of different cell cycle phases is different (cells in G0/G1 phase is diploid (2N), cells in G2/M phase is 4N, while cells in S phase is between diploid and tetraploid). Thus, flow cytometry could directly reflect the amount of DNA content in cells via detecting the fluorescence intensity of propidium iodide (PI) bound to DNA. Firstly, the cells were pretreated with ice-cold 70% ethanol and were washed with PBS, then a cell cycle staining kit (LiankeBio) was used. 10 µl Rnase A was added to cell resuspension solution for 5 min at room temperature to digest RNA, then 10 µl PI was added to bind to DNA for 30 min at room temperature. Finally, flow cytometer detected DNA content and the percentage of each phase could be calculated by special software. In addition, apoptotic analysis was performed through a Annexin V-FITC/PI Apoptosis Assay kit and cells were double stained with Annexin V-FITC and PI for 15 min at room temperature. Since Annexin V-FITC could mark early apoptotic cells and PI could label cells in the middle and late stage of apoptosis, then cell apoptosis condition could be detected by flow cytometry.



Cell invasion and migration assay

Transwell assay was utilized to detect cell invasion and migration ability. Firstly, eight-micrometer pore-size transwell filters (Millipore) were put in 24-well plate and a concentration of 1×10^4 cells/well were seeded onto the filters. Then 200 μL FBS-free medium was added into the upper chamber while the lower chamber was filled with 600 μL of medium with 10% FBS. After cultivation of 48 hours at 37°C, these invasive and metastatic cells in the lower side of the filter were determined via crystal violet staining and were counted at ×400 magnification with a light microscope.




Statistical analyses

All the statistical analyses were performed on R Version 4.0.1. If not specifically mentioned, P< 0.05 was considered as a statistical difference. R packages Survival and Survminer were implemented for Kaplan-Meier survival analysis to visualize the survival differences. Log-rank test and Gehan-Breslow-Wilcoxon test were carried out to estimate the statistical significance of survival differences between groups. Univariate and multivariate Cox regression analyses were performed to assess the independent prognostic value of Pyro-GPS for breast cancer patients. We calculated Pearson’s correlation coefficients to confirm the correlation between two variables. We applied the waterfall function of the package Maftools to visualize the mutation landscape. The predictive accuracy of the risk score and other clinicopathological features was estimated using receiver’s operating characteristic (ROC) curves and the area under the ROC curve (AUC). We established a nomogram including clinical features and risk score via the package Rms, and the calibration plots illustrated the prediction accuracy.




Results


Identification of pyroptosis-related genes in breast cancer patients

The study procedure was illustrated in Figure 1. Firstly, a total of 161 pyroptosis-related genes were extracted from Pearson’s correlation analysis (| Pearson R| > 0.5 and p< 0.05) based on 21 pyroptosis genes. According to the univariate and multivariate Cox regression analyses, 6 optimal survival-related genes (CD2, CCL5, KLRB1, CD74, NLRC4 and ZNF683) that met the criterion of p< 0.2 were retained for further analysis (Supplementary Figure 1A). Among them, CD2 and NLRC4 were considered as risky factors with hazard ratio (HR) >1, whereas the other 4 genes were defined as protective factors with HR<1. Afterward, 1,089 breast cancer patients identified from TCGA were randomly assigned to the training cohort (n =545) and the testing cohort (n =544) at a nearly 1:1 ratio.




Figure 1 | Study flowchart.





Construction and validation of the Pyro-GPS model in the TCGA cohort

The above 6 genes associated with overall survival (OS) were defined as Pyro-GPS to construct a prognostic model. The risk score of each patient based on the Pyro-GPS was calculated as follows: risk score=(0.106* CD2 exp.)+(-0.0151* CCL5 exp.)+(-0.482* KLRB1 exp.)+(-0.00124* CD74 exp.)+(0.898* NLRC4 exp.)+(-0.330* ZNF683 exp.). According this formula, 545 patients in the training cohort and 544 patients in the testing cohort were divided into low-risk and high-risk groups respectively. Besides, the distributions of risk scores and survival time of the two cohorts were plotted in Figures 2A, B. The heatmaps showed that the expression levels of the protective Pyro-GPSs (CCL5, KLRB1, CD74, and ZNF683) were downregulated and the risky Pyro-GPSs (CD2, and NLRC4) were upregulated with the increasing risk score. Then ROC analysis was performed to assess the sensitivity and specificity of the prognostic model, and the AUC for the six Pyro-GPSs was 0.715 in the training cohort and 0.664 in the testing cohort. Moreover, the Kaplan–Meier survival curves disclosed that patients in the low-risk group had survival advantages and patients in the high-risk group had poor prognosis (p< 0.01 in both cohorts). Therefore, the significant difference in the survival rate between the risk groups also confirmed the predictive value of the model constructed by Pyro-GPS.




Figure 2 | Distribution of risk scores and survival status, heatmap of six Pyro-GPS, and Kaplan–Meier curves of OS for BRCA patients in TCGA training cohort (A) and testing cohort (B). (C) Heatmap of correlations between risk scores with ImmuneScore, StromalScore, ESTIMATEScore, Tumor Purity and 28 immune cell types. (D) The infiltration levels of 28 immune cell types in high-/low-risk subtypes. *p < 0.05, **p < 0.01 and ***p < 0.001. (E) The expression levels of 14 immune-oncology targets in high-/low-risk subtypes. (F) The relevance between infiltration of activated CD8 T cell, activated B cell, effector memory CD8 T cell, type 1 T helper cell, MDSC and central memory CD4 T cell with risk score. Pyro-GPS, pyroptosis-related genes prognostic signatures; OS, overall survival; BRCA, breast cancer; TCGA, The Cancer Genome Atlas. ns, no significance.





Association of Pyro-GPS with distinct immune cell infiltration and immune-oncology targets

To identify the relationship between Pyro-GPS and TIME of BRCA, we investigated the immune infiltrate levels in the high- and low-risk groups. The boxplot in Figure 2D compared the proportions of 28 distinct immune cells in the two groups, where the low-risk group had a higher infiltration level excluding memory B cell compared with the high-risk group. Significant differences were found in activated B cell, activated CD4 and CD8 T cells, central memory CD4 T cell, effector memory CD4 T and CD8 T cells, gamma delta T cell, immature B cell, regulatory T cell, T follicular helper cell, type 1 and type 17 T helper cells, activated and plasmacytoid dendritic cells, CD56bright and CD56dim natural killer cells, eosinophil, macrophage, mast cell, MDSC, monocyte, natural killer cell, and natural killer T cell (p<0.001). In addition, the heatmap in Figure 2C visualized the expression levels of 28 diverse immune cells and displayed the features of Risk score, ImmuneScore, StromalScore, ESTIMATEScore and Tumor purity in both high-risk and low-risk groups. Moreover, principal component analysis (PCA) showed that risk score was significantly and negatively correlated with 21 immune infiltrating cell types under the qualifications of p< 0.001 and |Person R| > 0.2. Then we selected and displayed a part in Figure 2F, and showed the remaining part in Supplementary Figure 1B. Subsequently, we compared the expression levels of immune-oncology targets between the two groups to ascertain their relevance with Pyro-GPS. Results indicated that the low-risk group highly expressed CTLA4, CXCL10, TBX2, GZMB, CD8A, PRF1, HAVCR2, IDO1, CD274, PDCD1, CXCL9, LAG3, TNF and GZMA than the high-risk group (with conspicuous significance, p<0.001) (Figure 2E). Thereby, due to the abundant TIME in the low-risk group, immunotherapy may respond better.



Risk score correlated with genomic mutation status

Afterwards, the gene mutation status in the risk model was further analyzed through mutation profiles of the breast cancer patients obtained from TCGA. Gene alteration occurred in 399 (85.26%) of 468 samples in the high risk group and in 377 (82.68%) of 456 samples in the low risk group (Figures 3A, C). Mutation information of the 20 genes was visualized in waterfall plots. Among them, TP53 possessed the highest mutation frequency, accounting for 40% in the high-risk model, but PIK3CA had the highest mutation frequency in the low-risk model (38%). Meanwhile, the tumor mutational burden levels of the two risk groups were exhibited in the upper bar plots. Moreover, these mutations were further divided into diverse categories (Figures 3B, D). Then similar results in the two groups were discovered that missense mutation occupied the main portion, single-nucleotide polymorphism (SNP) occurred more frequently than insertion (INS) or deletion (DEL), and C>T was the most common type of single nucleotide variant (SNV). Figure 3 also depicted the number of variants in each sample, variant classification summary and the top 10 mutated genes in the two groups. Figures 3E, F displayed the CNV status of the six Pyro-GPSs. Among them, the frequency of CNV in NLRC4 was slightly different between the high- and low-risk groups.




