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Abstract
Background: Breast cancer (BC) surpassed lung cancer as the most frequent malignant tumour in
women. In recent years, pyroptosis has revealed itself as an in�ammatory form of programmed cell
death. However, it is unclear as to the expression of genes associated with pyroptosis in BC and its
relationship to prognosis.

Results: In this study, we identi�ed 31 pyroptosis regulators that are differentially expressed between BC
and normal breast. The differently expressed genes (DEG) allow BC patients to be divided into three
subtypes. Through single-factor and multi-factor COX regression and the application of least absolute
contraction and selection operator (LASSO) Cox regression method, the survival prognostic value of each
gene related to pyroptosis in The Cancer Genome Atlas (TCGA) cohort was evaluated, and a 4-gene
signature was constructed. BC patients of the TCGA cohort are divided into low-risk or high-risk groups by
risk score. The survival of the low-risk group was signi�cantly higher than the high-risk group (P <0.001).
Using the median risk score from the TCGA cohort, BC patients from the Gene Expression Omnibus (GEO)
cohort were divided into two risk sub-groups and similar conclusions were drawn. In combination with
clinicopathological characteristics, the risk score is an independent predictive factor of OS in BC patients.
Gene ontology (GO) and Kyoto Encylopedia of Genes and Genomes (KEGG) indicated that the high-risk
group's immune genes were enriched and immune status was reduced.

Conclusions: In conclusion, pyroptosis-related genes are important for tumour immunity and can be used
to predict the prognosis of BC.

Background
Breast cancer has become a key global public health concern and is the leading cause of cancer-related
death in women.[1] In 2020, female breast cancer surpassed lung cancer as the most common type of
cancer globally;[2] in the United States, breast cancer accounted for 30% of all female cancers in 2021,
with 281,550 cases, while China accounts for 17.6% and 15.6% of the world's female breast cancer
incidences and deaths, respectively.[3, 4, 5]

Breast cancer treatment is comprehensive, including surgery, endocrine therapy, radiotherapy and
chemotherapy, targeted therapy, and immunotherapy. However, as the number of patients increases and
tumors become increasingly drug-resistant, new treatment targets need to be identi�ed to improve the
clinical outcome of breast cancer. Therefore, there is an urgent need for reliable new models to predict
and evaluate the effect of cancer treatment on patients.

Programmed cell death refers to death that relies on the regulation of genetic code within the cell.[6]
There are two means of programmed cell death: apoptosis and pyroptosis. Apoptosis is a relatively
thorough method of programmed death. Pyroptosis is an in�ammatory programmed death method that
is dependent on caspase 1, caspase 4, caspase 5, and caspase, and is mediated by the Gasdermin D
(GSDMD) protein.[7] Infection and cell stress can trigger the assemblage of typical or atypical
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in�ammasomes, which activates caspase 1 and caspase 11. The activated caspase is cleaved by the
GSDMD protein, transforming it into an activated state, resulting in cellular pyroptosis, which plays a key
role in innate immunity.[8] Compared with other methods of cell death, the mechanism and
morphological changes associated with cell death are different in pyroptosis. The most characteristic
feature is that the process of cell death triggers an in�ammatory response and is closely associated with
many diseases. Generally, the occurrence and development of malignant tumors are determined by many
factors, including the relative activity of proto-oncogenes and tumor suppressor genes, immune
microenvironment, and in�ammatory microenvironment. Given the pro-in�ammatory nature of pyroptosis,
it is related to the pathogenesis of many chronic in�ammatory diseases.[9] Therefore, the in�ammatory
microenvironment formed by the release of a large number of in�ammatory factors in the process of
pyroptosis may promote the occurrence and development of tumors. Studies have found that NLRP3 and
IL-18β, which it mediates, can promote the occurrence and development of in�ammatory bowel disease
(such as Crohn’s disease and ulcerative colitis), and in�ammatory bowel disease may eventually cause
malignant tumors in the gastrointestinal tract.[10] Cell pyroptosis plays an important role in this process.
Cell death may promote the occurrence and development of malignant tumors. Some studies have found
that although the NF-κB signaling pathway is closely related to the occurrence and development of
malignant tumors, the abnormal activation of the NF-κB signaling pathway allows cells to resist
programmed cell death while simultaneously carrying out proliferation, invasion, and metastasis, thereby
promoting malignancy, which leads to the occurrence and development of tumors.[11] However, inhibiting
the activity of the NF-κB pathway can promote programmed cell death via pyroptosis and inhibit the
occurrence and development of malignant tumors.[12]

