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Background: Kawasaki disease (KD) is an acute vasculitis, that is, the leading cause of acquired heart disease in children, with approximately 10%–20% of patients with KD suffering intravenous immunoglobulin (IVIG) resistance. Although the underlying mechanism of this phenomenon remains unclear, recent studies have revealed that immune cell infiltration may associate with its occurrence.
Methods: In this study, we downloaded the expression profiles from the GSE48498 and GSE16797 datasets in the Gene Expression Omnibus database, analyzed differentially expressed genes (DEGs), and intersected the DEGs with the immune-related genes downloaded from the ImmPort database to obtain differentially expressed immune-related genes (DEIGs). Then CIBERSORT algorithm was used to calculate the immune cell compositions, followed by the WGCNA analysis to identify the module genes associated with immune cell infiltration. Next, we took the intersection of the selected module genes and DEIGs, then performed GO and KEGG enrichment analysis. Moreover, ROC curve validation, Spearman analysis with immune cells, TF, and miRNA regulation network, and potential drug prediction were implemented for the finally obtained hub genes.
Results: The CIBERSORT algorithm showed that neutrophil expression was significantly higher in IVIG-resistant patients compared to IVIG-responsive patients. Next, we got differentially expressed neutrophil-related genes by intersecting DEIGs with neutrophil-related module genes obtained by WGCNA, for further analysis. Enrichment analysis revealed that these genes were associated with immune pathways, such as cytokine-cytokine receptor interaction and neutrophil extracellular trap formation. Then we combined the PPI network in the STRING database with the MCODE plugin in Cytoscape and identified 6 hub genes (TLR8, AQP9, CXCR1, FPR2, HCK, and IL1R2), which had good diagnostic performance in IVIG resistance according to ROC analysis. Furthermore, Spearman’s correlation analysis confirmed that these genes were closely related to neutrophils. Finally, TFs, miRNAs, and potential drugs targeting the hub genes were predicted, and TF-, miRNA-, and drug-gene networks were constructed.
Conclusion: This study found that the 6 hub genes (TLR8, AQP9, CXCR1, FPR2, HCK, and IL1R2) were significantly associated with neutrophil cell infiltration, which played an important role in IVIG resistance. In a word, this work rendered potential diagnostic biomarkers and prospective therapeutic targets for IVIG-resistant patients.
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1 INTRODUCTION
Kawasaki disease (KD), also known as mucocutaneous lymph node syndrome, is an acute febrile systemic vasculitis that mainly occurs in children under five (Agarwal and Agrawal, 2017). The pathogenesis of KD remains unknown, but an immune-mediated inflammatory cascade triggered by an unknown stimulus in genetically susceptible children is believed to be one of the major mechanisms (Rife and Gedalia, 2020). The most severe complication of KD is the occurrence of coronary artery lesions, such as coronary artery aneurysms, which is the most common cause of acquired heart disease among children in developed countries (Hedrich et al., 2018). Early use of high-dose intravenous immunoglobulin (IVIG) is well-accepted as the standard treatment for KD (Fukui et al., 2021). The risk of coronary artery aneurysms will be reduced five-fold if IVIG is used within 10 days of fever onset (Newburger et al., 2016). However, up to 20% of KD patients are IVIG-resistant and have a persistent or recrudescent fever at least 36 h after the end of the initial IVIG infusion (Kaya Akca et al., 2022). These patients have a higher risk of developing coronary artery lesions, compared to IVIG responders (Song, 2019). Therefore, it is crucial to explore new biomarkers to predict KD patients’ treatment response, which can improve the prediction of prognosis and guide clinical decision-making.