Figure 3 | Landscape of mutation profiles in BRCA samples. Waterfall plots of 20 genes mutation information and bar plots of TMB in high-risk subtype (A) and low-risk subtype (C). Summary of the mutation information with statistical calculations in high-risk subtype (B) and low-risk subtype (D). (E, F) The difference of CNV for six Pyro-GPS in high- and low-risk subtypes. BRCA, breast cancer; TMB, tumor mutational burden; CNV, copy number variation; Pyro-GPS, pyroptosis-related genes prognostic signature.





Interactions of risk score with DEGs and functional enrichment analysis

Gene expression conditions in the high- and low-risk groups were demonstrated in the heatmap (Supplementary Figure 2). The volcano plot displayed 324 DEGs, including 300 up-regulated genes (red dots) and 24 down-regulated genes (blue dots) with the cut-off criteria of |logFC| >1 and FDR<0.05 (Figure 4D). After that, GSEA was performed based on DEGs. Then we found enrichment signaling pathways were significantly correlated with protein ubiquitination, deubiquitination, TGF-β and Wnt (Figure 4A). Moreover, GSVA proved that sixty-two KEGG pathways were remarkably different between the two groups (Figure 4B). Among them, the high-risk group was heavily enriched in cell cycle, ubiquitination, mismatch repair, homologous recombination and biosynthesis-related pathways. The low-risk group was remarkably correlated with infection, immune response, immune rejection, autoimmune disease, apoptosis, immune globulin, cytokine, chemokine, complement and other signaling pathways (e.g. T cell receptor, B cell receptor, Toll-like receptor, JAK-STAT, PPAR, MAPK, VEGF pathways). These analyses suggest that the risk score of the six Pyro-GPSs is associated with TIME, gene variation and protein ubiquitination. Besides, the Venn diagram in Figure 4C shows that 112 and 101 KEGG pathways are related with the risk score and survival time respectively. Among them, 62 common pathways are associated with both risk score and survival time. Details about the pathways can be found in the Supplementary Data.




Figure 4 | (A) Gene set enrichment analysis (GSEA) illustrated the functional enrichment and pathway enrichment in the high-risk subgroup. (B) Gene set variation analysis (GSVA) enumerated difference of enriched pathways between high-/low-risk subtypes. (C) Venn diagram of quantity statistics for KEGG pathways correlated with risk score and survival time. (D) Volcano plot depicted differential expression genes in high-/low-risk subtypes (|logFC| >1 and FDR<0.05). KEGG, Kyoto Encyclopedia of Genes and Genomes.





Potential therapeutic value of risk score

Moreover, to further estimate the influence of the risk score on drug sensitivity, we explored the correlation between the expression levels of Pyro-GPS and the response to chemotherapeutic drugs (IC50) in cancer cell lines. Significant positive correlations (p< 0.001) were observed in CD2 with bendamustine, nelarabine, CNDAC, asparaginase, sapacitabine, chelerythrine, XK-469, batracylin and melphalan, in ZNF683 with nelarabine, dexamethasone decadron, fluphenazine and sapacitabine, and in KLRB1 with nelarabine, CNDAC and sapacitabine (Figure 5A). Then based on the median expression levels of CD2, ZNF683 and KLRB1 separately, the breast cancer patients were divided into high-expressed subgroups and low-expressed subgroups. Significant differences in IC50 were found in nelarabine (p< 0.001) and in sapacitabine and CNDAC (p< 0.01) between the KLRB1 subgroups, in nelarabine between the ZNF683 subgroups (p< 0.01), and in bendamustine, nelarabine and batracylin between the CD2 subgroups (p< 0.05) (Figure 5B). The remaining results were shown in Supplementary Figure 3A. Moreover, the high-expressed subgroups were more associated with the high IC50 of drugs. Therefore, the risk score of Pyro-GPSs may be a potential biomarker to assess the efficacy of anti-tumor drugs and to choose appropriate treatment strategies.




Figure 5 | (A) The correlation analysis between expression levels of CD2, ZNF683 and KLRB1 with IC50 of anti-tumor drugs. (B) Boxplot showed IC50 difference of anti-tumor drugs in high-/low-expressed subgroups for CD2, ZNF683 and KLRB1. IC50, the half maximal inhibitory concentration *p < 0.05, **p < 0.01, ***p < 0.001.





Stratification analysis and independent prognostic value of Pyro-GPS risk model

Time-dependent ROC analysis of the TCGA cohort showed the prognostic model had high predictive efficiency (AUC= 0.670, 0.700, 0.684 for 1-, 1.5- and 2-year survival rates respectively) (Figure 6A). Next, univariate and multivariable Cox regression analyses demonstrated that the risk score derived from the Pyro-GPS model can serve as an independent prognostic factor for breast cancer patients in the TCGA cohort. The univariate Cox regression analysis indicates that the risk score is significantly associated with OS (HR: 1.092, 95%CI: 1.063–1.122, p< 0.001, Figure 6B). The multivariate Cox regression analysis proves that the risk score can independently predict poor survival (HR: 1.068, 95%CI: 1.037–1.100, p< 0.001, Figure 6C). Moreover, the ROC curve in Figure 6D illustrates that the AUC for the risk model is 0.707, which means the risk score has a satisfactory predictive efficacy. In addition, the connections between the risk groups and clinicopathologic features including age, gender, stage, T stage, M stage, N stage, and PAM50 intrinsic subtypes are diversely distributed in Figure 6E. Also, the heatmap demonstrates that the expression levels of CD2, CCL5, KLRB1, CD74 and ZNF683 decrease with the increasing risk score, while NLRC4 is highly expressed in the high-risk group. Subsequently, the Kaplan–Meier curves in Figure 6F displays that the breast cancer patients with the following features possess survival advantage in the low-risk group: age ≤65, female, Normal, LumA, stage I–II, stage III–IV, T1–2, T3–4, N0, N1–3 and M0 subtypes. While patients with male, Basal, Her2, LumB, and M1 are not distinctly different between the low- and high-risk groups (Supplementary Figure 3B). Furthermore, we compared different expressions of risk score in diverse groups stratified by the above clinicopathological features. In brief, patients with age>65 or T1-2 stage or male have higher risk scores than patients with age ≤65 or T3–4 stage or female (Figure 7A). With regard to PAM50 molecular subtyping, the risk score expressions of Basal and LumB subtypes are distinctly upregulated compared with Her2, LumA and Normal subtypes. The rest data were shown in Supplementary Figure 3C.




Figure 6 | (A) Time-dependent ROC curve of 1, 1.5, and 2 years for survival prediction model. (B, C) Univariate and multivariate Cox regression analyses proved risk score was deemed to be an independent prognostic predictor. (D) ROC curves for the risk score, age, gender, stage, T, M and N. (E) Heatmap of the association between the expression levels of the six Pyro-GPS and clinicopathological features in TCGA dataset. (F) Stratification analysis based on clinicopathological features to compare survival difference in high-/low-risk subtypes. ROC, receiver operating characteristic; Pyro-GPS, pyroptosis-related genes prognostic signature; TCGA, The Cancer Genome Atlas; ***p < 0.001.






Figure 7 | (A) The difference of risk score in clinicopathological classification including age, gender, PAM50 intrinsic subtypes and T stage. (B) Nomogram based on risk score, age, stage, T stage constructed to predict the 7.5-, 10-, and 12.5-year survival for BRCA patients. (C) Kaplan–Meier curves for BRCA patients to validate predictive value of Pyro-GPS risk model in the GSE20711 cohort. (D-F) Calibration plots of the nomogram for predicting the survival probability of OS at 7.5, 10, and 12.5 years. BRCA, breast cancer; Pyro-GPS, pyroptosis-related genes prognostic signature; ***p < 0.001.





Construction of the Pyro-GPS-based nomogram

Herein, a nomogram (including several significative clinicopathological factors and risk score based on Pyro-GPS) was constructed to predict the 7.5-, 10-, and 12.5-year survival rates of the patients (Figure 7B). The predictive accuracy of the nomogram was assessed using calibration curves. The actual 7.5-, 10-, and 12.5-year survival probabilities of the breast cancer patients in the TCGA cohort are roughly consistent with the nomogram- predicted ones in Figures 7D-F.



