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Background

Although studies have shown that cell pyroptosis is involved in the progression of asthma, a systematic analysis of the clinical significance of pyroptosis-related genes (PRGs) cooperating with immune cells in asthma patients is still lacking.



Methods

Transcriptome sequencing datasets from patients with different disease courses were used to screen pyroptosis-related differentially expressed genes and perform biological function analysis. Clustering based on K-means unsupervised clustering method is performed to identify pyroptosis-related subtypes in asthma and explore biological functional characteristics of poorly controlled subtypes. Diagnostic markers between subtypes were screened and validated using an asthma mouse model. The infiltration of immune cells in airway epithelium was evaluated based on CIBERSORT, and the correlation between diagnostic markers and immune cells was analyzed. Finally, a risk prediction model was established and experimentally verified using differentially expressed genes between pyroptosis subtypes in combination with asthma control. The cMAP database and molecular docking were utilized to predict potential therapeutic drugs.



Results

Nineteen differentially expressed PRGs and two subtypes were identified between patients with mild-to-moderate and severe asthma conditions. Significant differences were observed in asthma control and FEV1 reversibility between the two subtypes. Poor control subtypes were closely related to glucocorticoid resistance and airway remodeling. BNIP3 was identified as a diagnostic marker and associated with immune cell infiltration such as, M2 macrophages. The risk prediction model containing four genes has accurate classification efficiency and prediction value. Small molecules obtained from the cMAP database that may have therapeutic effects on asthma are mainly DPP4 inhibitors.



Conclusion

Pyroptosis and its mediated immune phenotype are crucial in the occurrence, development, and prognosis of asthma. The predictive models and drugs developed on the basis of PRGs may provide new solutions for the management of asthma.
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Introduction

Asthma is a respiratory disease characterized by chronic inflammation of airways. Its prominent features include airway hyperresponsiveness and recurrent attacks. Although asthma has been extensively investigated, pathogenesis requires further investigation and existing studies mainly focus on the airway inflammatory mechanism, immune regulation mechanism, neuromodulatory mechanism, and genetic and environmental factors (1). Severe asthma refers to the type that requires step 4 or 5 treatment, as recommended by Global Initiative for Asthma (GINA). This kind of asthma is more difficult to control than its mild-to-moderate counterpart (2), thereby reducing the quality of life and increasing the mortality of patients in this group. A variety of immune cells are involved throughout the course of asthma. The GINA guidelines indicated that monoclonal antibody-based immunotherapy is recommended for patients with severe asthma (3). Although severe asthma is mostly characterized by type-I immunity, drugs typically used are generally under target type-I immunity and sometimes unavailable (4). Therefore, cutting off the progression of mild-to-moderate to severe asthma cases is still the key to asthma management given the disease characteristics and health economic expenditure because sensitive assessment tools are required in identifying early mild-to-moderate asthma patients and the development of drugs to treat asthma from other pathophysiological perspectives and help patients achieve clinical control (5).

Cell pyroptosis has gradually become an important research direction in the exploration of asthma pathogenesis. Pyroptosis is a new mode of programmed cell death that has been confirmed in recent years. Pyroptosis is characterized by the change of osmotic pressure inside and outside the cell due to the perforation of activated gasdermin D (GSDMD) in the cell membrane and flow of extracellular material into the cell that result in its final rupture and release of massive proinflammatory factors (6). Gasdermin B (GSDMB) intervenes in various physiological and pathological processes, such as inflammation, coagulation, and cell differentiation, by regulating cell pyroptosis. Moreover, gene polymorphism of GSDMB is highly correlated with the pathogenesis of asthma (7). The expression of GSDMB in airway epithelial cells of patients with asthma is upregulated. Cell pyroptosis induced by the GSDMB protein can be eliminated when deleting the entire exon 6 from the splicing variant rs11078928 of the GSDMB gene to reduce the risk of asthma (8). Additionally, immune cells mediate the progression of asthma through cell pyroptosis. Activated caspase-11 induces pyroptosis, alveolar macrophages from patients with asthma exhibit increased expression of caspase-4 (human homologue of caspase-11), and prostaglandin E2 can exert protective effects against allergic airway inflammation by inhibiting caspase-11-/caspase-4-dependent pyroptosis in mouse and human macrophages (9). Although existing studies have initially reported the role of pyroptosis and pyroptosis-related genes (PRGs) in the development and progression of asthma, research on expression differences of PRGs between mild-to-moderate and severe asthma cases is still lacking and the role of cell pyroptosis in immune responses in airway epithelial tissues remains unclear. Moreover, studies that combine the situation of asthma control and immune imbalance as well as comprehensively analyze the role of PRGs in asthma are limited.

We excluded key PRGs related to the progression and control of asthma using machine learning method, compared the differences of immune cell infiltration under different PRG expression patterns, and established the relationship between key PRGs and immune cells in this study. A pyroptosis-related prognostic model was constructed to predict the control of asthmatic patients, and animal experiments were performed to verify the effectiveness of the model and screen potential therapeutic agents for high-risk patients.



Materials and methods


Data source

The microarray datasets GSE89809 and GSE104468 are downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) (10, 11). The “limma” package was used to screen differentially expressed genes (DEGs) (12), and P < 0.05 and |log2 FC| > 0.585 were considered statistically significant. The 227 pyroptosis-related genes are from the Genecards (https://www.genecards.org/) website. The site uses GeneCards Inferred Functionality Scores (GIFtS) to annotate each relevant gene and generate a correlation score. In this study, pyroptosis was used as the keyword to search related genes, and 227genes with GIFtS > 30 were included for follow-up study.



Classification and functional enrichment analysis of PRG-related subtypes in asthma

Unsupervised cluster analysis was carried out according to the difference of PRG expression between mild-to-moderate and severe asthma cases to identify various subtypes of asthma (13, 14). A consensus clustering algorithm was used to evaluate the cluster numbers and robustness. The R package “ConsensuClusterPlus” was applied to implement these steps for 1000 iterations to guarantee the robustness of classification (15). Weighted gene coexpression network analysis for specific subtypes was performed with the R package “WGCNA.” (16, 17) We first determined the appropriate soft threshold power to achieve a scale-free topology. Hierarchical clustering was then performed to identify modules, and a phylogenetic cluster map was constructed to divide similar gene expression levels into different modules. The correlation between the phenotype composed of various clinical information and each module was evaluated using Pearson correlation analysis. The module with the maximum correlation with the trait was selected for subsequent analysis. The ChEA3 database (https://maayanlab.cloud/chea3/) includes a large number of independently published ChIP-seq data and integrates transcription factor coexpression data on the basis of RNA-seq data (18). The transcriptional regulatory network of key modules is predicted from this database. Gene set enrichment analysis (GSEA) was performed on the gene expression matrix through the “clusterProfiler” package, and “c2.cp.kegg.v7.0.symbols.gmt” was selected as the reference gene set. We used the “clusterProfiler” and “ggplot2” packages to perform Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses on DEGs, respectively (19, 20).