In recent years, to better understand the mechanisms underlying IVIG resistance in KD and identify new treatment options, numerous studies have focused on the relationship between immunity and IVIG resistance. For instance, one study involving T cells has suggested that excessive CD8+ T cell activation and the imbalance between CD8+ T cell activation and inhibition contribute to the pathogenesis of KD. While IVIG can inhibit CD8+ T cell activation, excessive activation of these cells may lead to IVIG resistance (Ye et al., 2016). Additionally, research involving neutrophils has found that IVIG-resistant patients have a higher percentage of neutrophils and higher neutrophil-to-lymphocyte ratios than IVIG-responsive patients at IVIG administration (Sato et al., 2013; Lee and Song, 2016; Han et al., 2022). These studies provide new insights into the importance of immune regulation in IVIG resistance.
Weighted gene co-expression network analysis (WGCNA) is a systems biology approach that studies patterns of gene co-expression and constructs co-expression network models based on gene expression profiles. This method has been widely used to investigate the pathogenesis of many diseases, including KD (Wang T et al., 2022). In this study, we used WGCNA to identify module genes highly associated with immune cell infiltration, to better understand the development of IVIG resistance, and make it possible to design early diagnosis and therapeutic procedures for IVIG resistance. The workflow diagram of this study was displayed in Figure 1.
[image: Figure 1]FIGURE 1 | The flowchart of this study.
2 MATERIALS AND METHODS
2.1 Data acquisition
This study utilized two datasets, namely GSE48498 and GSE16797, obtained from the Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo) (Ogihara et al., 2009; Ogihara et al., 2014). Both datasets were derived from the same platform GPL570, which was important for merging the data and performing subsequent integrated analysis. Then a total of 26 KD patients were included in this study, of which 14 patients were resistant to IVIG treatment and 12 patients were responsive to IVIG treatment (Table 1). Additionally, 2483 immune-related genes (IGs) data were retrieved from the ImmPort database (https://immport.niaid.nih.gov), which would be used in our study (Bhattacharya et al., 2018).
TABLE 1 | IVIG-resistant and IVIG-responsive KD patients.
[image: Table 1]2.2 Data preprocessing and screening of differentially expressed genes
After the raw data of the GSE48498 and GSE16797 were read by the “Affy” package of Bioconductor (http://www.bioconductor.org/packages/release/bioc/html/affy.html) in R software, they were performed with background correction, normalization, and probe summarization using robust multi-array average (RMA) algorithm (Gautier et al., 2004; Harbron et al., 2007). In addition, the batch effect was eliminated by utilizing the combat function of the R software package “SVA” (Leek et al., 2012). The effect of data correction was demonstrated using two-dimensional PCA cluster plots before and after data correction respectively (Metsalu and Vilo, 2015).
Next, the differentially expressed genes (DEGs) between the IVIG-resistant group and the IVIG-responsive group were identified using the “Limma” package in R software (Diboun et al., 2006). The filter criteria for DEGs were set as |log2 fold change (FC)| > 1 and adjusted p-value < 0.05. The volcano plot and heatmap were drawn using the “ggplot2” package in R software to visualize the DEGs. Differentially expressed immune-related genes (DEIGs) were obtained by taking the intersection of DEGs and IGs using the “Venndiagram” R package (Chen and Boutros, 2011).
2.3 GO and KEGG enrichment analysis
Gene Ontology (GO) annotation and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis were performed using the “clusterProfiler” R package to reveal the potential biological functions and pathway mechanisms of genes (Yu et al., 2012). Adjusted p < 0.05 was considered statistically significant in this study.
2.4 Immune infiltration analysis
A bioinformatics algorithm called CIBERSORT (https://cibersortx.stanford.edu/) was used to measure the infiltration status of immune cells to quantify the relative proportions of infiltrating immune cells from the gene expression profiles of our samples (Newman et al., 2015). A standard set of 22 kinds of immune cell subsets (IM22) having 1,000 permutations were utilized to assess the predicted abundance level of immune cells. To visualize the results of the CIBERSORT algorithm, we used the “pheatmap” package to generate a heatmap about the proportion of 22 infiltrating immune cells in each sample, and the “ggboxplot” package to obtain a boxplot to show the differences in each infiltrating immune cell between the IVIG-resistant group and IVIG-responsive group, respectively.