External validation of the Pyro-GPS in the GSE20711

Ultimately, an external validation cohort GSE20711 comprising 88 samples was assayed to validate the prognostic value of the Pyro-GPS in the breast cancer patients. The Kaplan–Meier survival curves in Figure 7C showed that patients in the high-risk group had poor prognosis than the low-risk group (p =0.050). This result is highly consistent with the findings of the TCGA cohort.



Inhibition of MDA-MB-231 cells progression with CCL5 upregulation

To begin with, hub gene CCL5 extracted from the protein interaction network emerged as the research object of cell experiments (Supplementary Figure 4). To investigate the effect of CCL5 on occurrence and development of breast cancer, plasmid was transfected into MDA-MB-231 cell line to construct CCL5 overexpression stable cell line, whose CCL5 protein level was verified via western blot analysis in Figure 8A. In addition, EdU assay observed that overexpression of CCL5 significantly reduced the EdU positive cells number of breast cancer cells (BC cells) (Figure 8B). The growth curves detected by CCK8 assay indicated that upregulation of CCL5 could distinctly inhibit the proliferation of BC cells (Figure 8C). In accordance with the results of EdU assay and CCK8 assay, colony formation assay presented CCL5-amplifying group had prominently less cell clones number than control group in Figure 8D. Thus the outcomes of the above three in vitro experiments confirmed that overexpression of CCL5 might restrain breast cancer growth potential and clone formation capacity. Furthermore, PI staining combining flow cytometry in Figure 8F displayed that upregulation of CCL5 progressively increased the percentage of cells in the G1 phase to the detriment of the S phase. Annexin V-FITC/PI staining presented the proportion of apoptotic cells were dramatically increased by upregulating CCL5 (Figure 8E). To some extent, apoptosis rate augment and cell cycle G1-phase arrest were two essential factors contributing to the growth suppression of MDA-MB-231 cells in the context of CCL5 amplification. Subsequently, in order to assess the effect of magnifying CCL5 on breast cancer metastatic ability, transwell assays with or without coating by matrigel were preformed to acquire functional significance of CCL5 on MDA-MB-231 cells invasion and migration. Obviously, the quantities of cells arriving in lower chamber were much less in CCL5 overexpression group than the control (Figure 8G, H). Consequently, our results of above cell experiments demonstrated that high expression level of CCL5 might be correlated with poor prognosis as well as early recurrence in breast cancer patients.




Figure 8 | (A) Construction of CCL5 over-expressed stable MDA-MB-231 cell line and verification via western blot analysis. The proliferation and clonogenic capacity of MDA-MB-231/oe-CCL5 cells and MDA-MB-231/Vector cells were examined via EdU assay (B), Cell Counting Kit-8 assay (C) and Colony formation assay (D). Flow cytometric analysis combining with Annexin V-FITC/PI staining (E) and PI staining (F) were used to assess cell apoptosis rate and cell cycle arrest state. The effect of up-regulated CCL5 on breast cancer cell invasion (G) and migration (H) based on transwell assays. oe-CCL5 cells: CCL5 over-expressed cells; **p < 0.01, ***p < 0.001, ****p < 0.0001.






Discussion

As we all know, breast cancer is accompanied with high morbidity rate, and has become the first cause of cancer-associated death among women in 2020 according to the latest data (1). Breast cancer is a highly heterologous tumor characterized as diverse histogenesis and molecular pathogenesis (5, 27). Thus, gene expression, cell morphology, tumor microenvironment, drug sensitivity, metabolism, proliferation, migration and metastasis potential may all differ among the molecular types of breast cancer (28, 29). Moreover, triple negative breast cancer with poor prognosis has more prominent genomic instability and more significant immunogenicity (30, 31).

Pyroptosis is a novel form of programmed cell death featured by the fragmentation of cell membranes and the release of inflammatory factors (32). Increasing evidence implicates that pyroptosis can affect the tumorigenesis and progression of breast cancer, melanoma, colorectal cancer, gastric cancer, hepatocellular liver cancer, and lung cancer (33–37). As for breast cancer, pyroptosis reportedly plays a dual-role in tumor development and therapeutic mechanisms. The pyroptosis-related inflammasome and cytokine IL-1β contribute to angiogenesis and invasiveness of breast cancer, and a high inflammatory environment may be significantly associated with the high recurrence rate of breast cancer (38). To the contrary, gasderminB-mediated pyroptosis executed by natural killer cells and cytotoxic T lymphocytes enhances anti-tumor immune response (14). Moreover, GSDME (DFNA5) can be cleaved by granzyme B (GzmB) to activate pyroptosis and stimulate tumor-associated macrophages, tumor-infiltrating natural-killer and CD8+ T lymphocytes to evoke anti-tumor immunity in breast cancer (13). In addition, GSDME expression is suppressed in various cancers and its low level is correlated with poor survival of breast cancer patients, indicating GSDME may serve as a tumor suppressor (18). Therefore, there is an urgent need to identify the pyroptosis-related prognostic signatures to better help with accurate diagnosis and individualized treatment.

An initial objective of our project was to identify sensitive pyroptosis-related prognostic signatures and explore the underlying mechanisms how these prognostic biomarkers influence tumor progression through pyroptosis for breast cancer. Thus, data on 1089 breast cancer patients derived from TCGA were analyzed by a series of bioinformatics methods to achieve the research objective. First, 161 pyroptosis-related genes were extracted via literature search and Pearson’s correlation analysis. Then six superior Pyro-GPS were identified through univariate and multivariate Cox regression analyses, including two positive genes (CD2 and NLRC4) and other four genes (CCL5, KLRB1, CD74, and ZNF683), in which the negative coefficients suggest higher expressions are correlated with better prognosis. The risk score of each sample was calculated via the expression levels of six Pyro-GPSs and their coefficient. Additionally, the 1089 samples downloaded from TCGA were randomly divided into a training cohort and a testing cohort. Then the two cohorts were separately stratified into a high-risk group and a low-risk group according to the median risk score. Results revealed that the low-risk group had survival advantage over the high-risk subgroup. The AUCs further confirmed the prognostic ability of the risk score. Moreover, the results of the external validation cohort obtained from GEO match with those observed in the above two cohorts on the predictive ability of these six signatures for breast cancer. Furthermore, cell proliferation assays including EdU, CCK8 and colony formation assay verified the essential role of CCL5 in inhibiting breast cancer cell growth and activity. Flow cytometry combined with special staining was utilized to confirm amplification of CCL5 could increase cell apoptosis and impede cells entering S phase. Cell invasion and migration experiments suggested that CCL5 essentially restrained the metastasis of breast cancer.

A significant negative correlation was observed between the risk score and survival time for the breast cancer patients. The greater absolute values of the coefficients with NLRC4, KLRB1 and ZNF683 represent a greater influence on risk scores than other three biomarkers. With obesity as a risk factor and associated with worse clinical outcomes for breast cancer, Ryan Kolb put forward that activation of the obesity-associated NLRC4 inflammasome/interleukin-1β signal pathway drives disease progression via the adipocyte-mediated vascular endothelial growth factor A expression and angiogenesis (39). Moreover, angiopoietin-like 4 reportedly plays a role in angiogenesis and breast cancer progression (40). These studies further confirm that NLRC4 as a proto-oncogene can promote the progression of breast cancer.