Screening, expression regulation, and immune cell infiltration analyses of diagnostic markers associated with pyroptosis subtypes

We used least absolute shrinkage and selection operator (LASSO) logistic regression to perform feature selection of screening diagnostic markers for asthma (21). LASSO is a popular algorithm, which was extensively utilized in medical studies (22–26). The LASSO algorithm was applied with the “glmnet” package (27). The regulatory prediction of noncoding RNAs for diagnostic markers was first analyzed using databases, including RNA22, miRDB, and RNAInter, to select miRNAs with intersections (28). The literature was then reviewed to select miRNAs with biological roles in asthma for further analysis. miRNet 2.0 database (www.mirnet.ca/miRNet/home.xhtml) and starBase (http://starbase.sysu.edu.cn/)) are utilized to predict the target lncRNA of miRNA and finally establish the ceRNA network (29, 30). The degree of immune cell infiltration in the airway epithelium was assessed using the CIBERSORT algorithm to determine the abundance of 22 immune cell subsets, and differences in immune cell infiltration between groups were visualized through the “ggplot2” package (31, 32). Finally, Spearman correlation analysis was performed on all immune cells and diagnostic markers, and the positive or negative correlation between them was determined with the “ggstatsplot” package.



Construction of a risk signature associated with asthma control

The univariate Cox regression model was utilized to select genes related to the control of patients with asthma. P < 0.05 was considered statistically significant. The optimal genome for constructing risk characteristics was screened using LASSO regression to establish the risk score as follows: Risk score = (exprgene1 × Coefgene1) + (exprgene2 × Coefgene2) + … + (exprgenen × Coefgenen) (33). Patients with asthma were divided into low- and high-risk groups according to the median risk score. Principal component analysis (PCA) and t-distributed stochastic neighbor embedding (t-SNE) were used to evaluate the classification accuracy of risk scores. In addition, a Cox proportional hazards regression model was applied to identify the risk score as an independent predictor, and Kruskal test was selected to compare infiltrating immune cell abundance scores in two different risk patterns.



Identification of small-molecule therapeutic drugs that block the progression of asthma

The Broad Institute Connectivity Map (cMAP) database (https://portals.broadinstitute.org/cmap) was used to identify small-molecule drugs associated with asthma progression. Gene sets with log2FC > 0.585 were entered into the cMAP database for enrichment analysis to identify drug candidates (34). The PubChem database (https://pubchem.ncbi.nml.gov) was utilized to extract details of small molecules and obtain their 3D structures. Molecular docking was then carried out, and the predicted crystal structure information of the target protein (human source) was searched in the PDB (https://www.rcsb.org/) database. The receptor protein was pretreated with dehydration and hydrogenation using AutoDockTool software, and the molecular docking between the target protein and small molecular drugs was carried out Vina software to predict the binding ability of the two proteins. A negative binding energy value and an absolute value greater than 5 kcal/mol demonstrate significant binding possibilities.



Animal experiment

BALB/c mice (female, 17–20 g, 6–8 weeks old) were obtained from Beijing Vital River Laboratory Animal Technology Co., Ltd. in China. The mice were kept under specific pathogen-free conditions in Beijing University of Chinese Medicine. All mice were kept in a controlled room (25°C ± 1°C, 45%–60% humidity). All animal studies were conducted in accordance with the institutional animal care regulations of Beijing University of Chinese Medicine and AAALAC and IACUC guidelines. The allergic asthma model of mice was established through OVA sensitization and atomization inhalation stimulation. Briefly, mice were intraperitoneally injected with 2 mg of OVA (Sigma–Aldrich, Cat#A5503) mixed with 2 mg of Imject™ Alum Adjuvant (Invitrogen, Cat#77161) and PBS on days 0 and 14. The challenge phase was from the 21st day to the 25th day after injection, and the mice were atomized with 1% OVA for 30 minutes. The animals were then sacrificed, and lung tissues were snap-frozen in liquid nitrogen and stored in a freezer at −80°C for further analysis.



Western blot

Rabbit anti-BNIP3 antibody (bs-4239R) was purchased from Biosynthesis Biotechnology Inc. (Beijing, China). Horseradish peroxidase-labeled goat antirabbit IgG antibodies (GB23303) was obtained from Wuhan Service Bio Technology Co., Ltd. We extracted the protein from lung tissues according to the manufacturer’s instructions after obtaining the total protein from lung tissues using radio immune precipitation assay (RIPA) lysis buffer containing 0.1% phenyl methyl sulfonyl fluoride (PMSF). We used the BCA protein detection kit to measure the protein concentration. Equal amounts of protein samples were separated with sodium dodecyl sulfate–polyacrylamide gel electrophoresis (SDS-PAGE) and transferred to polyvinylidene fluoride (PVDF) membranes. Nonfat milk (5%) in TBST was incubated overnight with primary antibodies against BNIP3 (diluted 1:1,000) at 4°C after blocking. We incubated the sample using goat antirabbit secondary antibody for 1.5 h at room temperature and then washed it four times with TBST to form protein bands on the membrane with an enhanced chemiluminescence reagent. AlphaEase FC software was applied to detect the gray value of protein bands.



Quantitative real-time polymerase chain reaction

mRNA was extracted from lung tissues using a universal RT-PCR kit (Solarbio Science & Technology Co., Ltd., Shanghai, China) following the manufacturer’s instructions. Samples were treated with DNase and then purified using an RNeasy kit (Qiagen, Hilden, Germany). Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was utilized as the internal reference. PCR primer sequences include the following: SLC4A1: forward primer: 5’-CTTCTTCTCGTTCTGTGAAAGCAAT-3’, reverse primer: 5’-CATAAGTCTGTTGTAGTGGGTAGTCC-3’, SERPINB2: forward primer: 5’-AGGTGAAATCCCAAACCTGCTAC-3’, reverse primer: 5’-CACGGAAAGGATAAAGCCCAT-3’, BNIP3: forward primer: 5’-TTCCAGCCTCCGTCTCTATTTA-3’, reverse primer: 5’-AATCTTCCTCAGACAGAGTGCTG-3’, TAAR9: forward primer: 5’-TTACACGGGAGCCAATGAGG-3’, reverse primer: 5’-TGGCTGTACCCTCTATCTTCCTA-3’, GAPDH: forward primer: 5’-CCTCGTCCCGTAGACAAAATG-3’, and reverse primer: 5’-TGAGGTCAATGAAGGGGTCGT-3’.