2.5 Construction of weighted gene Co-expression network
A gene co-expression network was constructed using the WGCNA method, which was implemented with the R-based package “WGCNA” (Langfelder and Horvath, 2008). First, we selected the top 5000 genes based on variance from the gene expression data for analysis, then performed hierarchical clustering analysis to detect and remove outlier samples. In order to construct a scale-free network, the optimal soft-thresholding power was identified and the adjacency matrix was transformed into a topological overlap matrix (TOM) (Shuai, et al., 2021). Subsequently, the hierarchical cluster tree was cut into gene modules using the dynamic tree cut algorithm, with a minimum module size of 30 genes. Then, the heatmap was plotted to reflect the relationships between each module and 18 subtypes of immune infiltrating cells, and the module with a high correlation coefficient was selected. Finally, the R package “Venndiagram” was used to take the intersection of these genes in the selected module and DEIGs, and the obtained genes were used for subsequent analysis.
2.6 Construction of protein-protein interaction network and identification of hub genes
The above-obtained genes were subjected to protein-protein interaction (PPI) network analysis using the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING, https://string-db.org/) database (Szklarczyk et al., 2017). Moreover, Cytoscape is an open-source software project for integrating biomolecular interaction networks, which is one of the most powerful network biology analyses and visualization tools when applied in conjunction with large databases of protein-protein, protein-DNA, and genetic interactions (Shannon et al., 2003). Thus, we visualized the PPI network through Cytoscape software. Additionally, the Cytoscape plugin Molecular Complex Detection (MCODE), an app for clustering a given network based on its topology to find densely connected regions (Bandettini et al., 2012), was utilized to identify clusters of genes that were highly connected across the entire PPI network, which ultimately led to the determination of hub genes.
2.7 ROC curve analysis
Receiver operating characteristic (ROC) curves are standard statistical tools for the analysis of disease markers and the area under a ROC curve (AUC) is a popular measure of diagnostic accuracy that is independent of the proportion of diseased subjects in the analyzed sample (Parodi et al., 2022). We separately performed ROC curve analysis on each screened hub gene to verify its accuracy in GSE48498 and GSE16797 two datasets. ROC curve analysis was executed with the R package “pROC” (Robin et al., 2011). The AUC value was calculated to evaluate the predictive utility of these hub genes. When the AUC>0.7, the hub gene was considered to have good sensitivity for IVIG resistance diagnosis.
2.8 Correlation analysis between diagnostic genes and infiltrating immune cells
Immune infiltration analysis was performed using the CIBERSORT algorithm. Subsequently, Spearman correlation analysis was employed to examine the relationship between diagnostic gene expression and immune cell infiltration (Pripp, 2018). To illustrate these relationships more intuitively, lollipop plots were created using the “ggplot2” package for visualization.
2.9 Construction of potential TF-, MiRNA-, and drug-diagnostic gene regulatory network
NetworkAnalyst (http://www.networkanalyst.ca/) is a comprehensive web-based tool that integrates all three steps of biological network analysis - identification of genes or proteins of interest, network construction, and network analysis and visualization - and is designed to allow researchers to perform a variety of common and complex meta-analyses of gene expression data through an intuitive web interface (Zhou et al., 2019). To identify possible transcription factors (TFs) and miRNA regulating diagnostic genes, we used NetworkAnalyst online database integrating TF database ENCODE (https://www.encodeproject.org/) and miRNA database miRTarBase (https://mirtarbase.cuhk.edu.cn/) (ENCODE Project Consortium, 2011; Huang et al., 2022). What’s more, the Drug-Gene Interaction Database (DGIdb; https://www.dgidb.org/) integrates, organizes, and presents information on drug-gene interactions and genetic drug-forming properties from papers, databases, and web resources (Cotto et al., 2018). And the DGIdb online database was used to predict the potential targeted drugs that interacted with the diagnostic genes, then the drug-gene interaction network was visualized in the Cytoscape software.