Our study indicates that the low-risk patients with high expressions of protective Pyro-GPSs show higher immune cell infiltration and immune-oncology target expression, accompanied with better survival. This result means pyroptosis can enhance anti-tumor immune to prolong the survival time of cancer patients. This conclusion is consistent with other studies. A bioinformatics study reveals that the up-regulation of KLRB1 (a TME-associated and immune-related signature) is correlated with favorable survival in breast cancer patients (41). Additionally, KLRB1(CD161) is linked to the pro-inflammatory functions of natural killer cells (42). These results raise the possibility that KLRB1 may react on breast cancer through pyroptosis as a pro-inflammatory cell death. In addition, a review summarizes that tissue-resident memory (TRM) T cell as a subgroup of specific tumor-infiltrating lymphocyte is critical in preventing the proliferation and migration of solid tumors (43). A higher proportion of ZNF683-overexpressed TRM (ZNF683/Hobit is a characteristic gene of TRM) may become a better prognostic indicator and be associated with better immunotherapeutic response in lung cancer (44). Furthermore, high serum CCL5 level involved in cancer immune reactions is remarkably associated with longer disease-free survival and OS of patients with early breast cancer (45). Vps34 kinase inhibitor (Vps34i) can induce a T cell-inflamed tumor microenvironment construction (including infiltration of NK, CD8+, and CD4+ T effector cells) featured by high amplification of CCL5, CXCL10, and IFN-γ, thereby converting immune cold tumors (poorly infiltrated) into hot ones (highly infiltrated) (46). Moreover, Vps34i can be combined with anti-PD-L1/PD-1 immunotherapy to enhance antitumor efficacy in melanoma and CRC tumors (46). Thus, pyroptosis strongly related with TIME (including immune cell infiltration, levels of pro-inflammatory chemokines and cytokines) in tumorigenesis and development. After that, we explored the possible discrepancy of genetic variations for breast cancer patients in the two risk groups. Unique molecular biological characteristics of breast cancer, including intra-tumor heterogeneity, genomic instability and immunogenicity (30, 31, 47), prompt us to explore the genetic backgrounds on breast cancer. Results demonstrate that the high-risk patients have high mutation frequency of TP53, while the low-risk patients possess high mutation frequency of PIK3CA. However, no significant difference in variant classification, SNP/INS/DEL, SNV type and CNV exists between the two risk groups. TP53 is a tumor suppressor involved in regulation of cell cycle, DNA damage repair, apoptosis, inflammmation and immune response (48). Much research points out that TP53 mutations play a negative role in anti-tumor immunity and immunotherapy response, which is related to the poor prognosis in cancer patients (49). The results of the above studies are consistent with our result that the high-risk group gets poor clinical outcome.

Subsequently, GSEA and GSVA reveal that the low-risk group is closely associated with TIME and immune response, while the high-risk group is prominently associated with protein ubiquitination and deubiquitination. Ubiquitination as a reversible protein post-translational modification is a triple enzyme cascade reaction, which involves ubiquitin activation by E1 enzymes, ubiquitin conjugation to E2 enzymes, and ubiquitin ligation to the substrate protein via E3 enzymes. Studies prove that ubiquitination is involved in a plethora of physiological processes (e.g. cell cycle, cell death, transcriptional regulation, signal transmission, DNA damage repair and immune signaling) through regulating protein stability, localization, activity and interaction (50–54). A review in 2021 summarizes that ubiquitination can dynamically regulate inflammation and programmed cell death, which is deemed as the crucial components of TNF-stimulated cell death and NLRP3 inflammasome–mediated signaling (55). Besides, a distinct connection between TRAF3 (tumor necrosis factor receptor-associated factor 3)-mediated ULK1 (Unc-51 like autophagy activating kinase) ubiquitination in macrophages and pyroptosis was found (56, 57). Reportedly, human papillomavirus E7 can recruit E3 ligase TRIM21 to induce degradation and ubiquitination of IFI16 inflammasome, resulting in suppression of cell pyroptosis and occurrence of immune escape (58). In addition, aberrant ubiquitin regulation of inflammatory pathways can induce the onset and progression of cancers and autoinflammatory diseases, and thus targeting dysfunctional ubiquitination may be a promising treatment strategy (55). For instance, downregulation of deubiquitinating enzyme USP47 is associated with shorter disease-free survival of colorectal cancer (CRC) patients, and USP47-mediated deubiquitination of transcription elongation factor a3 can inhibit pyroptosis and apoptosis of CRC cells treated with chemotherapeutic doxorubicin, which may be a target for therapeutic intervention in CRC (59).

Furthermore, the tumor functional patterns including the Wnt and the TGF-β signaling pathways are enriched in the high-risk group. A review in 2020 reveals that Wnt signaling plays a crucial role in the proliferation, metastasis, TIME regulation, therapeutic resistance, phenotype shaping and stemness maintenance of breast cancer (60). Interestingly, most Wnt signaling factors such as β-catenin, Axin, GSK3, and Dvl are regulated by ubiquitination and deubiquitination, and the inhibitors of deubiquitinating enzymes may be applied for cancer therapeutic strategies (61). In addition, transforming growth factor (TGF)-β was originally deemed to be a potent proliferation inhibitor and apoptosis inducer in early breast cancer, but was later proved to increase cancer progression in the advanced stages (62). Notably, TGF-β can attenuate immune response, including tumor immune evasion and poor responses to cancer immunotherapy, via influencing diverse immune cells in the tumor microenvironment (63). Given the existing findings, intricate connection may exist among pyroptosis, ubiquitination and TIME to affect tumor proliferation, invasion and migration.

Additionally, IC50 of the mentioned anti-cancer drugs, especially Nelarabine, is highly positively correlated with the expressions of CD2, ZNF683 and KLRB1, which means drug resistance. These results point out that the expression levels of these genes can affect drug response and may be potential biomarkers for establishing appropriate treatment strategies. After that, our univariate and multivariate Cox regression analyses indicate risk score can serve as an independent prognostic factor for breast cancer patients. Then a nomogram model combining six pyroptosis-related genes and other clinicopathological features was constructed and used as an applicable quantitative tool to predict the survival of breast cancer patients. Undeniably, several limitations still exist in our study. Firstly, due to the lack of available clinical data in our center, no further external verification of Pyro-GPS can be performed. Secondly, how pyroptosis-related genes affect the prognosis of breast cancer patients via regulating the TIME is still indistinct and needs further exploration. Next, the association between high risk score and protein ubiquitination lacks experimental validation. In addition, only three Pyro-GPSs were included to analyze their connections with anti-tumor drugs response for breast cancer because of insufficient database information.

On the whole, we established a pyroptosis-related gene prognostic model and assessed the discrepancy in tumor immune microenvironment, gene mutation landscape and enrichment pathways between the two risk groups for breast cancer. Meanwhile, we verified that the hub gene CCL5 could inhibit the proliferation, invasion and migration of BC cells as well as promote BC cells apoptosis. These signatures may serve as potential targets to predict survival and develop treatment strategies for breast cancer patients.



Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.



Author contributions

HZ, XY and JY: designed the study and drafted the manuscript. GH and XZ: analysis and interpretation of the data. XW: acquisition of the data. LS and YZhou: checked the figures. XC: typeset article format. XL and YZhu: revised the manuscript critically for important intellectual content. All authors contributed to the article and approved the submitted version.



Funding

This study was funded by the National Natural Science Foundation of China (Grant Nos. 82072931 and 82002805).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.933779/full#supplementary-material



References

1. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin (2021) 71(3):209–49. doi: 10.3322/caac.21660

2. Harbeck, N, and Gnant, M. Breast cancer. Lancet (2017) 389(10074):1134–50. doi: 10.1016/S0140-6736(16)31891-8

3. Hunter, KW, Amin, R, Deasy, S, Ha, NH, and Wakefield, L. Genetic insights into the morass of metastatic heterogeneity. Nat Rev Cancer (2018) 18(4):211–23. doi: 10.1038/nrc.2017.126

4. Liang, Y, Zhang, H, Song, X, and Yang, Q. Metastatic heterogeneity of breast cancer: Molecular mechanism and potential therapeutic targets. Semin Cancer Biol (2020) 60:14–27. doi: 10.1016/j.semcancer.2019.08.012

5. Yeo, SK, and Guan, JL. Breast cancer: Multiple subtypes within a tumor? Trends Cancer (2017) 3(11):753–60. doi: 10.1016/j.trecan.2017.09.001

6. Vakkila, J, and Lotze, MT. Inflammation and necrosis promote tumour growth. Nat Rev Immunol (2004) 4(8):641–8. doi: 10.1038/nri1415

7. Wang, Q, Wang, Y, Ding, J, Wang, C, Zhou, X, Gao, W, et al. A bioorthogonal system reveals antitumour immune function of pyroptosis. Nature (2020) 579(7799):421–6. doi: 10.1038/s41586-020-2079-1

8. Moujalled, D, Strasser, A, and Liddell, JR. Molecular mechanisms of cell death in neurological diseases. Cell Death Differ (2021) 28(7):2029–44. doi: 10.1038/s41418-021-00814-y

9. Galluzzi, L, Vitale, I, Aaronson, SA, Abrams, JM, Adam, D, Agostinis, P, et al. Molecular mechanisms of cell death: Recommendations of the nomenclature committee on cell death 2018. Cell Death Differ (2018) 25(3):486–541. doi: 10.1038/s41418-017-0012-4