Statistical analysis

Data were shown as mean ± standard deviation (SD). The differences between the two groups were evaluated by independent sample t-test and nonparametric test. A P < 0.05 was considered statistically significant. Statistical analyses and figures were obtained using IBM SPSS Statistics 23.0 (IBM SPSS Software, NY, USA) and GraphPad Prism Version 8.0 (GraphPad Software, San Diego, CA, USA).




Results


Landscape of PRGs between mild-to-moderate and severe asthma samples

This study involved 227 PRGs. Nineteen differentially expressed PRGs were included in the mild-to-moderate and severe asthma samples, among which CAPN1, NLRP1, TRIM31, NOS2, and CDC37 showed the highest difference (P<0.01, Figure 1A). The analysis of the coexpression relationship of 19 PRGs demonstrated that a close correlation exists between gene expression levels (Figure 1B). GO and KEGG analyses demonstrated that differentially expressed PRGs are mainly involved in biological processes and signaling pathways, such as cellular response to interferon-gamma and NOD-like receptor signaling pathway (Figure 1C). These findings suggested that differences likely exist in the cell pyroptosis level in the airway epithelium of mild-to-moderate and severe asthma patients and PRGs may be involved in the evolution of clinical symptoms or disease course of patients through mediated inflammatory processes.




Figure 1 | Expression and biological function of PRG in mild to moderate asthma and severe asthma. (A) 19 differentially expressed PRGs between mild to moderate and severe asthma. (B) Co-expression network of 19 PRGs. (C) GO and KEGG enrichment analysis of differentially expressed PRG. *P < 0.05 , **P < 0.01.





Differentially expressed PRGs between mild-to-moderate and severe asthma cases are divided into two subtypes

We performed an unsupervised consensus cluster analysis of asthma samples on the basis of the expression of 19 PRGs to investigate the role of PRGs in asthma. According to the cumulative distribution function curve, k=2 is selected as the best number of clusters (Figure 2A). This finding indicated that two pyroptosis-related molecular subtypes (C1 and C2) are observed in asthma. FEV1 reversibility, a marker of airway hyperresponsiveness (AHR), is positively correlated with the severity of asthma (35, 36). The asthma control questionnaire (ACQ) is a widely used standardized questionnaire of asthma control that can stably and effectively evaluate the degree of control in patients (37–39). Joint analysis of the two major key clinical features of ACQ control and FEV1 reversibility revealed that patients with the C1 subtype present severely poor asthma control (P = 0.014, Figure 2B). Twenty-two differentially expressed PRGs were observed between C1 and C2 subtypes. The analysis of relevant clinical characteristics showed that the C1 subtype (0–200 μg: three cases, 1000 μg or more: seven cases) is higher than the C2 subtype (0–200 μg: 10 cases, 1000 μg or more: five cases) when ICS is used. This finding suggested that poor asthma control in patients with the C1 subtype may be due to a certain degree of glucocorticoid resistance (Figure 2C). GO and KEGG enrichment analyses of DEGs among subtypes were performed, and biological processes, such as ribosomal translation and threonine-type endopeptidase activity, were significantly enriched (Figure S1). GSEA enrichment analysis showed that the difference of main signal pathways between C1 and C2 subtypes (Figures 2D, E) is that the C1 subtype is mainly enriched in the calcium signaling pathway, cytokine–cytokine receptor interaction, and other pathways closely related to allergy and asthma. These results suggested that PRGs involved in the exacerbation of asthma present a satisfactory classification function that can be used can be used in clinical practice for the detection and intervention of PRGs.




Figure 2 | Two different pyroptosis-related subtypes identified in asthma by unsupervised clustering of 19 PRGs. (A) Heatmap of the matrix of co-occurrence proportions for asthma samples. (B) Kaplan–Meier curves of different gene subtypes ACQ Control and FEV1 reversibility. (C) Composite heatmap showing the relationship between the expression levels of 22 PRGs and clinical features. (D, E) GSEA analysis of C1 and C2 subtypes.





Biological characteristics of the C1 subtype

We constructed scale-free networks and determined optimal soft thresholds on the basis of clinical features to explore related genes that affect asthma control in C1 subtype patients (Figures 3A, B). The TOM matrix was utilized to detect the gene module and analyze the correlation with clinical characteristics. The results showed that the MEpink4 module presents the maximum correlation with asthma control (cor = −0.72, P = 0.006). Hence, this module was selected for subsequent analysis (Figure 3C). Genes within the same cluster often share common transcription factors. We predicted and analyzed the transcription factors of genes in the MEpink4 module and visualized the mutual regulatory relationship between the top 10 transcription factors in the mean rank (Figure S2). The association of these transcription factors with asthma was partially demonstrated. For example, SNPs of ZBTB10 affect the asthma risk through the cis-regulation of its genes (40). Functional enrichment analysis of genes in the MEpink4 module showed their primary involvement in biological processes and cellular components related to allergic reactions and airway remodeling, such as motile cilium assembly, regulation of muscle cell apoptotic process, and calcium channel complex, which are closely related to glucocorticoid resistance and poor control of the C1 subtype (Figure 3D).




Figure 3 | Identification and functional enrichment analysis of asthma control related genes in C1 subtype. (A) WGCNA of the C1 subtype to obtain a cluster dendrogram of coexpressed genes. (B) Analysis of the scale free ft index and analysis of the mean connectivity for various soft – theresholding powers. (C) Module – trait relationships for C1 subtypes. Each module contains the corresponding correlation and P-value. (D) GO and KEGG functional enrichment analysis of genes in MEpink4 module.





Determination of pyroptosis-related diagnostic markers among subtypes and their correlation with immune cells