2.10 Statistical analysis
All statistical analyses in our study were performed with the R software (version 4.2.2, https://www.r-project.org/). Unless otherwise specified, the p-value for statistical significance was set at 0.05.
3 RESULTS
3.1 Identification of DEGs
The selected samples from the GSE48498 and GSE16797 datasets were subjected to background correction, normalization, and batch removal. The sample distributions before and after the removal of batch effects were visualized in two-dimensional PCA cluster diagrams (Figures 2A, B). All samples in Figure 2A were divided into two distinct clusters, however, Figure 2B showed that after processing, the samples in the two datasets were more evenly mixed, indicating a significant effect of batch removal and more reliable integrated data. Differential gene expression analysis was performed using the processed data, and a total of 246 DEGs were obtained (| log2 FC |> 1 and adjusted p < 0.05), of which 189 DEGs were upregulated and 57 were downregulated (Supplementary Table S1). The volcano plot and heatmap of DEGs were shown respectively in Figures 2C, D.
[image: Figure 2]FIGURE 2 | The effects of data processing and the recognition of differences express genes. (A) PCA diagram before data processing. (B) PCA diagram after data processing. (C) The volcano plot of DEGs. The upregulated genes were marked in red dots, while the downregulated genes were marked in blue dots. (D) The heatmap of DEGs. The upregulated genes were represented by red, and the downregulated genes were represented by green.
3.2 Functional enrichment analysis of DEIGs
We downloaded 2483 IGs from the ImmPort database and obtained 40 differentially expressed immune-related genes (DEIGs) through an intersection with 246 DEGs (Supplementary Table S2). A Venn diagram was used to show the intersection between the IGs and DEGs (Figure 3A). GO analysis of DEIGs indicated that, for the biological process (BP), these genes were mainly involved in cytokine-mediated signaling pathways, response to bacterial-origin molecules, and response to lipopolysaccharides. In terms of cellular component (CC), DEIGs may play critical roles in secretory granule membranes, plasma membrane outer and inner vesicle membranes. Regarding molecular function (MF), DEIGs were found to have crucial roles in immune receptor activity, cytokine receptor activity, and cytokine binding (Figures 3B, C). In addition, KEGG pathway enrichment analysis revealed that DEIGs were mainly enriched in cytokine-cytokine receptor interactions, neutrophil extracellular trap (NET) formation, and coronavirus disease - COVID-19 (Figures 3D, E).
[image: Figure 3]FIGURE 3 | Acquisition and functional enrichment analysis of DEIGs. (A) Venn diagram of DEGs and IGs. (B) GO enrichment bubble chart of DEIGs. (C) GO pathway-gene network diagram of DEIGs. (D) KEGG enrichment bubble chart of DEIGs. (E) KEGG pathway-gene network diagram of DEIGs.
3.3 Immune infiltration analysis
To explore the immune microenvironment of IVIG-resistant patients, we estimated the relative abundance of 22 types of immune cells using the CIBERSORT algorithm. Figure 4A showed the composition of the 22 types of immune infiltration cells in each sample. Figure 4B compared the infiltration differences of 22 types of immune cells between the IVIG-resistant group and the IVIG-responsive group. The results indicated that naïve CD4 T cells and neutrophils were significantly different between the two groups, with the most significant difference observed in neutrophil infiltration.
[image: Figure 4]FIGURE 4 | Immune infiltration analysis based on the CIBERSORT algorithm. (A) The heatmap of the enrichment fraction of 22 types of infiltrating immune cells in each sample. (B) The box plot of 22 types of immune infiltrating cells in the IVIG-resistant group and the IVIG-responsive group.