As per current understanding, pyroptosis is closely related to the occurrence and development of a variety
of malignant tumors. However, there are very few studies on the speci�c mechanism of cell pyroptosis in
the treatment of breast cancer. Therefore, we have systematically studied the differences in expression of
genes related to pyroptosis between the normal breast tissue and breast cancer tissue, explored the
prognostic value of these genes, and studied the correlation between tumor immune microenvironment
and pyroptosis.

Results
DEGs identi�cation between normal tissue and tumor tissue

By comparing the expression levels of 113 normal tissues and 1103 breast cancer tissues from TCGA
data with 33 pyroptosis-related genes, 19 differentially expressed genes (P < 0.05) were identi�ed. Among
them, nine genes are down-regulated and the other ten genes are up-regulated. The heatmap in Fig. 1A
shows the RNA expression levels of these genes. Through protein–protein interaction network (PPI)
analysis, the interaction of these pyroptosis-related genes is further explored and the results are presented
in Fig. 1B. We found that CASP1, PYCARD, NLRP3, NLRC4, CASP5, NLRP1, AIM2, IL1B, and IL18 are hub
genes (Fig. 1C). Except for NLRC4 and CASP5, others are DEGs between normal tissue and breast tumor
tissue. Figure 1D shows the network of all genes related to pyroptosis.
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Tumor classi�cation based on DEGs

To explore the relationship between the expression of 19 pyroptosis-related DEGs and breast cancer
subtypes, we performed a consensus cluster analysis on 1085 breast cancer patients with complete
follow-up information in the TCGA cohort. By increasing the clustering variable (k) from 2 to 9, we found
that when k = 3, the intra-group correlation is highest and the inter-group correlation is low. This indicates
that the 1085 breast cancer patients can be divided into three clusters based on 31 DEGs (Figure 2A).
Gene expression pro�le and clinical characteristics, including Age, Stage, ER (estrogen receptor) status,
PR (progesterone receptor) status, HER2 (human epidermal growth factor receptor 2) status, Subtype, age
(≤60 years or> 60 years old), and Subtype are shown in the heat map, but there is a difference between
the three clusters. There is almost no difference in clinical characteristics (Figure 2B). The overall survival
time between the three clusters was also compared, but no signi�cant difference was found (P = 0.09,
Figure 2C).

Establishment of prognostic gene model based on TCGA cohort

A total of 1035 breast cancer samples were matched to the corresponding patients with complete
survival information. Univariate Cox regression analysis was used for the preliminary screening of
survival-related genes. The eight genes (CASP1, CASP4, CASP8, CASP9, ELANE, GPX4, IL18, and
PYCARD) that meet the criteria P <0.2 are retained for further analysis. These eight genes have HRs <1
and are all protective genes (Figure 3A)). By performing Least Absolute Shrinkage and Selection Operator
(LASSO) Cox regression analysis, the markers of four genes were constructed according to the optimal λ
value (Figure 3B, C). The risk score was calculated as follows: risk score = (−0.173×CASP9 exp.) +
(−0.122×ELANE exp.) +(−1.239×GPX4 exp.) +(−0.052×IL18 exp.). Based on the median risk score, 1034
patients were divided into low-risk and high-risk groups (Figure 3D). Principal component analysis (PCA)
showed that patients with different risks were satisfactorily divided into two clusters (Figure 3E). Patients
in the high-risk group had more deaths and shorter survival times than those in the low-risk group (Figure
3F). Analysis of the Kaplan-Meier survival curve showed that the OS time between the two groups was
signi�cantly different (P <0.001, Figure 3G). Through a time-dependent receiver operating characteristics
(ROC) analysis to evaluate the sensitivity and speci�city of the prognostic model, we found that the area
under the ROC curve (AUC) was 0.620 in three years, 0.619 in �ve years, and 0.644 in seven years (Figure
3H).