10. Shi, J, Zhao, Y, Wang, K, Shi, X, Wang, Y, Huang, H, et al. Cleavage of GSDMD by inflammatory caspases determines pyroptotic cell death. Nature (2015) 526(7575):660–5. doi: 10.1038/nature15514

11. Shi, J, Zhao, Y, Wang, Y, Gao, W, Ding, J, Li, P, et al. Inflammatory caspases are innate immune receptors for intracellular LPS. Nature (2014) 514(7521):187–92. doi: 10.1038/nature13683

12. Sarhan, J, Liu, BC, Muendlein, HI, Li, P, Nilson, R, Tang, AY, et al. Caspase-8 induces cleavage of gasdermin d to elicit pyroptosis during yersinia infection. Proc Natl Acad Sci U S A (2018) 115(46):E10888–E97. doi: 10.1073/pnas.1809548115

13. Zhang, Z, Zhang, Y, Xia, S, Kong, Q, Li, S, Liu, X, et al. Gasdermin e suppresses tumour growth by activating anti-tumour immunity. Nature (2020) 579(7799):415–20. doi: 10.1038/s41586-020-2071-9

14. Zhou, Z, He, H, Wang, K, Shi, X, Wang, Y, Su, Y, et al. Granzyme a from cytotoxic lymphocytes cleaves GSDMB to trigger pyroptosis in target cells. Science (2020) 368(6494). doi: 10.1126/science.aaz7548

15. Schroder, K, and Tschopp, J. The inflammasomes. Cell (2010) 140(6):821–32. doi: 10.1016/j.cell.2010.01.040

16. Yu, P, Zhang, X, Liu, N, Tang, L, Peng, C, and Chen, X. Pyroptosis: Mechanisms and diseases. Signal Transduct Target Ther (2021) 6(1):128. doi: 10.1038/s41392-021-00507-5

17. Karki, R, and Kanneganti, TD. Diverging inflammasome signals in tumorigenesis and potential targeting. Nat Rev Cancer (2019) 19(4):197–214. doi: 10.1038/s41568-019-0123-y

18. Xia, X, Wang, X, Cheng, Z, Qin, W, Lei, L, Jiang, J, et al. The role of pyroptosis in cancer: Pro-cancer or pro-"host"? Cell Death Dis (2019) 10(9):650. doi: 10.1038/s41419-019-1883-8

19. Erkes, DA, Cai, W, Sanchez, IM, Purwin, TJ, Rogers, C, Field, CO, et al. Mutant BRAF and MEK inhibitors regulate the tumor immune microenvironment via pyroptosis. Cancer Discov (2020) 10(2):254–69. doi: 10.1158/2159-8290.CD-19-0672

20. Peiffer, L, Farahpour, F, Sriram, A, Spassova, I, Hoffmann, D, Kubat, L, et al. BRAF and MEK inhibition in melanoma patients enables reprogramming of tumor infiltrating lymphocytes. Cancer Immunol Immunother (2021) 70(6):1635–47. doi: 10.1007/s00262-020-02804-4

21. Smalley, KSM. Two worlds collide: Unraveling the role of the immune system in BRAF-MEK inhibitor responses. Cancer Discovery (2020) 10(2):176–8. doi: 10.1158/2159-8290.CD-19-1441

22. Liu, Y, Fang, Y, Chen, X, Wang, Z, Liang, X, Zhang, T, et al. Gasdermin e-mediated target cell pyroptosis by CAR T cells triggers cytokine release syndrome. Sci Immunol (2020) 5(43). doi: 10.1126/sciimmunol.aax7969

23. Wang, WJ, Chen, D, Jiang, MZ, Xu, B, Li, XW, Chu, Y, et al. Downregulation of gasdermin d promotes gastric cancer proliferation by regulating cell cycle-related proteins. J Dig Dis (2018) 19(2):74–83. doi: 10.1111/1751-2980.12576

24. Xi, G, Gao, J, Wan, B, Zhan, P, Xu, W, Lv, T, et al. GSDMD is required for effector CD8(+) T cell responses to lung cancer cells. Int Immunopharmacol (2019) 74:105713. doi: 10.1016/j.intimp.2019.105713

25. Gao, J, Qiu, X, Xi, G, Liu, H, Zhang, F, Lv, T, et al. Downregulation of GSDMD attenuates tumor proliferation via the intrinsic mitochondrial apoptotic pathway and inhibition of EGFR/Akt signaling and predicts a good prognosis in nonsmall cell lung cancer. Oncol Rep (2018) 40(4):1971–84. doi: 10.3892/or.2018.6634

26. Tan, Y, Chen, Q, Li, X, Zeng, Z, Xiong, W, Li, G, et al. Pyroptosis: a new paradigm of cell death for fighting against cancer. J Exp Clin Cancer Res (2021) 40(1):153. doi: 10.1186/s13046-021-01959-x

27. Szymiczek, A, Lone, A, and Akbari, MR. Molecular intrinsic versus clinical subtyping in breast cancer: A comprehensive review. Clin Genet (2021) 99(5):613–37. doi: 10.1111/cge.13900

28. Aleskandarany, MA, Vandenberghe, ME, Marchio, C, Ellis, IO, Sapino, A, and Rakha, EA. Tumour heterogeneity of breast cancer: From morphology to personalised medicine. Pathobiology (2018) 85(1-2):23–34. doi: 10.1159/000477851

29. Ellsworth, RE, Blackburn, HL, Shriver, CD, Soon-Shiong, P, and Ellsworth, DL. Molecular heterogeneity in breast cancer: State of the science and implications for patient care. Semin Cell Dev Biol (2017) 64:65–72. doi: 10.1016/j.semcdb.2016.08.025

30. Salgado, R, Denkert, C, Demaria, S, Sirtaine, N, Klauschen, F, Pruneri, G, et al. The evaluation of tumor-infiltrating lymphocytes (TILs) in breast cancer: Recommendations by an international TILs working group 2014. Ann Oncol (2015) 26(2):259–71. doi: 10.1093/annonc/mdu450

31. Sukumar, J, Gast, K, Quiroga, D, Lustberg, M, and Williams, N. Triple-negative breast cancer: Promising prognostic biomarkers currently in development. Expert Rev Anticancer Ther (2021) 21(2):135–48. doi: 10.1080/14737140.2021.1840984

32. Fang, Y, Tian, S, Pan, Y, Li, W, Wang, Q, Tang, Y, et al. Pyroptosis: A new frontier in cancer. BioMed Pharmacother (2020) 121:109595. doi: 10.1016/j.biopha.2019.109595

33. Hage, C, Hoves, S, Strauss, L, Bissinger, S, Prinz, Y, Poschinger, T, et al. Sorafenib induces pyroptosis in macrophages and triggers natural killer cell-mediated cytotoxicity against hepatocellular carcinoma. Hepatology (2019) 70(4):1280–97. doi: 10.1002/hep.30666

34. Li, C, Qiu, J, and Xue, Y. Low-dose diosbulbin-b (DB) activates tumor-intrinsic PD-L1/NLRP3 signaling pathway mediated pyroptotic cell death to increase cisplatin-sensitivity in gastric cancer (GC). Cell Biosci (2021) 11(1):38. doi: 10.1186/s13578-021-00548-x

35. Peng, Z, Wang, P, Song, W, Yao, Q, Li, Y, Liu, L, et al. GSDME enhances cisplatin sensitivity to regress non-small cell lung carcinoma by mediating pyroptosis to trigger antitumor immunocyte infiltration. Signal Transduct Target Ther (2020) 5(1):159. doi: 10.1038/s41392-020-00274-9

36. Tan, G, Huang, C, Chen, J, and Zhi, F. HMGB1 released from GSDME-mediated pyroptotic epithelial cells participates in the tumorigenesis of colitis-associated colorectal cancer through the ERK1/2 pathway. J Hematol Oncol (2020) 13(1):149. doi: 10.1186/s13045-020-00985-0

37. Zhou, B, Zhang, JY, Liu, XS, Chen, HZ, Ai, YL, Cheng, K, et al. Tom20 senses iron-activated ROS signaling to promote melanoma cell pyroptosis. Cell Res (2018) 28(12):1171–85. doi: 10.1038/s41422-018-0090-y

38. Voronov, E, Shouval, DS, Krelin, Y, Cagnano, E, Benharroch, D, Iwakura, Y, et al. IL-1 is required for tumor invasiveness and angiogenesis. Proc Natl Acad Sci U S A (2003) 100(5):2645–50. doi: 10.1073/pnas.0437939100