3.4 Construction of weighted gene Co-expression network
In Figure 5A, the sample clustering tree showed that one outlier was removed, and 25 samples were retained, of which 13 belonged to the IVIG-resistant group and 12 belonged to the IVIG-responsive group. We then selected the optimal soft-thresholding power of 16 to ensure that our gene distribution conformed to a scale-free network (Figure 5B). Next, WGCNA analysis yielded the gene dendrogram and module colors and identified 17 modules in this study (Figure 5C). After analyzing the correlation of each module with the 22 infiltrating immune cells, the blue module was found to possess the highest positive correlation with neutrophils and presented the highest score of total scores in the plot of the module-trait relationship (Figure 5D). Figure 5E illustrated the significant correlation (cor = 0.84, P < 1e-200) between gene significance (GS) and module membership (MM) in the blue module, indicating that the genes highly associated with neutrophils were also important elements in this blue module, thus they were suitable for further analysis.
[image: Figure 5]FIGURE 5 | Identification of the gene modules related to infiltrating immune cells by WGCNA. (A) Sample clustering of WGCNA to detect abnormal samples. (B) Selection of soft-thresholding power. The left panel displayed the change of the fitting index of different soft-thresholding powers; the right panel displayed the mean connectivity corresponding to different soft-thresholding powers. (C) Hierarchical clustering dendrogram of identified co-expressed genes. Different colors reflected the corresponding modules, and the gray module indicated that the genes were not assigned to any module. (D) The heatmap of the relationship between each gene module and each immune cell. The red represented a positive correlation, while the green represented a negative correlation. (E) Scatterplot of gene significance (GS) for neutrophil vs. module membership (MM) in the blue modules.
3.5 Functional enrichment analysis of DENGs
A total of 743 genes were contained in the blue module (Supplementary Table S3). Through the intersection between genes in the blue module and DEIGs, we identified 34 differentially expressed neutrophil-related genes (DENGs) (Figure 6A). GO and KEGG analyses were performed to explore relevant molecular biological functions and pathways of these 34 DENGs. GO analysis showed that the BPs of these genes were mainly involved in cytokine-mediated signaling pathways, response to bacterial-origin molecules, and positive regulation of cytosolic calcium ion concentration (Figures 6B, C). The CCs of these genes were mostly in the area of secretory granule membrane, lactotransferrin-1-containing granule, and endocytic vesicle membrane (Figures 6D, E). The MFs of these genes were significantly enriched in immune receptor activity, cytokine receptor activity, and cytokine binding (Figures 6F, G). KEGG analysis indicated that the 34 DENGs were significantly related to immune pathways, such as cytokine-cytokine receptor interaction, neutrophil extracellular trap formation, and coronavirus disease - COVID-19 (Figure 6H).
[image: Figure 6]FIGURE 6 | Acquisition and enrichment analysis of DENGs. (A) Venn diagram of the blue module genes and DEIGs. (B, C) GO chord diagram and GO cluster diagram of BP of DENGs. (D, E) GO chord diagram and GO cluster diagram of CC of DENGs. (F, G) GO chord diagram and GO cluster diagram of MF of DENGs. (H) The KEGG enrichment bubble chart of DENGs.
3.6 Construction of protein-protein interaction network and identification of hub genes
A protein-protein interaction (PPI) network of the obtained DENGs was constructed by the STRING database (Figure 7A). We visualized the PPI network through Cytoscape software and identified hub genes in the PPI network using the MCODE plugin (Figures 7B, C). Finally, six hub genes were identified, namely TLR8, CXCR1, HCK, AQP9, FPR2, and IL1R2.
[image: Figure 7]FIGURE 7 | The construction of the PPI network and the identification of the hub genes. (A) PPI network based on the STRING database. (B) The PPI network was visualized by Cytoscape software. (C) Screening of clusters of genes that were highly connected using the MCODE algorithm.
3.7 ROC curve analysis
The diagnostic performance of the identified hub genes for IVIG resistance was evaluated by ROC curve analysis in GSE48498 and GSE16797 two datasets separately (Figures 8A, B). We considered an AUC > 0.7 as the screening criterion for hub genes. As a result, in the GSE48498 dataset, six hub genes had AUC > 0.7, with TLR8, AQP9, CXCR1, and FPR2 having AUC > 0.9. In the GSE16797 dataset, six hub genes also had AUC > 0.7, with only TLR8 and HCK having AUC > 0.9. Altogether these results suggested that six hub genes were able to distinguish IVIG-resistant from IVIG-responsive patients after KD patients were treated with IVIG in both datasets, so we believed that they could have good diagnostic value and were considered as potential biomarkers for the diagnosis of IVIG resistance.