External veri�cation of the risk model

We selected 390 breast cancer patients from the GEO cohorts (GSE7390, N=198; GSE42568, N=104;
GSE20713, N=88) as the validation set. Before further veri�cation, gene expression data were normalized
and batch effects were removed. According to the median risk score of the TCGA cohort, patients in the
three GEO cohorts were divided into high- and low-risk groups. (GSE7390: 113 cases of low risk, 85 cases
of high risk; GSE42568: 22 cases of low risk, 82 cases of high risk; GSE20713: 23 cases of low risk, 65
cases of high-risk, as shown in Figure 4A, B, C ). The PCA of three datasets (GSE7390, GSE42568, and
GSE20713) shows satisfactory separation between the two subgroups, as illustrated in Figure 4D, E, F. In
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addition, we found that low-risk patients have longer survival times and lower mortality than high-risk
patients as illustrated in Figure 4G, H, I. The Kaplan–Meier analysis of the three GEO cohorts indicates
that there were signi�cant differences in OS between the low-risk and high-risk groups (all p <0.01, Figure
4J, K, L). The ROC curve analysis of three GEO cohorts shows that our model has good predictive
performance (Figure 4M, N, O ).

Independent prognostic analysis of risk models

To evaluate whether the risk assessment of our model can be used as an independent prognostic factor,
we used univariate and multivariate COX regression analysis methods. Univariate Cox regression analysis
showed that in the TCGA, GSE7390, and GSE42568 cohorts, a risk score can be used as an independent
factor for low survival (HR = 4.359, 95% CI: 1.694–11.221, HR: 9.129, 95% CI: 2.379–35.029 and HR:
12.190, 95% CI: 1.938−76.667 (Figure 5A, C, E). Concurrently, in the above three cohorts, multivariate COX
analysis showed that our risk score was an independent prognostic factor (HR = 3.804 95% CI: 1.520–
9.518, HR: 7.725, 95% CI: 2.045–29.183 and HR: 14.685, 95% CI: 2.502–86.180, Figure 5B, D, F). In the
other cohort (GSE20713), we found that risk score cannot be used as a prognostic factor. We also drew a
clinical heatmap of the TCGA cohort using the R package ComplexHeatmap. We found that the two
clinical indicators of T stage and HER2 status were different between the high- and low-risk groups
(p<0.05). (Figure 5G)

GO and KEGG analysis based on the risk model

To further explore the differences in gene function and pathways between groups, we extracted DEGs
through the R package limma and set the threshold as FDR <0.05 and |log2FC | ≥ 1. We identi�ed 278
DEGs between the high- and low-risk groups in the TCGA cohort, of which 267 genes were down-regulated
and 11 genes were up-regulated (data are listed in Table S3). GO enrichment analysis and KEGG pathway
analysis were performed on these DEGs. The results indicate that DEGs are mainly related to immune
response, immune response-activating cell surface receptor signaling pathway, and Cytokine−cytokine
receptor interaction (Figure 6A, B).

Comparison of immunological activity between subgroups

Through functional analysis, we further compared the enrichment scores of 16 types of immune cells and
the activity enrichment analysis of 13 immune-related pathways (ssGSEA) between the TCGA cohort and
the high- and low-risk patients in the three GEO cohorts by using a single-sample genome. In the TCGA
cohort, we found that among the 16 immune cell types, the low-risk group had a higher number of
immune cells, especially ADCs, B cells, CD8+ T_cells, DCs, IDCs, Mast_cells, Neutrophils, NK_cells, pDCs,
T_helper_cells, Tfh, Th1_cells, Th2_cells, and TILTreg. (Figure 7A, B) Compared with the high-risk group,
the low-risk group demonstrated higher activity in 13 immune pathways. When evaluating the
immunization status of the three GEO cohorts, similar conclusions were reached. (Figure 7C, D, E, F, G, H)

Correlation analysis between chemotherapeutic drugs and model
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We sought to determine the association between risk and the e�cacy of chemotherapy in breast cancer
treatment in the TCGA cohort. We found that the low-risk group was associated with the lower half
inhibitory concentration (IC50) of chemotherapy treatments, such as Paclitaxel, Doxorubicin,
Gemcitabine, Cisplatin, and PD.0332991 (Palbociclib) , and the higher IC50 with Lapatinib. Thus, this
model can be used as a predictive indicator of chemical drug sensitivity (Figure 8).