We applied the LASSO logistic regression algorithm on the basis of DEGs and differentially expressed PRGs between C1 and C2 subtypes (Figure 4A) to identify the BNIP3 gene as a pyroptosis-related diagnostic marker for asthma (Figure 4B). Expression levels of BNIP3 in C1 and C2 subtypes were significantly different (P<0.01), and expression levels of the C1 subtype were lower than those of the C2 subtype (Figure 4C). This finding suggested that the low expression of BNIP3 may lead to poor asthma control. Animal experiments confirmed that the content of BNIP3 protein in the lung tissue of the asthma mouse model is significantly downregulated (Figures 4D, E) and the BNIP3 mRNA shows the same trend (P<0.01, Figure 4F) compared with those of normal mice. Meanwhile, the ROC curve showed the satisfactory classification performance of BNIP3 for C1 and C2 subtypes (AUC: 0.947, Figure 4G). Samples were divided into two groups with high- and low-BNIP3 expression levels for single-gene GSEA analysis to explore the role of BNIP3 in asthma. The results showed that a significant difference exists in the enrichment degree of cell differentiation of Th1 and Th2 in the key pathway of asthma between the two groups (P = 0.0017, Figure 4H) biological processes, such as metabolism of xenobiotics by cytochrome P450 and glutathione metabolism, are primarily involved (Figure 4I). Notably, the low expression of BNIP3 was highly correlated with the T cell receptor signaling pathway, cell differentiation of Th1 and Th2, Th17 cell differentiation, and other immune processes (Figsures 4J, K). We quantified the level of immune cell infiltration with the composition of 22 immune cells in all samples between the two subtypes shown in histograms to assess the immune landscape of C1 and C2 subtypes (Figure 5A). Statistical differences in immune cell infiltration between the two subtypes showed that infiltration of M2 macrophages is less in the C1 subtype compared with that in the C2 subtype (P=0.01, Figure S3). The relationship between immune cells is illustrated in the thermogram in Figure 5B. Several immune cells closely related to asthma showed a strong correlation. M2 macrophages were positively correlated with activated mast cells and eosinophils, and plasma cells were negatively correlated with activated mast cells and eosinophils. Spearman correlation analysis tested the correlation between BNIP3 and immune cells (Figure 5C) and revealed that it was significantly positively correlated with M2 macrophages (R=0.53, P=0.00069) and significantly negatively correlated with regulatory T cells (R=−0.41, P=0.011, Figure 6A). The noncoding RNA regulatory mechanism of BNIP3 was subsequently explored, and 64 miRNAs were predicted from three databases (Figure 6B), of which four miRNAs presented functions in asthma. Finally, a ceRNA network, including 14 LncRNAs and four miRNAs, was constructed (Figure 6C). However, their regulatory relationship and biological significance in asthma still need further investigation.




Figure 4 | Screening of pyroptosis-related diagnostic markers. (A) Volcano map of DEGs. red represents up-regulated differential genes, black represents no significant difference genes, and green represents down-regulated differential genes. (B) LASSO logistic regression algorithm to screen diagnostic markers. (C) Difference of BNIP3 gene expression between C1 and C2 subtypes. (D, E) Differential expression of BNIP3 between normal and asthmatic mice. (F) Differential expression of BNIP3 mRNA between normal and asthmatic mice. (G) ROC curve for verifying the efficacy of BNIP3 gene diagnosis. (H) Enrichment difference of Th1 and Th2 cell differentiation pathway between BNIP3 high expression group and low expression group. (I) Functional enrichment analysis of DEGs between BNIP3 high expression group and low expression group. (J, K) GSEA enrichment analysis of DEGs between BNIP3 high expression group and low expression group. **P < 0.01.






Figure 5 | The difference of immune cell infiltration among subtypes. (A) The histogram of the infiltration ratio of 22 kinds of immune cells in C1 group and C2 subtype samples. (B) The correlation among 22 kinds of immune cells. (C) The lollipop diagram shows the correlation between BNIP3 gene and 22 kinds of immune cells, and red marks indicate P < 0.05.






Figure 6 | Correlation of BNIP3 with immune cell infiltration and its gene expression regulatory network. (A) Mountain diagram showing the correlation between the BNIP3 gene and immune cells. (B) The intersection of the prediction results of the three databases. (C) CeRNA networks involved in the regulation of BNIP3 gene expression.





Establishment of a prognostic model, immunological characteristics, and drug prediction based on asthma control

Combined with clinical data, we identified 12 PRGs that can predict asthma control (Figure 7A). LASSO Cox regression analysis was performed on DEGs between subtypes of different cell pyroptosis levels to obtain a prediction model consisting of four genes (Figures 7B, C). The composition of the model is as follows: risk score = (−0.131 × C12orf75 expression level) + (−0.138 × SERPINB2 expression level) + (0.434 × SLC4A1 expression level) + (0.029 × TAAR9 expression levels). This model named P-score can be used to divide patients into high- and low-risk groups on the basis of the median cut-point value of the score. The results showed that the rate of asthma control level in the high-risk group declines faster than that in the low-risk group with the increase of FEV1 reversibility (P < 0.001, Figure 7D). Joint analysis of the patients’ p-score, FEV1 reversibility, and asthma control revealed that patients with poor control demonstrate high p-score and FEV1 reversibility (Figures 7E, F). PCA and t-SNE analyses were performed on gene expression data to test the classification ability of the P-score. The results showed a clear distribution difference between the two groups (Figures 7G, H). Furthermore, the multivariate regression analysis indicated that the P-score is an independent risk factor for asthma control (HR = 39.845, P < 0.001) (Figure 7I). We then explored the expression levels of four genes in the P-score of high- and low-risk groups and demonstrated that C12orf75 and SERPINB2 are downregulated while SLC4A1 and TAAR9 are upregulated in the high-risk group (Figure 8A). PCR analysis of SERPINB2, SLC4A1, and TAAR9 genes, which also exist in the mouse model of asthma, was conducted to verify the accuracy of the results. The findings showed that the level of SERPINB2 mRNA in the model of asthma is downregulated while that of SLC4A1 mRNA and TAAR9mRNA is upregulated compared with those of normal mice (Figure 8B). In order to verify the value of P-score, we used GSE104468 as the verification set to test the diagnostic efficacy of the three core genes. It is found that the AUC values of SERPINB2, SLC4A1, TAAR9 in patients with asthma and normal people are 0.854, 0.819 and 0.688, respectively (Figure S4). These conclusions suggested that the P-score can effectively predict the control status of asthma patients. We explored its immune cell abundance and biological processes using ssGSEA and GO analyses to understand the differences in immune microenvironment and biological functional characteristics among different degrees of risk groups mediated by cell pyroptosis. Relative to those in the low-risk group, the degree of B and Th1 cell infiltration was higher, and the degree of NK cell infiltration was lower in the high-risk group (P<0.05, Figure S5). Notably, DEGs between high- and low-risk groups were mainly concentrated in extracellular vesicle-related biological processes. This finding suggested that cell pyroptosis in asthma may be closely related to the occurrence of extracellular vesicles and intercellular communication (Figure S6). Finally, 10 small-molecule drugs targeting high-risk asthma were screened using the cMAP database, and their correlation with DPP4 targets was significant (Figure 8C). Sitagliptin and diprotin-A were selected for molecular docking with DPP4 to confirm the binding ability between the drug and the target. The results showed that affinities between them are all less than −5 kcal/mol. The molecular docking patterns of the two molecules are shown in Figures 8D, E confirmed that the drug and the target show significant binding ability, which may play a potential therapeutic role in asthma.