[image: Figure 8]FIGURE 8 | ROC curve of the hub genes. (A) ROC curve of hub genes in the GSE48498. (B) ROC curve of hub genes in the GSE16797.
3.8 Correlation analysis between diagnostic genes and immune cells
For the purpose of better understanding the role of six diagnostic genes in immune infiltration, we performed Spearman’s correlation analysis to determine the correlation of hub genes with infiltrating immune cells. The results showed that six diagnostic genes, including TLR8, AQP9, CXCR1, FPR2, HCK, and IL1R2, were significantly positively correlated with neutrophil infiltration, which could confirm that they were screened from the blue module related to neutrophils. In addition, these diagnostic genes were negatively correlated with the immune infiltration of naïve CD4 T cells, resting NK cells, and regulatory T cell (Figure 9).
[image: Figure 9]FIGURE 9 | The correlation between diagnostic genes and infiltrating immune cells.
3.9 Prediction of key TF-, MiRNA-, and drug-diagnostic gene regulatory network
We used the NetworkAnalyst database to predict the TFs that may regulate diagnostic genes and generated a TF-diagnostic gene network (Figure 10A). The network consisted of 4 diagnostic genes and 34 TFs. Then the NetworkAnalyst database was used to predict related miRNAs and formed a regulatory network diagram (Figure 10B). This regulatory network diagram contained 5 diagnostic genes and 24 miRNAs, the most abundant of which were regulating IL1R2.
[image: Figure 10]FIGURE 10 | TF-, miRNA-, and drug-gene network of the diagnostic genes. (A) The TF network of HCK, IL1R2, AQP9, and FPR2. (B) The miRNA network of CXCR1, HCK, IL1R2, AQP9, and FPR2. (C) The drug-gene network of six diagnostic genes.
Finally, the DGIdb database was utilized and made it possible to search for potential drugs that might treat IVIG resistance. We found 36 potential therapeutic drugs and 11 of them were approved (Figure 10C; Supplementary Table S4). These results helped to deepen our understanding of the regulatory and intervention mechanisms of these diagnostic genes and provided clues for further research.
4 DISCUSSION
Kawasaki disease is an acute self-limiting febrile illness of unknown etiology that primarily affects children under 5 years of age (McCrindle et al., 2017). Prompt treatment of KD patients with IVIG has been shown to reduce the incidence of coronary artery aneurysms from 25% to less than 5% (Altammar and Lang, 2018). However, approximately 10%–20% of KD patients experience persistent or recurrent fever after standard treatment with IVIG and aspirin (Tremoulet et al., 2008; Tremoulet et al., 2014). Patients with IVIG resistance are at higher risk of developing coronary artery aneurysms (Hamada et al., 2019). Risk factors associated with IVIG resistance include male sex, young age, high C-reactive protein levels, high neutrophil count, and early presentation, among others (Lo and Newburger, 2018). Although there are currently some risk scoring systems that can predict the responsiveness of IVIG, they are not so accurate enough that no scoring systems are universally accepted (Wang et al., 2019). Recent studies have shown that immune cell infiltration is one of the important factors in the development of IVIG resistance in KD, but only a few studies have linked IVIG responsiveness to biomarkers related to the level of immune cell infiltration (Wu et al., 2020). Therefore, we aimed to explore the immunogenetic mechanisms of IVIG resistance in KD to screen for potential diagnostic indicators and signaling pathways in those patients. This study will help to better understand the pathogenesis and treatment of IVIG resistance and ultimately provide patients with more optimal treatment options.