Discussion
In this study, we �rst analyzed the expression of 33 known pyroptosis-related genes at the mRNA level.
We found that most of these genes are differentially expressed in breast cancer and normal adjacent
tissues. To further explore the characteristics of these DEGs, we observed that there was no signi�cant
difference in the survival time and other clinical case characteristics in the three clusters generated by the
consensus cluster analysis. To evaluate the prognostic value of these regulatory factors in breast cancer,
we further screened out four genes related to pyroptosis through COX univariate analysis and LASSO
COX regression. We also constructed a risk model, veri�ed its e�cacy through an external dataset, and
obtained good results. Furthermore, we conducted a differential analysis of gene expression in the two
subgroups of high and low risk. Functional analysis showed that these DEGs are related to immune
response and immune-related pathways. We further compared the immune cell in�ltration and activation
pathways between the high- and low-risk subgroups. We found that compared with the high-risk group,
the low-risk group had a higher level of in�ltrating immune cells and demonstrated higher activity in
immune-related pathways. We also tested the sensitivity of traditional chemotherapy drugs in the two
subgroups. We found that compared with the low-risk group, patients in the high-risk group were less
sensitive to these drugs. This �nding could guide some clinical treatment decisions.

In recent years, owing to in-depth studies of the new programmed death procedure, pyroptosis has been
discovered, which plays a dual role in the occurrence, development, and treatment of tumors.[13] On the
one hand, the pro-in�ammatory nature of pyroptosis is related to the pathogenesis of many chronic
in�ammatory diseases. Therefore, the in�ammatory microenvironment formed by the release of a large
number of in�ammatory factors in the process of pyroptosis may promote the occurrence and
development of tumors.[14] On the other hand, pyroptosis itself can stimulate or inhibit a variety of cell
pathways, including programmed cell death featuring pyroptosis, and inhibit the occurrence and
development of malignant tumors. In breast cancer research, there are few reports on the interactions
between genes related to pyroptosis and their in�uence on the survival time and treatment effect of
breast cancer patients. Our study found that the risk model constructed using four genes related to
pyroptosis (IL18, ELANE, GPX4, and CASP9) can predict the OS of breast cancer patients. Interleukin 18
(IL18), originally called interferon-inducing factor (IFN-γ inducing factor or IGIF), belongs to the IL-1
family; it is structurally homologous to IL-1 but functionally similar to IL-12. It can induce IFN-γ
production, activate natural killer (NK) cells and toxic T lymphocytes (CTL), and induce helper T cells (Th),
thus playing an important role in the body’s anti-infection, anti-in�ammatory, and anti-tumor processes. In
the classic pathway of pyroptosis-related death,[15] the body is stimulated by various factors to activate
the in�ammasome. The activation of the in�ammasome is one of the most important pathways in the
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process of cellular natural immunity.[16] The activated in�ammasome further activates caspase-1, which
in turn promotes the maturation of the precursors of interleukin (IL)-1β and IL-18, recruits in�ammatory
cells, expands the in�ammatory response, and leads to pyroptosis. In�ammation is considered a risk
factor for cancer progression.[17] IL-18 is a pro-in�ammatory cytokine that plays an important role in
many in�ammatory diseases and immune responses. It has an inseparable relationship with tumors,
showing varying degrees of expression.[18] We found that it is highly expressed in tumor tissues, and it
seems to be an oncogene. However, in our survival analysis, it was found that it is related to the survival
of breast cancer patients because it is highly expressed in patients in our low-risk group. This
contradictory �nding is worthy of further research. Neutrophil-expressed elastase (ELANE) is one of the
main serine proteases secreted by neutrophils,it can activate pro-in�ammatory cytokines and play a key
role in the immune response.[19] In the RNA study of 197 clear cell renal cell carcinomas (ccRCCs), Wei et
al.[20] found that the ELANE gene may be related to the invasion and metastasis of ccRCCs and may be
used as a prognostic and therapeutic biomarker for ccRCCs. In our study, we found that ELANE is
differentially expressed in breast cancer tissues and normal adjacent tissues, and it is overexpressed in
normal tissues. Therefore, we speculate that it may participate in the immune response process during
tumorigenesis and inhibit the further development of tumors. However, its speci�c tumor-inhibiting
mechanism needs to be further studied. Glutathione peroxidase 4 (GPX4) is a protein that mainly inhibits
lipid peroxidation. In addition to its unique ability to reduce H2O2 and small molecular hydrogen peroxide,
GPX4 can also reduce hydrogen peroxide in complex forms such as phospholipids and cholesterol.[21]
GPX4 has been reported to be associated with many types of cancer. In gliomas, it is signi�cantly
overexpressed in tumor tissues and cell lines. It is found that GPX4 is involved in the migration,
proliferation, and pyroptosis of glioma cells, while high expression of GPX4 has less impact on glioma
patients.[22] In our study, no difference in GPX4 expression was found between tumor and normal
tissues, or between high- and low-risk subgroups. Therefore, its speci�c mechanism for improving the OS
of breast cancer patients needs to be further explored. Caspase 9 (CASP9) is a member of the family of
coding cysteine-aspartic proteases (caspase). It can be proteolytically processed and activated by the
protein complex of apoptotic bodies, cytochrome c, and apoptotic peptidase activating factor 1.[23] This
is considered one of the earliest steps in the caspase activation cascade. This protein is believed to play
a central role in pyroptosis and is a tumor suppressor. M Sharif et al.[24] found that in breast cancer, miR-
182-5p can be inhibited by regulating the expression of CASP9, which can affect the proliferation and
pyroptosis of tumor cells. Although we found no difference in the expression of CASP9 between tumors
and normal tissues, it is positively correlated with the survival time of breast cancer patients, so it plays a
role in suppressing cancer. In summary, in our risk model, four genes (IL18, ELANE, GPX4, and CASP9)
that may be triggers for promoting pyroptosis are associated with better breast cancer OS. However, the
interaction of these genes with pyroptosis and their potential to inhibit tumor development needs to be
further studied.