Figure 7 | The prognostic model constructed by differentially expressed genes from different pyroptosis patterns can distinguish between high- and low-risk patients with asthma. (A) DEGs associated with asthma control status. Red and green colors represent high- and low-risk genes, respectively. (B, C) Distribution of LASSO coefficients for DEGs. Tenfold cross-validation for tuning parameter selection in the LASSO regression. Dotted vertical lines are drawn at the optimal values by minimum criteria and 1 − SE criteria. (D) Kaplan–Meier curves of ACQ control and FEV1 reversibility in patients with different risk groups. (E) P-score distribution of patients with different risks. (F) The distribution of FEV1 reversibility and asthma control among different risk samples. (G, H) PCA and t-SNE was used to determine whether the samples could be grouped correctly based on the P-score. (I) Multivariate Cox regression analysis of P-score was shown by forest plot.






Figure 8 | Immune status of patients at different risks and prediction of potential therapeutic drugs. (A) The expression differences of P-score constituent genes among different risk groups. (B) The difference of expression of P-score constituent genes between normal mice and asthmatic mice. (C) Correlation between potential therapeutic drugs and corresponding targets. (D) Binding conformation of DPP4 and diprotin-A (binding energy = −6.4 kcal/mol). (E) Binding conformation of DPP4 and sitagliptin (binding energy = −7.8 kcal/mol). *P < 0.05, **P < 0.01, ***P < 0.001.






Discussion

Asthma is a common chronic disease. Existing treatment goals for asthma are mainly to prevent exacerbations and reduce the risk of further exacerbations. However, its heterogeneity increases the difficulty in achieving these goals. Th2-driven asthma is a common clinical manifestation typically characterized by elevated levels of type-2 inflammatory factors, serum IgE, and blood eosinophils. However, these indicators are ineffective diagnostic markers for differentiating asthma control (41). By contrast, the relatively rare Th1-driven and severe asthma cases caused by various factors are usually poorly controlled, with limited choice of drugs and lacking predictive tools. Moreover, early identification of Th1-driven and severe asthma in patients at risk of poor control is challenging due to the unclear pathogenesis of asthma (42). Therefore, conducting an in-depth discussion on the basis of clinical and transcriptome characteristics of patients with different disease courses demonstrates high clinical and practical significance.

Although the pathogenesis and immune characteristics of asthma based on cell pyroptosis have been investigated, the role of pyroptosis in asthma remains unclear. Recent reports have shown that NLRP3-related inflammatory response is a key driver of asthma pathogenesis and the allergen Der f1 induces bronchial asthma by mediating caspase-1-dependent pyroptosis through the NLRP3 pathway (43, 44). Furthermore, the expression of canonical PRGs, such as GSDMB, caspase-4, and NLRP1, was upregulated in the poorly controlled asthma subtype. Therefore, the inhibition of pyroptosis in bronchial epithelial cells can reduce the inflammatory response of asthma. GSDMB can be cleaved into several short fragments when coexpressed with caspase-1, of which the N fragment (GSDMB-N) can induce significant cell pyroptosis (8). This phenomenon may explain why different GSDMB genotypes are associated with various phenotypes of adult asthma (45). Chromosome 17q12-q21 is the most replicated genetic locus in childhood asthma. The main mechanism is to regulate its SNPs to affect the abundance of GSDMB transcripts in airway epithelial cells and the functional properties of GSDMB proteins (46). The machine learning results of our study showed that BNIP3 is a diagnostic marker of different pyroptosis subtypes that affects the cell pyroptosis of cardiomyocytes and coronary artery endothelial cells by mediating caspase-3/GSDME and oxidative stress (47, 48). Note that the expression of BNIP3 was upregulated in properly controlled asthma subtypes but positively correlated with typical type-2 inflammatory cells, such as M2 macrophages, in subsequent immune infiltration analyses. This finding indicated that the asthma phenotype of poorly controlled groups may be different from type-2 inflammation in pyroptosis-based asthma typing. Moreover, among the various phenotypes of asthma, the expression of NLRP3, caspase-1, caspase-4, and other PRGs in neutrophil asthma significantly increases and NLRP3 inflammatory bodies can drive animal asthma models to produce glucocorticoid resistance (49, 50). Furthermore, asthma subtypes with upregulated NLRPs and caspase-1 exhibit high glucocorticoid use and poor asthma control. The consistency in these conclusions indicated that PRG-based typing methods show high potential in identifying immunophenotypes of patients with asthma and can be used to guide the use of glucocorticoid.

Although severe asthma will likely demonstrate poor control compared with mild-to-moderate asthma, poor control caused by gene expression differences, environmental stimulation, medication habits, infections, and other factors can occur in both mild-to-moderate and severe asthma cases (51). Therefore, we constructed the P-score model to predict the control profile of asthma by combining the differential expression levels of PRGs with clinical features. The role of the four genes that make up the P-score in asthma is also partially supported by previous studies. For example, meta-analysis based on the results of sputum transcriptome sequencing of asthmatic patients identified SERPINB2 as a potential signature gene associated with asthma pathogenesis and miR-34b as a key miRNA that regulates the SERPINB2 gene expression (52). Environmental pollutants, such as diesel engine exhaust particles, can promote the expression of the SERPINB2 gene in bronchial epithelial cells while inducing an asthma attack, and its expression level is significantly correlated with the severity of asthma (53, 54). Moreover, glucocorticoid treatment response is a crucial control for asthma accompanied by changes in the expression level of SERPINB2 (55). Although the P-score presents satisfactory risk prediction and discriminating ability, the association of the three other genes with asthma, except for SERPINB2, remains unverified. Hence, the mechanism of the P-score-predicting asthma control requires further experimentation. On the basis of DEGs of high-risk patients, the cMAP database identified targets and drugs with potential therapeutic value for asthma, among which DPP4 demonstrated the highest enrichment score as a drug action target. The level of DPP4 increases in airway epithelial cells of asthmatic patients, and its ability to promote airway smooth muscle cell proliferation in vitro implied that DPP4 is likely associated with airway remodeling in asthma (56). Interleukin 13 (IL-13) secreted by Th2 cells is associated with airway inflammation in asthma, and data based on transcriptome sequencing of asthmatic patients confirmed that a positive correlation exists between the DPP4 gene and IL-13 mRNA levels. This finding indicated that a DPP4 can play a potentially important role in asthma (57). Notably, the resulting DPP4 inhibitor sitagliptin predicted in this study can ameliorate airway inflammation in murine asthma models by downregulating inflammatory factors, such as IL-13. Therefore, these drugs may exert important effects on the treatment and control of asthmatic patients although they still need further investigations.