This study explored the differences in immune cell infiltration between IVIG-resistant and IVIG-responsive patients by the CIBERSORT algorithm and found that neutrophil infiltration had significant differences in the degree of infiltration. Similar results were reported in previous studies, indicating the important role of neutrophils in the pathogenesis of IVIG resistance. Studies showed that compared to IVIG-responsive patients, IVIG-resistant patients had a higher proportion of neutrophils, a higher neutrophil-to-lymphocyte ratio (NLR), and NLR was also considered to be a reliable predictor for IVIG resistance (Ha et al., 2020; Y. Chen et al., 2019; Liu and Wu, 2022). It could be seen that infiltrating immune cells were closely related to IVIG resistance, and the role of neutrophils was indispensable in the mechanism.
Next, the gene module with the highest score in the module-trait relationship diagram was screened through WGCNA analysis, which was the most correlated with neutrophil expression. By intersecting the module genes with the DEIGs, 34 DENGs were obtained. KEGG enrichment analysis showed that they were mainly concentrated in pathways such as cytokine-cytokine receptor interaction, neutrophil extracellular trap formation, and coronavirus disease - COVID-19, indicating their important biological functions in immune response and regulation. It is noteworthy that neutrophils contribute to pathogen clearance by forming neutrophil extracellular traps (NETs) in a process known as NETosis, but the excessive release of NETs has been reported to be involved in the pathogenesis of various diseases, including vasculitis, by inducing tissue injury (Grayson and Kaplan, 2016). In KD patients, neutrophils increase from the acute phase and decrease in the recovery phase; studies have shown that NET formation is enhanced in acute KD patients compared to recovery-phase KD patients and healthy controls (Yoshida et al., 2020). In addition, it has been found that neutrophils are significantly increased in the acute phase of KD patients, and are prone to forming NETs, which can significantly promote the activation of PI3K/Akt and NF-κB signaling pathways in peripheral blood mononuclear cells (PBMCs) of KD patients, leading to upregulation of HIF-1α and VEGF expression and triggering more severe inflammatory responses (Jing et al., 2020). This indicates that NETs are one of the mechanisms of Kawasaki disease, however, whether NETs can distinguish between IVIG-resistant and IVIG-responsive patients has not been proven by previous research. Our data analysis results showed that the expression of neutrophils in the two groups of patients is significantly different, and the enriched pathway of differentially expressed genes contained NETs. Therefore, we believed that NET formation was expected to be an important mechanism of IVIG resistance. In addition, the pathway of coronavirus disease - COVID-19 is also closely related to neutrophils. It is reported that the number of neutrophils is considered as a clinical marker related to acute respiratory distress syndrome in COVID-19 patients (Oishi et al., 2022). Moreover, one study has also demonstrated that similar neutrophilic dysregulation occurs in severe COVID-19 and KD two pronounced hyperinflammatory states, which plays a crucial role in the overactivation and defective aging program of granulocytes (Chen K D et al., 2022). In short, based on the results of the KEGG enrichment analysis, we could conclude that these genes were more likely to be involved in neutrophil-related biological activities.