Although pyroptosis is a major research hotspot, and some similarities with pyroptosis and some
overlapping mechanisms have been found, the research on pyroptosis is still insu�cient. As the tumor
progresses, there may be multiple simultaneous cell death modes in the body that affect each other.[25]
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For example, in our model, CASP9 plays a central role in pyroptosis. In this study, we analyzed DEGs
between high- and low-risk groups through GO and KEGG and found that these DEGs are mainly involved
in immune response and immune cell chemotaxis. Therefore, we speculate that the tumor immune
microenvironment is regulated by these thermal apoptotic factors. Furthermore, it was found that the
high-risk group in the TCGA cohort had a lower level of tumor-in�ltrating immune cells, indicating that its
immune function was generally impaired. This conclusion was further con�rmed in the three GEO
cohorts. Ye et al. also found similar results in ovarian cancer.[26] Based on these �ndings, we believe that
the poor survival rate of high-risk breast cancer patients may be due to the body’s reduced anti-tumor
immunity.

At present, there are few studies on the mechanism of pyroptosis in breast cancer. Our study identi�ed
four genes with the ability to regulate pyroptosis, and further studied the prognostic value of these
pyroptosis-related genes in breast cancer and provided theoretical support for future research. However,
owing to a lack of data, we are unable to determine the role of these genes in the pathway of pyroptosis
death in breast cancer. We will conduct in-depth research in this area in the future.

Conclusion
In conclusion, our research indicates that pyroptosis is closely related to breast cancer because in breast
cancer tissues and normal tissues, most genes related to pyroptosis are differentially expressed.
Furthermore, our risk model based on four genes related to pyroptosis can predict the survival status in
the TCGA and GEO cohorts. The DEGs between the high- and low-risk groups are related to tumor
immunity. Our research provides new genetic characteristics for predicting the prognosis of breast cancer
patients and provides an important basis for future research on the relationship between pyroptosis-
related genes and breast cancer immunity.

Methods
Dataset acquisition

Complete RNA sequences and clinical characteristics of patients from 113 normal cases and 1103 breast
cancer cases were obtained from the TCGA BRCA project (https://tcga-data.nci.nih.gov/tcga/) on April
15, 2021. The external validation set data (GSE7390, GSE42568, and GSE20713) including RNA-seq data
and clinical information �les can be downloaded from the GEO website
(https://www.ncbi.nlm.nih.gov/geo/). All patients were followed up for at least 30 days.