39. Kolb, R, Phan, L, Borcherding, N, Liu, Y, Yuan, F, Janowski, AM, et al. Obesity-associated NLRC4 inflammasome activation drives breast cancer progression. Nat Commun (2016) 7:13007. doi: 10.1038/ncomms13007

40. Kolb, R, Kluz, P, Tan, ZW, Borcherding, N, Bormann, N, Vishwakarma, A, et al. Obesity-associated inflammation promotes angiogenesis and breast cancer via angiopoietin-like 4. Oncogene (2019) 38(13):2351–63. doi: 10.1038/s41388-018-0592-6

41. Zhang, Y, Di, X, Chen, G, Liu, J, Zhang, B, Feng, L, et al. An immune-related signature that to improve prognosis prediction of breast cancer. Am J Cancer Res (2021) 11(4):1267–85

42. Kurioka, A, Cosgrove, C, Simoni, Y, van Wilgenburg, B, Geremia, A, Bjorkander, S, et al. CD161 defines a functionally distinct subset of pro-inflammatory natural killer cells. Front Immunol (2018) 9:486. doi: 10.3389/fimmu.2018.00486

43. Park, SL, Gebhardt, T, and Mackay, LK. Tissue-resident memory T cells in cancer immunosurveillance. Trends Immunol (2019) 40(8):735–47. doi: 10.1016/j.it.2019.06.002

44. Guo, X, Zhang, Y, Zheng, L, Zheng, C, Song, J, Zhang, Q, et al. Global characterization of T cells in non-small-cell lung cancer by single-cell sequencing. Nat Med (2018) 24(7):978–85. doi: 10.1038/s41591-018-0045-3

45. Fujimoto, Y, Inoue, N, Morimoto, K, Watanabe, T, Hirota, S, Imamura, M, et al. Significant association between high serum CCL5 levels and better disease-free survival of patients with early breast cancer. Cancer Sci (2020) 111(1):209–18. doi: 10.1111/cas.14234

46. Noman, MZ, Parpal, S, Van Moer, K, Xiao, M, Yu, Y, Viklund, J, et al. Inhibition of Vps34 reprograms cold into hot inflamed tumors and improves anti-PD-1/PD-L1 immunotherapy. Sci Adv (2020) 6(18):eaax7881. doi: 10.1126/sciadv.aax7881

47. Antoniou, P, Ziogas, DE, Vlachioti, A, Lykoudis, EG, Mitsis, M, and Roukos, DH. Genomic and transcriptional heterogeneity-based precision in personalized treatment for breast cancer. Per Med (2019) 16(5):361–4. doi: 10.2217/pme-2019-0036

48. Kastenhuber, ER, and Lowe, SW. Putting p53 in context. Cell (2017) 170(6):1062–78. doi: 10.1016/j.cell.2017.08.028

49. Li, L, Li, M, and Wang, X. Cancer type-dependent correlations between TP53 mutations and antitumor immunity. DNA Repair (Amst) (2020) 88:102785. doi: 10.1016/j.dnarep.2020.102785

50. Gomez-Diaz, C, and Ikeda, F. Roles of ubiquitin in autophagy and cell death. Semin Cell Dev Biol (2019) 93:125–35. doi: 10.1016/j.semcdb.2018.09.004

51. Iwai, K. Discovery of linear ubiquitination, a crucial regulator for immune signaling and cell death. FEBS J (2021) 288(4):1060–9. doi: 10.1111/febs.15471

52. Muratani, M, and Tansey, WP. How the ubiquitin-proteasome system controls transcription. Nat Rev Mol Cell Biol (2003) 4(3):192–201. doi: 10.1038/nrm1049

53. Popovic, D, Vucic, D, and Dikic, I. Ubiquitination in disease pathogenesis and treatment. Nat Med (2014) 20(11):1242–53. doi: 10.1038/nm.3739

54. Ulrich, HD, and Walden, H. Ubiquitin signalling in DNA replication and repair. Nat Rev Mol Cell Biol (2010) 11(7):479–89. doi: 10.1038/nrm2921

55. Cockram, PE, Kist, M, Prakash, S, Chen, SH, Wertz, IE, and Vucic, D. Ubiquitination in the regulation of inflammatory cell death and cancer. Cell Death Differ (2021) 28(2):591–605. doi: 10.1038/s41418-020-00708-5

56. Shen, Y, Liu, WW, Zhang, X, Shi, JG, Jiang, S, Zheng, L, et al. TRAF3 promotes ROS production and pyroptosis by targeting ULK1 ubiquitination in macrophages. FASEB J (2020) 34(5):7144–59. doi: 10.1096/fj.201903073R

57. Shi, JH, Ling, C, Wang, TT, Zhang, LN, Liu, WW, Qin, Y, et al. TRK-fused gene (TFG) regulates ULK1 stability via TRAF3-mediated ubiquitination and protects macrophages from LPS-induced pyroptosis. Cell Death Dis (2022) 13(1):93. doi: 10.1038/s41419-022-04539-9

58. Song, Y, Wu, X, Xu, Y, Zhu, J, Li, J, Zou, Z, et al. HPV E7 inhibits cell pyroptosis by promoting TRIM21-mediated degradation and ubiquitination of the IFI16 inflammasome. Int J Biol Sci (2020) 16(15):2924–37. doi: 10.7150/ijbs.50074

59. Hou, X, Xia, J, Feng, Y, Cui, L, Yang, Y, Yang, P, et al. USP47-mediated deubiquitination and stabilization of TCEA3 attenuates pyroptosis and apoptosis of colorectal cancer cells induced by chemotherapeutic doxorubicin. Front Pharmacol (2021) 12:713322. doi: 10.3389/fphar.2021.713322

60. Xu, X, Zhang, M, Xu, F, and Jiang, S. Wnt signaling in breast cancer: Biological mechanisms, challenges and opportunities. Mol Cancer (2020) 19(1):165. doi: 10.1186/s12943-020-01276-5

61. Park, HB, Kim, JW, and Baek, KH. Regulation of wnt signaling through ubiquitination and deubiquitination in cancers. Int J Mol Sci (2020) 21(11). doi: 10.3390/ijms21113904

62. Zhao, Y, Ma, J, Fan, Y, Wang, Z, Tian, R, Ji, W, et al. TGF-beta transactivates EGFR and facilitates breast cancer migration and invasion through canonical Smad3 and ERK/Sp1 signaling pathways. Mol Oncol (2018) 12(3):305–21. doi: 10.1002/1878-0261.12162

63. Batlle, E, and Massague, J. Transforming growth factor-beta signaling in immunity and cancer. Immunity (2019) 50(4):924–40. doi: 10.1016/j.immuni.2019.03.024



Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Zhang, Yu, Yang, He, Zhang, Wu, Shen, Zhou, Cheng, Liu and Zhu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-13-933779-g003.jpg
Altered in 399 (85.26%) of 468 samples.

High Risk

MMM S e ¢ VoriantClassificaton  varantType  SNVChss
fl'{ml”llu ﬁh I“'I'Wolh:\llmlw Ww P'Hl;.wh:lul ||‘I|L ||||H|J|’|FI|||M§-—=.- .‘:_:::_ “ 111
Ellnl |'|'If ||| [ Jl II|"||' h [ 1”|' l”\"'||'EE ) = l-_
;l | ||IIH|| |‘| fl ||III “') A ! |||I | ']1 i | ! Hlfpé; = 1 if::
:wl' ||||| | | e | |i . ";
e VL talily it e it IH ‘ ZE=

Low Risk

pat Altered in 377 (82.68%) of 456 samples.
AP O " e =
] \|I'I'|F|' | 'f[' III ” mﬁ |II f' il ||{ |||| |” j Iyfu»— 1:|'. :Il-;‘
= | | le | | |u| ”l IIl|II Ihl = e ) ;.-W"
o :||| il ||f|| |0|H||l |u| 1 ‘|w||||u|| Nl ll“wllr:- = | -
£ b e TR
s:| !"I i i sk itiad ) |I|£|.- " =-T
a1 TR 1] ' “u ' ) fE
?PZ A i,
High Risk . F Low Risk .
& & & 45“@% S & & «o“(@ﬁ