Asthma was successfully classified on the basis of the differential expression of PRGs between mild-to-moderate and severe asthma cases, and the significance of pyroptosis-mediated immunophenotype in the occurrence, development, and prognosis of asthma was systematically revealed in this study. The prognostic model can be used as a powerful tool in predicting asthma control. However, this study presents the following limitations. Existing asthma transcriptome sequencing datasets generally lack corresponding clinical data; hence, the number of patients that can be included in the study is small and the validation set is lacking. Moreover, further experiments are needed to provide new insights into the biological functions of other PRGs in asthma.



Conclusions

We obtained pyroptosis-related genes associated with the progression of asthma in this study. We differentiated two pyroptosis-related subtypes and explored the relationship between key diagnostic markers and immune cells by assessing the expression levels of these genes. We also constructed a pyroptosis-related risk score model with acceptable predictive value and predicted the potential therapeutic drugs using this model. Our findings initially revealed the role of pyroptosis in asthma and promoted the improvement of treatment strategies.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/supplementary material.



Ethics statement

The animal study was reviewed and approved by experimental animal ethics subcommittee of Academic Committee of Beijing University of Traditional Chinese Medicine.



Author contributions

FY designed and conducted the whole research. TW, PY, and WYL carried out animal experiments and molecular biological analysis. JK and YZ applied for the GEO dataset analysis of asthma. FY, XC, and WJL completed the data analysis and drafted the manuscript. XZ and JW revised and finalized the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by the National Key R&D Program of China (2020YFC2003100, 2020YFC2003101), National Natural Science Foundation of China (No. 82174243, No. 81973715, No. 82004233), General project of Beijing Natural Science Foundation (No. 7202110), Innovation Team and Talents Cultivation Program of National Administration of Traditional Chinese Medicine (No. ZYYCXTD-C-202001).



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.2022.937832/full#supplementary-material.



References

1. Thakore, P, and Earley, S. STIM1 is the key that unlocks airway smooth muscle remodeling and hyperresponsiveness during asthma. Cell Calcium (2022) 104:102589. doi: 10.1016/j.ceca.2022.102589

2. Wu, S, Li, S, Zhang, P, Fang, N, and Qiu, C. Recent advances in bronchial thermoplasty for severe asthma: a narrative review. Ann Transl Med (2022) 10(6):370. doi: 10.21037/atm-22-580

3. Chan, R, Stewart, K, Misirovs, R, and Lipworth, BJ. Targeting downstream type 2 cytokines or upstream epithelial alarmins for severe asthma. J Allergy Clin Immunol Pract (2022) 10(6):1497–505. doi: 10.1016/j.jaip.2022.01.040

4. Namakanova, OA, Gorshkova, EA, Zvartsev, RV, Nedospasov, SA, Drutskaya, MS, and Gubernatorova, EO. Therapeutic potential of combining IL-6 and TNF blockade in a mouse model of allergic asthma. Int J Mol Sci (2022) 23(7):3521. doi: 10.3390/ijms23073521

5. Pelaia, C, Pelaia, G, Crimi, C, Maglio, A, Gallelli, L, Terracciano, R, et al. Tezepelumab: A potential new biological therapy for severe refractory asthma. Int J Mol Sci (2021) 22(9):4369. doi: 10.3390/ijms22094369

6. Ruan, J, Wang, S, and Wang, J. Mechanism and regulation of pyroptosis-mediated in cancer cell death. Chem Biol Interact (2020) 323:109052. doi: 10.1016/j.cbi.2020.109052

7. Feng, S, Fox, D, and Man, SM. Mechanisms of gasdermin family members in inflammasome signaling and cell death. J Mol Biol (2018) 430(18 Pt B):3068–80. doi: 10.1016/j.jmb.2018.07.002

8. Panganiban, RA, Sun, M, Dahlin, A, Park, HR, Kan, M, Himes, BE, et al. A functional splice variant associated with decreased asthma risk abolishes the ability of gasdermin b to induce epithelial cell pyroptosis. J Allergy Clin Immunol (2018) 142(5):1469–78.e2. doi: 10.1016/j.jaci.2017.11.040

9. Zasłona, Z, Flis, E, Wilk, MM, Carroll, RG, Palsson-McDermott, EM, Hughes, MM, et al. Caspase-11 promotes allergic airway inflammation. Nat Commun (2020) 11(1):1055. doi: 10.1038/s41467-020-14945-2

10. Singhania, A, Wallington, JC, Smith, CG, Horowitz, D, Staples, KJ, Howarth, PH, et al. Multitissue transcriptomics delineates the diversity of airway T cell functions in asthma. Am J Respir Cell Mol Biol (2018) 58(2):261–70. doi: 10.1165/rcmb.2017-0162OC

11. Yang, IV, Richards, A, Davidson, EJ, Stevens, AD, Kolakowski, CA, Martin, RJ, et al. The nasal methylome: A key to understanding allergic asthma. Am J Respir Crit Care Med (2017) 195(6):829–31. doi: 10.1164/rccm.201608-1558LE

12. Ritchie, ME, Phipson, B, Wu, D, Hu, Y, Law, CW, Shi, W, et al. Limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res (2015) 43(7):e47. doi: 10.1093/nar/gkv007

13. Zhang, B, Wu, Q, Li, B, Wang, D, Wang, L, and Zhou, YL. m(6)A regulator-mediated methylation modification patterns and tumor microenvironment infiltration characterization in gastric cancer. Mol Cancer (2020) 19(1):53. doi: 10.1186/s12943-020-01170-0

14. Zhang, X, Zhang, S, Yan, X, Shan, Y, Liu, L, Zhou, J, et al. m6A regulator-mediated RNA methylation modification patterns are involved in immune microenvironment regulation of periodontitis. J Cell Mol Med (2021) 25(7):3634–45. doi: 10.1111/jcmm.16469

15. Wilkerson, MD, and Hayes, DN. ConsensusClusterPlus: a class discovery tool with confidence assessments and item tracking. Bioinformatics (2010) 26(12):1572–3. doi: 10.1093/bioinformatics/btq170

16. Langfelder, P, and Horvath, S. WGCNA: an r package for weighted correlation network analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

17. Langfelder, P, and Horvath, S. Fast r functions for robust correlations and hierarchical clustering. J Stat Software (2012) 46(11):i11. doi: 10.18637/jss.v046.i11

18. Fu, Z, Xu, Y, Chen, Y, Lv, H, Chen, G, and Chen, Y. Construction of miRNA-mRNA-TF regulatory network for diagnosis of gastric cancer. BioMed Res Int (2021) 2021:9121478. doi: 10.1155/2021/9121478

19. Ginestet, C. ggplot2: Elegant graphics for data analysis. J R Stat Soc: Ser A (Statistics Society) (2011) 174(1):245–56. doi: 10.1111/j.1467-985X.2010.00676_9.x