Identi�cation of differentially expressed genes related to pyroptosis

We extracted 33 genes related to pyroptosis from previous studies.[27,28,29,30] These are listed in Table
S1. We used the R package "limma" to identify differentially expressed genes (DEGs) with P values <0.05.
Details of the DEGs are listed in Table S2. A PPI network for DEG was established through the online
network tool STRING (https://string-db.org/).
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Model construction and veri�cation of pyroptosis-related genes

First, we used COX regression analysis to assess the correlation of pyroptosis-related genes to survival
status in the TCGA dataset. During this step, we de�ne the P value to 0.2 to avoid omissions. Eight genes
linked to survival have been identi�ed. We then applied lasso regression to re�ne the range of candidate
genes and develop a prognostic model. As a result of this screening, four genes and their coe�cients
were identi�ed. The penalty parameter (λ) was established based on the lowest standard. By
concentrating and normalizing TCGA expression data and using formulas, the risk score was calculated.
According to the median risk, TCGA patients were divided into low-risk and high-risk groups. The Kaplan-
Meier survival curve was used for calculating and comparing survival differences between the two
groups. ROC curve analysis was performed using the R package. PCA based on the 4-gene signature was
performed through the "prcomp" function in the "stats" R package. The "survival", "survivor" and "time
ROC" R software packages were used to perform a 3-year ROC curve analysis. For the validation study,
the breast cancer cohort from the GEO database (GSE7390, GSE42568, and GSE20713) was used. The
expression of each gene related to pyroptosis was also normalized by the "scale" function. Then the risk
score was calculated by the same formula as the TCGA cohort. By applying the median risk score of the
TCGA cohort, patients in the GSE cohort were also divided into low-risk or high-risk groups, and then these
groups were compared to validate the risk model.

Independent prognostic analysis of risk score

We obtained the clinical information (age, TNM stage, Stage, ER, PR, HER2 status, and subtype) of
patients in the TCGA cohort and information (age, ER, PR, HER2 status, and subtype data) of patients in
the GEO cohorts, combined with the risk model, using which we established scoring. Univariate and
multivariate COX regression analyses were performed.

Functional enrichment analysis of DEGs between low-risk and high-risk populations

Based on the median risk score, breast cancer patients in the TCGA cohort were divided into low-risk and
high-risk groups. DEGs between the low-risk and high-risk groups was �ltered. The �lter criteria are |
log2FC | ≥ 0.5 and FDR <0.05. GO and KEGG analysis was performed on DEG through the R package
"cluster pro�le". The R package "gsva" was used to perform ssGSEA to calculate the fraction of in�ltrating
immune cells and evaluate the status of immune-related pathways.

Exploration of the signi�cance of this model in clinical treatment

To evaluate this model in the clinical treatment of breast cancer, we used the R package "pRRophetic" to
calculate the IC50 of commonly used chemotherapy drugs in the TCGA cohort. The NCCN guidelines
suggest that anti-tumor drugs, such as Paclitaxel, Doxorubicin, Gemcitabine, Cisplatin, Lapatinib, and
PD.0332991 (Palbociclib) be used for the treatment of breast cancer.

Statistical analysis
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All processes are shown in Figure 9. One-way analysis of variance was used to compare gene expression
levels between normal patients and breast cancer patients, and the Pearson chi-square test was selected
as the categorical variable. The Kaplan–Meier method and two-way log-rank test were used to compare
the OS of patients between subgroups. Univariate and multiple Cox regression models were used to
evaluate the independent prognostic value of the risk model. Mann–Whitney test was used to compare
the immune cell in�ltration and immune pathway activation status between the two groups. Wilcoxon
signed-rank test is used to compare IC50 differences between high- and low-risk groups.

Abbreviation
BC:breast cancer;DEG: differently expressed genes;TCGA:The Cancer Genome Atlas; GEO: Gene
Expression Omnibus;GO:Gene ontology;KEGG:Kyoto Encylopedia of Genes and Genomes;GSDMD: the
Gasdermin D protein;PPI:protein–protein interaction network; IC50:half inhibitory
concentration;ER:estrogen receptor;PR:progesterone receptor;Her2:human epidermal growth factor
receptor 2; LASSO:Least Absolute Shrinkage and Selection Operator;PCA:Principal component analysis;
ROC:receiver operating characteristics ;AUC:area under curve. IL18:Interleukin 18;NK :natural killer cells;
CTL:toxic T lymphocytes;ELANE:Neutrophil-expressed elastase;ccRCCs:clear cell renal cell carcinomas;
GPX4:Glutathione peroxidase 4; CASP9:Caspase 9 .
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Figure 1