OEBPS/Images/fimmu-13-933779-g005.jpg
A

CD2, Sapacitabine
Cor=0.727, p<0.001

ZNF883, Fluphenazine
Cor=0.762, p<0 001

ZNF683, Nelarabine
Cor=0.783, p<0.001

CD2, Bendamustine
Cor=0811,p<0.001

. .
2 g" B
5 S S
7 T U] W o ) o ™ om o o 03
Expression Expression Expression
CD2, Nelarabine KLRB1, Nelarabine KLRB1, Sapacitabine CD2, XK-469
Cor=072 p<0 01 Cor=0628,p<0.001 Cor=0606, p<0.01 Cor=0604,p<0.001
3" 3" g
2] Q (]
: 2 i
Expression Expression . Expression Expression
ZNF683, Dexamethasone Decadron KLRB1, CNDAC CD2, Chelerythrine CD2, Batracylin
Cor=0632, p<0 001 Cor=0559. p<0 001 Cor=0595, p<0 001 Cor=0.544, pe0 001
2
>
2 2 3
2 2 8
S, S S
. ' s
J 41
¢ 3 *
Expression Expression Expression Expression
D2, CNDAC CD2, Asparaginase ZNF683, Sapacitabine €D2, Melphalan
Core0534,p<0.001 Car0.522. p0 001 Cor=0.494,p<0.001 472, 0001
¥ % B 2
gt 3 Tl 2.
8 | 3. 3 23
S | s ] 1] 4]
B 3 W
i "4 o
! of
o -
k. WL
Expression Expression = Expression Expression
group W low B9 high group B low B high group B8 ow B high group B low BS high
. 75 - -
. . 3 5 s .
2° 2 2
g S50 32 8
3 ® <) . s
Ea s = p . 2
]
2 2 &1 2e
3 525 . 5 5 .
2 . pd L g o g2
U b o . o
3 200 = = 2%
. e . s,
Tow hig low hich hign i high
The_expression_of_CD2 The_expression_of_CD2 The_expression_of_CD2 mz’isxp,mi.,,._ouw 83
group B8 fow B3 non group B8 v B8 igh oroup B8 o B 1gn group B o B3 o0
75
4 . & —_—
2 : 2 3 o 2 3
5 5 2
§s0 g o 8
5 3 32 . 3
3 " 8, . 8
2 g z g
525 3 , 9 3
g 3 g 3
8 g 3 S
=00 3 8° Qo 8
v . 4 .

low

The_expression_of_KLRB1

ow w
The_expression_of_KLRB1 The expression_of KLRB1

The expression of ZNF683





OEBPS/Images/fimmu-13-933779-g008.jpg
—Iu
_qum--_ mm (72}
P3 o0 ~
% >0 O
(%4
e D T -
5 % 8 o
o I~ 4 o o [=] o o
] % ® © ¥ «
> s Q (%) aseyd |99 jo abejuaosad
_ %
v e v e n o °
N N - - O ©

Migration

Jaquinu |89
10097 §100%0

Vector

< L] o~N -
(%) si122 aanisod np3 jo aey

jJseys2oq4 nNa3 abuay

EEH

(S
0 0 o 0 (=] 4

oeCCL5

Vector

o

Invasion

CCLS
GAPDH

P9 §19290
=4 [a) (6]





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Comprehensive analysis of pyroptotic gene prognostic signatures associated with tumor immune microenvironment and genomic mutation in breast cancer

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Introduction

        



        		

          Materials and methods

        

          		

            Data acquisition

          



          		

            Analysis process

          



          		

            Construction and validation of the pyroptosis-related prognostic model

          



          		

            Tumor immune microenvironment in risk model

          



          		

            Gene mutation status in risk model

          



          		

            Differentially expressed genes and function enrichment analysis

          



          		

            Pyro-GPS related drug sensitivity

          



          		

            Validation the function of CCL5 in vitro experiments

          

            		

              Cell culture and transfection

            



            		

              Western blot analysis

            



            		

              Cell proliferation and colony forming assay

            



            		

              Flow cytometry of cell cycle and apoptosis

            



            		

              Cell invasion and migration assay

            



          



          



          		

            Statistical analyses

          



        



        



        		

          Results

        

          		

            Identification of pyroptosis-related genes in breast cancer patients

          



          		

            Construction and validation of the Pyro-GPS model in the TCGA cohort

          



          		

            Association of Pyro-GPS with distinct immune cell infiltration and immune-oncology targets

          



          		

            Risk score correlated with genomic mutation status

          



          		

            Interactions of risk score with DEGs and functional enrichment analysis

          



          		

            Potential therapeutic value of risk score

          



          		

            Stratification analysis and independent prognostic value of Pyro-GPS risk model

          



          		

            Construction of the Pyro-GPS-based nomogram

          



          		

            External validation of the Pyro-GPS in the GSE20711

          



          		

            Inhibition of MDA-MB-231 cells progression with CCL5 upregulation

          



        



        



        		

          Discussion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-933779-g002.jpg
B Risk - High sk = Low sk
§: e
] : 1.00
b N E— o | £
& : = padons s isksoc” = 2 g o
[
2 2 o | 5
Q 2 o = 050
o ‘ﬁ g
50 2 B
. < 2
g @ S @ 0%
g 195-/.%7(;3.23‘}: )
N o 0.00
o [] 5 70 3 % %
g Time(years
g AUC=0.715 years)
g 4.
T T T T T T % High risk] 272 4 7 2 1 0
0.0 02 0.4 0.6 0.8 1.0 & Lowrisk{ 273 66 6 3 1 0
] 5 10 15 20 25
1-Specificity Time(years)
o - Risk == High risk==Low risk
1.00
o | >
s £
3 o1
£ > g
< £ o | S
[ =z ° 5 o5
o 2 S
g 5 < | Z
@ @ g 5 o2
i) 2] HR 043
(95%019.26-068)
N p<0.001
e 1 0.00
] 3 T 7 % %
° AUC=0.664 ime(years)
2 .
T T T T T T Hih ek )
¢ High risk{ 255 54 9 4 ]
00 02 04 06 08 10 2 Lowrisk] 280 8 1s 5 2 0
= ) 3 7 i % %
1-Specificity Time(years)
Risk £3 LowESHigh
N risk © risk D ST M e me momw - e A
Takscors on : .
N T TumorPurity 4 Wiow .
ESTMATESeore % iy
T inmuneseors  rotscors g s
" Seomaiseors eit ;
ot T &0 5 'i . :
Neutrophi 100 7] 1 '
Memory Bcell -2, @
Coscnign raveatiaercon [ W05 s ! i “
Contalamory CDB T oo
mmatue ol I Toso : 0 . L . N
Erecormemeory Co4 Tost M- g, ° . H . ! H
Activated dendritic cell >
Macopnage esmATEScon = !
Rogsman T cst Imn 5 :
MDSC [} L]
Natura il T cel oz !
Elecr ity C08 Tot R
o 1 Thaprcol [Ee—
Plsmasosdoni ot peie :
Gonwalmemory G4 T oo
Notal oot P 8
iy 1000 - = -
Aciated CD4 T cel Stromaiscore > & Y > & S SEE NS S
frebglin lmzoo:) SRR @e‘%’\\"‘:@ﬂ&@‘&i«ﬁ@%f ’}}”&9 é",&‘t@‘?«f S
e en FETEEE SIS LA SIS
Aahated & N ¢ S
Inmee 8 oot B f;‘:«f@n«fff%@ AR @:&i&ei@ & I @
«“;f’ 7 5 é,@“ «
E ¢ ¢ <
| | |
Risk E3 Low E3 High Ea o ke
- i
B T TN B g
10 T 2 F z
= 5 . 8. g1
S e B §
g 1, . . 3 51
£ N S T I : i
5 1 ;00 gl « i
A0 Tl ekal wpol Ll T THel L
& 0O ‘ L_J H : H ' l—
I 3 ¢ . q . Sy =
2 . s 18 8 ] 3 s
S [ H . l (- S
S . 4 L (e :
] [} H 4 3
! g £ g 2
. .19 3. g
Q@ - 2 2
® F e F oS D =
6\\3?_‘9\/ &Y & F &l H
d Fa H