20. Yu, G, Wang, LG, Han, Y, and He, QY. clusterProfiler: an r package for comparing biological themes among gene clusters. Omics (2012) 16(5):284–7. doi: 10.1089/omi.2011.0118

21. Robert, T. Regression shrinkage and selection via the lasso. J R Stat Soc Ser B (Methodol) (1996) 58(1):267-88. doi: 10.1111/j.2517-6161.1996.tb02080.x

22. Liu, Z, Liu, L, Weng, S, Guo, C, Dang, Q, Xu, H, et al. Machine learning-based integration develops an immune-derived lncRNA signature for improving outcomes in colorectal cancer. Nat Commun (2022) 13(1):816. doi: 10.1038/s41467-022-28421-6

23. Liu, Z, Xu, H, Weng, S, Ren, Y, and Han, X. Stemness refines the classification of colorectal cancer with stratified prognosis, multi-omics landscape, potential mechanisms, and treatment options. Front Immunol (2022) 13:828330. doi: 10.3389/fimmu.2022.828330

24. Liu, Z, Lu, T, Li, J, Wang, L, Xu, K, Dang, Q, et al. Development and clinical validation of a novel six-gene signature for accurately predicting the recurrence risk of patients with stage II/III colorectal cancer. Cancer Cell Int (2021) 21(1):359. doi: 10.1186/s12935-021-02070-z

25. Liu, Z, Guo, C, Dang, Q, Wang, L, Liu, L, Weng, S, et al. Integrative analysis from multi-center studies identities a consensus machine learning-derived lncRNA signature for stage II/III colorectal cancer. EBioMedicine (2022) 75:103750. doi: 10.1016/j.ebiom.2021.103750

26. Xing, Z, Liu, Z, Fu, X, Zhou, S, Liu, L, Dang, Q, et al. Clinical significance and immune landscape of a pyroptosis-derived LncRNA signature for glioblastoma. Front Cell Dev Biol (2022) 10:805291. doi: 10.3389/fcell.2022.805291

27. Friedman, J, Hastie, T, and Tibshirani, R. Regularization paths for generalized linear models via coordinate descent. J Stat Software (2010) 33(1):1–22. doi: 10.18637/jss.v033.i01

28. Li, JH, Liu, S, Zhou, H, Qu, LH, and Yang, JH. starBase v2.0: decoding miRNA-ceRNA, miRNA-ncRNA and protein-RNA interaction networks from large-scale CLIP-seq data. Nucleic Acids Res (2014) 42(Database issue):D92–7. doi: 10.1093/nar/gkt1248

29. Chang, L, Zhou, G, Soufan, O, and Xia, J. miRNet 2.0: network-based visual analytics for miRNA functional analysis and systems biology. Nucleic Acids Res (2020) 48(W1):W244–w51. doi: 10.1093/nar/gkaa467

30. Liu, XS, Gao, Y, Wu, LB, Wan, HB, Yan, P, Jin, Y, et al. Comprehensive analysis of GLUT1 immune infiltrates and ceRNA network in human esophageal carcinoma. Front Oncol (2021) 11:665388. doi: 10.3389/fonc.2021.665388

31. Newman, AM, Liu, CL, Green, MR, Gentles, AJ, Feng, W, Xu, Y, et al. Robust enumeration of cell subsets from tissue expression profiles. Nat Methods (2015) 12(5):453–7. doi: 10.1038/nmeth.3337

32. Deng, YJ, Ren, EH, Yuan, WH, Zhang, GZ, Wu, ZL, and Xie, QQ. GRB10 and E2F3 as diagnostic markers of osteoarthritis and their correlation with immune infiltration. Diagn (Basel) (2020) 10(3):171. doi: 10.3390/diagnostics10030171

33. Wang, Y, Liu, X, Guan, G, Zhao, W, and Zhuang, M. A risk classification system with five-gene for survival prediction of glioblastoma patients. Front Neurol (2019) 10:745. doi: 10.3389/fneur.2019.00745

34. Lamb, J, Crawford, ED, Peck, D, Modell, JW, Blat, IC, Wrobel, MJ, et al. The connectivity map: using gene-expression signatures to connect small molecules, genes, and disease. Science (2006) 313(5795):1929–35. doi: 10.1126/science.1132939

35. Thayyezhuth, D, Venkataram, R, Bhat, VS, and Aroor, R. A study of spirometric parameters in non asthmatic allergic rhinitis. Heliyon (2021) 7(11):e08270. doi: 10.1016/j.heliyon.2021.e08270

36. Ye, Q, Liao, A, and D'Urzo, A. FEV(1) reversibility for asthma diagnosis: a critical evaluation. Expert Rev Respir Med (2018) 12(4):265–67. doi: 10.1080/17476348.2018.1439741

37. Rhee, H, Love, T, and Mammen, J. Comparing asthma control questionnaire (ACQ) and national asthma education and prevention program (NAEPP) asthma control criteria. Ann Allergy Asthma Immunol (2019) 122(1):58–64. doi: 10.1016/j.anai.2018.09.448

38. Schuler, M, Faller, H, Wittmann, M, and Schultz, K. Asthma control test and asthma control questionnaire: factorial validity, reliability and correspondence in assessing status and change in asthma control. J Asthma (2016) 53(4):438–45. doi: 10.3109/02770903.2015.1101134

39. Nguyen, JM, Holbrook, JT, Wei, CY, Gerald, LB, Teague, WG, and Wise, RA. Validation and psychometric properties of the asthma control questionnaire among children. J Allergy Clin Immunol (2014) 133(1):91–7.e1-6. doi: 10.1016/j.jaci.2013.06.029

40. Li, X, Hastie, AT, Hawkins, GA, Moore, WC, Ampleford, EJ, Milosevic, J, et al. eQTL of bronchial epithelial cells and bronchial alveolar lavage deciphers GWAS-identified asthma genes. Allergy (2015) 70(10):1309–18. doi: 10.1111/all.12683

41. Liu, L, Gao, Y, Si, Y, Liu, B, Liu, X, Li, G, et al. MALT1 in asthma children: A potential biomarker for monitoring exacerbation risk and Th1/Th2 imbalance-mediated inflammation. J Clin Lab Anal (2022) 36(5):e24379. doi: 10.1002/jcla.24379

42. Hinks, TSC, Levine, SJ, and Brusselle, GG. Treatment options in type-2 low asthma. Eur Respir J (2021) 57(1):2000528doi: 10.1183/13993003.00528-2020