Expressions of the 33 19 DEGs pyroptosis-related genes and the interactions among them. A Heatmap
(green: low expression level; red: high expression level) of the pyroptosis-related genes between the
normal (N, brilliant blue) and the tumour tissues (T, red). B PPI network showing the interactions of the
pyroptosis-related genes (interaction score = 0.9).C The 9 Hub genes. D The correlation network of the
pyroptosis-related genes (red line: positive correlation; blue line: negative correlation. The depth of the
colours re�ects the strength of the relevance)
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Figure 2

Tumour classi�cation based on the pyroptosis-related DEGs. A 1085 BC patients were grouped into three
clusters according to the consensus clustering matrix (k = 3). B Kaplan–Meier OS curves for the three
clusters. C Heatmap and the clinicopathologic characters of the three clusters classi�ed by these DEGs
(Subtype:HER2 ampli�cation, TNBC,luminal A/B).



Page 16/21

Figure 3

Construction of risk signature in the TCGA cohort. A Univariate cox regression analysis of OS for each
pyroptosis-related gene, and 8 genes with P < 0.2. B LASSO regression of the 8 OS-related genes. C Cross-
validation for tuning the parameter selection in the LASSO regression. D Distribution of patients based on
the risk score. E PCA plot for BCs based on the risk score. F The survival status for each patient (low-risk
population: on the left side of the dotted line; high-risk population: on the right side of the dotted line). G
Kaplan–Meier curves for the OS of patients in the high- and low-risk groups. H ROC curves demonstrated
the predictive e�ciency of the risk score.
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Figure 4

Validation of the risk model in the GEO cohort. A,B,C Distribution of patients in the GEO cohort( GSE7390,
GSE42568,and GSE20713)based on the median risk score in the TCGA cohort. D,E,F PCA plot for BCs.
G,H,I The survival status for each patient (low-risk population: on the left side of the dotted line; high-risk
population: on the right side of the dotted line). J,K,L Kaplan–Meier curves for comparison of the OS
between low- and high-risk groups. M,N,O Time-dependent ROC curves for BCs

Figure 5

Univariate and multivariate Cox regression analyses for the risk score. A Univariate analysis for the TCGA
cohort(Subtype:HER2 ampli�cation, TNBC, luminal A/B). B Multivariate analysis for the TCGA cohort. C
Univariate analysis for the GSE7390 cohort . D Multivariate analysis for the GSE7390 cohort. E Univariate
analysis for the GSE42568 cohort . F Multivariate analysis for the GSE42568 cohort. G Heatmap (green:
low expression; red: high expression) for the connections between clinicopathologic features and the risk
groups (*P < 0.05,**P < 0.01).
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Figure 6

Functional analysis based on the DEGs between the two-risk groups in the TCGA cohort. A Bubble graph
for GO enrichment (the bigger bubble means the more genes enriched, and the increasing depth of red
means the differences were more obvious; q-value: the adjusted p-value). B Barplot graph for KEGG
pathways (the longer bar means the more genes enriched, and the increasing depth of red means the
differences were more obvious)
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Figure 7

Comparison of the ssGSEA scores for immune cells and immune pathways. A, B Comparison of the
enrichment scores of 16 types of immune cells and 13 immune-related pathways between low- and high-
risk group in the TCGA cohort. C, D Comparison of the tumour immunity between low- and high-risk group
in the GSE7390 cohort. E, F Comparison of the tumour immunity between low- and high-risk group in the
GSE42568 cohort. G, H Comparison of the tumour immunity between low- and high-risk group in the
GSE20713 cohort. P values were showed as: ns not signi�cant; *P < 0.05;**P < 0.01; ***P < 0.001
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Figure 8

Correlation analysis between chemotherapeutic drugs and model. The model acted as a potential
predictor for chemosensitivity.The low-risk group was associated with the lower IC50 of chemotherapy
treatments, such as Paclitaxel, Doxorubicin, Gemcitabine, Cisplatin, and PD.0332991 (Palbociclib) , and
the higher IC50 with Lapatinib.
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Figure 9

One-way analysis of variance was used to compare gene expression levels between normal patients and
breast cancer patients, and the Pearson chi-square test was selected as the categorical variable.
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