{ FRPT S I LINENL B PN SUNE R | N “riskScore





OEBPS/Images/fimmu-13-933779-g004.jpg
Enrichment Score

~ GOBP_HISTONE_H2A_UBIQUITINATION
= GOBP_HISTONE_UBIQUITINATION
— GOCC_CUL4_RING E3_UBIQUITIN_LIGASE_COMPLEX

- GOMF HISTONE _METHYLTRANSFERASE_ACTIVITY

— KEGG_TGF_BETA_SIGNA|
— KEGG UBIGUITIN MEDIATED 'PROTEOLYSIS
= KEGG_WNT_SIGNALING_PATAHWAY

| il | | | | [ I
i} | |
1 A I | I | | |
I | | | |
I | |1
Tigh 1CT scare<——————>1 TowTCTscore
C
iz diffriskpathway Surpathway

TR : IF
il ‘M “”'m i 1 ‘u‘e‘d"“““w? |
H
‘ ‘HHI‘I || [
[ i' il J‘ ‘
(1 ‘i ’“ i ‘!”I'H \M {
H \
r H \ ‘h “H‘ |‘|U:\‘U\‘\I ‘\HU ﬁl h ‘HI‘"‘” ‘H‘H | ‘w\‘
|I¥\|M|[|I< \h“\\‘w :l( s ‘]i]w“t ‘H' ‘
‘W’ }l;\]‘\k HI\ | HI\“‘H’J\MH\H H‘ “\I ‘}HI ‘I’ M \‘IH \‘\‘\:! K
1 W‘auwi“u.”".uh‘w" !ﬁ”]“'a.”’w Al i)
l\l““‘nf\(t@‘.ﬂ‘u1«%‘&“1“ "\“/l"""";".‘“" I g
“H‘UH )“\IH H‘\}HM‘H‘I“* \‘HHIW‘l‘I 1 ‘ ?

\‘ HH\ “‘\’HI‘I‘\H\] (I8 HHIV‘IWH‘\\ \‘\ ‘\ I[ ‘HH\H

TN Hw‘HIIw‘\ |
“\( PN
“"‘ |I|‘ ‘\ i ‘:‘;”:“Iz l“‘u‘\ H\n |

||| 1\\ | \!
\"“‘lhuwuuuu‘ I "‘"”“ o

i i
| ’H [ \I‘H I\‘]“”\ i | \‘ \‘\I U‘

4/ i‘ \ [
e
1 1 'u'.l)

D Volcano

logFC





OEBPS/Images/fimmu.2022.933779_cover.jpg
’ frontiers | Frontiersin Immunology

Comprehensive analysis of
pyroptotic gene prognostic
signatures associated with
tumor immune
microenvironment and genomic
mutation in breast cancer





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-13-933779-g007.jpg
Actual 7.5-Year Survival

- oo 55 re 3 e ot 5 o 5 2 5 o 53 Lt 51 e TE @
) s : am : e = o
L ’ 8 s 8
. . o 0o J—Ta— .
3 ] ] — i .
g g g . = 4 -
B4 0 . 8 s - o N B
H 2 2. 2 — ¢
2 3 3 ’ v E
8 8 8
P 2 - P
N 251
FEMALE MALE oo Lum’ Normal T4
gender b
c Risk == lligh == Lov
1.00
—— phocox corph
s 8 = @ % o
z
T rLL] = 0.75]
stage E
2 0.509
£ 0.50
age* —_
f‘éﬁ% El
5
riskScore** . z 0. 25
s = 5= = =
2
. . 0. 001
Totalpoints = ® « ; & . T £ 3 T o =
Pr( utime < 12.5) o5 - e Time (years)
Prttime < 10) 55— e Number at risk
i
P ttme <75) i gt I 8 0
Z lov] 9 9 2 0
0 5 10 15
Time (years)
o ] G L1101 o ] SRR W 100 111 o [T
34 = 8+ 5 S
£ H
t 5
2 2,
8- 5 2 B3
g 5
: &
o &
3 RS 33
< 2
T T T T i T T T T T T T T T T T T
00 02 04 08 08 10 00 0z 04 08 08 10 00 02 04 0s 08 10

Nomogram-Predicted Probability of 7.5-Year Survival

Nomogram-Predicted Probabil

of 10-Year Survival

‘Nomogram-Predicted Probability of 12.5-Year Survival






OEBPS/Images/fimmu-13-933779-g006.jpg
10

08
L

Sensitivi

04
L

e
gender

stage

iskScore

AUG of 1 year OS: 067
— AUC of 15 year OS: 0.7
— AUC of 2 year OS: 0684

T T T
00 02

o

04

T T
08 10

06

1-Specificity

0.8 1.0
I

0.6
L

True positive rate
0.4

0.2
I

0.0

[ETTTT

riskScore (AUC=0.707)
age (AUC=0.799)
gender (AUC=0.522)
stage (AUC=0.745)

T (AUC=0.726)

M (AUC=0.560)

N (AUC=0.661)

T T

0.2

0.4

T
0.6 0.8 1.0

False positive rate

Patients with age<=65

Risk == g - ow

Patients with age>65

Risk <= hon - low.

mmal

uniForest multiForest

pvalue  Hazard ratio ! pvalue  Hazard ratio

oo umeeesn § o P pp———

oms omowosi . ew  osy  osweowrm
S e
YRSV ; cas s

o8t 15ea0046-2602) —— " 0265 07190403-1286)

con 18131301589 N oo ossso7s1322

P —— e 0w 1010571100

IR
Hazard ratio Hazard ratio

Risk
6 [ von
ow
i
pamso+
2 [ Basal
Hez
0 B Luma

LumB.
Normal

-an
No
[

vo
m

ey

-

KLRB1

cora

ZNFeEs

cots

Patients with FEMALE

Risk = hgn = low.

Patients with Normal

Risk == o - low

I I ™ ™
= 2 £ S
Bors Zors; Bors; Bors
- g ] -
Son Son Bowo o
] : 3 3
S om %m £ o2s] £ oas)
B | et 3 oolfgditoon B |ostfiyhfoem 3 olfigifhe
oco] R 3 oonl A s Galfe e
5 ™ 0 % = 5 g 0 g T ™ M = 5 z @
Time(years) Time(years) Time(years) Time(years)
o P vonl 457 “
ol % ; H HI 4 % : HEE -4 - S H H s Euly 2 :
g H 0 = * = 5 W 0 5 3 * = F 5 ) g
Time(years) Time(years) Time(years) Time(years)
Patients with LumA Patients with Stage I-1l Patients with Stage IlI-IV Patients with T1-2
s = = 1w Pk o i ok
™ I 1o o
z z z B
075 Bors Bors Bors
H H H H
o [ Eowo Sos
3 ] H g
;nzs ';n;s ;nzs ;nzs
3 |wiloe 3| 3 | e 8 |oion
5 T % @ % = 5 T [0 0 = = 5 7 w % 5 T % @ % =
Time(years) Time(years) Time(years) ‘Time(years)
grodae % s 2 . o greus 1w n s 2 o e n 5 0 o grejes  m s s 2 o
Falm % M H 3 HIE - - S H H I 4 B ] H H HI -+ - H H H
- Urime(years) ® E rimeyears) = - Timelyears) = 2 2 Urime(years) ®
Patients with T3-4 Patients with NO Patients with N1-3 Patients with MO
Rk = g = o Rk = b = tow Rk = hon = tow ik = o = tow
I I 100
z =z )
g g0 § 075
] [ &
Boul [P Sow gos
2 2 2 H
2oz Soas] 2 ozs! Fo2s
@ | elfyfoon B | oot B | ettt eoififiosn
n | ool B ol
0 T W g B 5 T @ 0 = = g T = 0 = 5 T W 0 = =
Time(years) Time(years) Time(years) Time(years)
ol P H H I -4 i1 h H H ;. EwlE % H i i HE 1% b S S ; 3 H
g 0 0 = g 0 0 = = g 7 % @ E g 5 T @ B =
Time(years) Time(years) Time(years) Time(years)





OEBPS/Images/im1.jpg
$Coef, + X;





OEBPS/Images/fimmu-13-933779-g001.jpg
21 pyroptosis genes

Pearson correlation analysis
(cor>0.5 or <-0.5, p<0.05)

161 pyroptosis-related genes

univariate and multivariate Cox regression analysis

6 optimal Pyro-GPS

TCGA dataset GEO dataset

(1089 cases) (88 cases)

training cohort
(545 cases)

testing cohort
(544 cases)

construction and validation of the Pyro-GPS risk model
distinct immune cell infiltration

immune-oncology targets expression risk score of 6 Pyro-GPS

! . . .
functional enrichment analysis stratification analysis
predictive value of prognostic signatures

in vitro cell experiments of CCL5