43. Theofani, E, Semitekolou, M, Samitas, K, Mais, A, Galani, IE, Triantafyllia, V, et al. TFEB signaling attenuates NLRP3-driven inflammatory responses in severe asthma. Allergy (2022) 77(7):2131–46. doi: 10.1111/all.15221

44. Tsai, YM, Chiang, KH, Hung, JY, Chang, WA, Lin, HP, Shieh, JM, et al. Der f1 induces pyroptosis in human bronchial epithelia via the NLRP3 inflammasome. Int J Mol Med (2018) 41(2):757–64. doi: 10.3892/ijmm.2017.3310

45. Kitazawa, H, Masuko, H, Kanazawa, J, Shigemasa, R, Hyodo, K, Yamada, H, et al. ORMDL3/GSDMB genotype is associated with distinct phenotypes of adult asthma. Allergol Int (2021) 70(4):495–97. doi: 10.1016/j.alit.2021.04.004

46. Schoettler, N, Dissanayake, E, Craven, MW, Yee, JS, Eliason, J, Schauberger, EM, et al. Children’s Respiratory and Environmental Workgroup. New insights relating gasdermin b to the onset of childhood asthma. Am J Respir Cell Mol Biol (2022). doi: 10.1165/rcmb.2022-0043PS

47. Zheng, X, Zhong, T, Ma, Y, Wan, X, Qin, A, Yao, B, et al. Bnip3 mediates doxorubicin-induced cardiomyocyte pyroptosis via caspase-3/GSDME. Life Sci (2020) 242:117186. doi: 10.1016/j.lfs.2019.117186

48. Wang, Y, Song, X, Li, Z, Liu, N, Yan, Y, Li, T, et al. MicroRNA-103 protects coronary artery endothelial cells against H(2)O(2)-induced oxidative stress via BNIP3-mediated end-stage autophagy and antipyroptosis pathways. Oxid Med Cell Longev (2020) 2020:8351342. doi: 10.1155/2020/8351342

49. Simpson, JL, Phipps, S, Baines, KJ, Oreo, KM, Gunawardhana, L, and Gibson, PG. Elevated expression of the NLRP3 inflammasome in neutrophilic asthma. Eur Respir J (2014) 43(4):1067–76. doi: 10.1183/09031936.00105013

50. Kim, RY, Pinkerton, JW, Essilfie, AT, Robertson, AAB, Baines, KJ, Brown, AC, et al. Role for NLRP3 inflammasome-mediated, IL-1β-Dependent responses in severe, steroid-resistant asthma. Am J Respir Crit Care Med (2017) 196(3):283–97. doi: 10.1164/rccm.201609-1830OC

51. Mulugeta, T, Ayele, T, Zeleke, G, and Tesfay, G. Asthma control and its predictors in Ethiopia: Systematic review and meta-analysis. PloS One (2022) 17(1):e0262566. doi: 10.1371/journal.pone.0262566

52. Singh, P, Sharma, A, Jha, R, Arora, S, Ahmad, R, Rahmani, AH, et al. Transcriptomic analysis delineates potential signature genes and miRNAs associated with the pathogenesis of asthma. Sci Rep (2020) 10(1):13354. doi: 10.1038/s41598-020-70368-5

53. Meldrum, K, Gant, TW, and Leonard, MO. Diesel exhaust particulate associated chemicals attenuate expression of CXCL10 in human primary bronchial epithelial cells. Toxicol In Vitro (2017) 45(Pt 3):409–16. doi: 10.1016/j.tiv.2017.06.023

54. El-Badawy NE, Abdel-Latif RS, El-Hady HA. Association between SERPINB2 gene expression by real time PCR in respiratory epithelial cells and atopic bronchial asthma severity. Egypt J Immunol (2017) 24(1):165–81.

55. Woodruff, PG, Boushey, HA, Dolganov, GM, Barker, CS, Yang, YH, Donnelly, S, et al. Genome-wide profiling identifies epithelial cell genes associated with asthma and with treatment response to corticosteroids. Proc Natl Acad Sci U.S.A. (2007) 104(40):15858–63. doi: 10.1073/pnas.0707413104

56. Shiobara, T, Chibana, K, Watanabe, T, Arai, R, Horigane, Y, Nakamura, Y, et al. Dipeptidyl peptidase-4 is highly expressed in bronchial epithelial cells of untreated asthma and it increases cell proliferation along with fibronectin production in airway constitutive cells. Respir Res (2016) 17:28. doi: 10.1186/s12931-016-0342-7

57. Poole, A, Urbanek, C, Eng, C, Schageman, J, Jacobson, S, O'Connor, BP, et al. Dissecting childhood asthma with nasal transcriptomics distinguishes subphenotypes of disease. J Allergy Clin Immunol (2014) 133(3):670–8.e12. doi: 10.1016/j.jaci.2013.11.025





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 Yang, Wang, Yan, Li, Kong, Zong, Chao, Li, Zhao and Wang. 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-13-937832-g003.jpg





OEBPS/Images/fimmu.2022.937832_cover.jpg
’ frontiers ‘ Frontiers in Immunology

Identification of pyroptosis-
related subtypes and
establishment of prognostic
model and immune
characteristics in asthma





OEBPS/Images/fimmu-13-937832-g005.jpg





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Identification of pyroptosis-related subtypes and establishment of prognostic model and immune characteristics in asthma

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          Introduction

        



        		

          Materials and methods

        

          		

            Data source

          



          		

            Classification and functional enrichment analysis of PRG-related subtypes in asthma

          



          		

            Screening, expression regulation, and immune cell infiltration analyses of diagnostic markers associated with pyroptosis subtypes

          



          		

            Construction of a risk signature associated with asthma control

          



          		

            Identification of small-molecule therapeutic drugs that block the progression of asthma

          



          		

            Animal experiment

          



          		

            Western blot

          



          		

            Quantitative real-time polymerase chain reaction

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            Landscape of PRGs between mild-to-moderate and severe asthma samples

          



          		

            Differentially expressed PRGs between mild-to-moderate and severe asthma cases are divided into two subtypes

          



          		

            Biological characteristics of the C1 subtype

          



          		

            Determination of pyroptosis-related diagnostic markers among subtypes and their correlation with immune cells

          



          		

            Establishment of a prognostic model, immunological characteristics, and drug prediction based on asthma control

          



        



        



        		

          Discussion

        



        		

          Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-13-937832-g001.jpg
1

L0 L]

U

0700750390550500 35040
pormrag





OEBPS/Images/fimmu-13-937832-g008.jpg





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-937832-g006.jpg





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





OEBPS/Images/fimmu-13-937832-g004.jpg





OEBPS/Images/fimmu-13-937832-g002.jpg
i

] B S
IO TG A T
| |
| i






OEBPS/Images/fimmu-13-937832-g007.jpg