Finally, six hub genes, including TLR8, AQP9, CXCR1, FPR2, HCK, and IL1R2, were identified from the 34 DENGs by the MCODE algorithm. These hub genes may serve as diagnostic biomarkers for distinguishing IVIG-resistant patients from IVIG-responsive patients based on ROC curve analysis. Further investigation was conducted to explore the functions of each hub gene. TLR8, a member of the Toll-like receptor (TLR) family, is an intracellular type I transmembrane protein primarily expressed in human monocytes, macrophages, and neutrophils (Cai and Hu, 2022). Studies have indicated that TLR8 expression increases as a marker of M2 macrophages during the acute phase of KD (Guo et al., 2020). Aquaporins (AQPs) are transmembrane channels essential for water, energy, and redox homeostasis, with proven involvement in various pathophysiological conditions. AQP9 has been reported to be upregulated in patients with systemic inflammatory response syndrome compared to healthy individuals, and this is attributed to the functional impact of AQP9 on F-actin polymerization, leading to changes in the morphology and function of neutrophils (da Silva et al., 2022). CXC chemokine receptor-1 (CXCR1) is a representative chemokine receptor that initiates the neutrophil-mediated immune response pathway through its association with its homologous chemokine interleukin-8 (IL-8 or CXCL8) and can control the migration of neutrophils to infected tissues (Kharche et al., 2021). The formyl peptide receptors (FPRs) are G protein-coupled receptors, and formyl peptides act on FPR1 and FPR2, transducing chemotactic signals in phagocytes, and mediating host-defense as well as inflammatory responses including cell adhesion, directed migration, granule release, and superoxide production (He and Ye, 2017). It has been shown that the expression of FPR2 in the KD group is significantly higher than that in the healthy control group, and the increase in FPR2 levels may be involved in the regulation of the in vivo balance of the immune system (Wang Y et al., 2022). Hematopoietic cell kinase (HCK) is a member of the Src family of non-receptor tyrosine kinases, which plays a critical role in neutrophil phagocytosis (Cheng et al., 2022). Studies have shown that HCK is a significantly upregulated hub gene in KD, but its specific mechanism of action is not yet clear (Cai and Hu, 2022). Interleukin-1 receptor type II (IL1R2) is a member of the interleukin-1 (IL-1) receptor family and is abnormally expressed in many inflammatory diseases (Chen Q et al., 2022). Studies have shown that IL1R2 is upregulated in IVIG-resistant KD, which is consistent with our research conclusion (Geng et al., 2020). Seen from the above gene functions, they are all related to the body’s immune response and are highly correlated with neutrophils. This was also confirmed by Spearman’s correlation analysis in our study.
What’s more, we predicted the TFs and miRNAs that regulate the hub genes through the NetworkAnalyst database, then searched for potential therapeutic drugs by the DGIdb database, to further explore the regulatory mechanisms and intervention methods of these hub genes. Because these results were derived from continuously updated resources from papers, databases, and web resources that can provide directions for further research, the reliability of some of these predicted molecules will require experimental proof.
Despite yielding interesting results, there are some limitations in our study. Firstly, this study covered a relatively small sample size, and a larger sample cohort is needed to confirm the research results. Secondly, the lack of experimental validation may affect the accuracy of the study, so further experiments are needed to verify the biological mechanisms and treatment response. In addition, since our study only analyzed samples of KD patients who developed resistance or response to IVIG after use, it cannot be inferred that these genes can be used as diagnostic genes for IVIG resistance before treatment. Therefore, adopting KD patient samples that have already been diagnosed with IVIG resistance or response and analyzing their genes before IVIG use may help to identify IVIG resistance earlier and improve treatment plans as soon as possible.
All in all, the results of this study suggest new clues for the potential pathogenesis of IVIG resistance and provide valuable insights into the diagnosis and treatment of IVIG resistance. Previous studies have shown that the percentage of neutrophils in leukocytes, percentage of polymorphonuclear neutrophils, peripheral blood neutrophil-to-lymphocyte ratio, and neutrophil activation rate are higher in the IVIG-resistant group relative to the IVIG-responsive group (Sato et al., 2013; Kawamura et al., 2016; Kim, Song, and Kim, 2018; Ko et al., 2019). Our study found that immune pathways involved in hub genes, such as the formation of neutrophil extracellular traps, were more likely to result in IVIG resistance. And these hub genes, TLR8, AQP9, CXCR1, FPR2, HCK, and IL1R2, verified to be more or less associated with neutrophils, were possible to lead to IVIG resistance in KD. Therefore, our results corroborated previous literature and no longer stopped at clinical indicators, but explored more deeply at the genetic level. We believed that they may serve in the future as a more in-depth complement to the diagnostic model of IVIG resistance clinical indicators and important therapeutic targets that may help to reduce the incidence of coronary artery abnormalities and to improve the quality of life of KD patients.
5 CONCLUSION
In this study, we investigated potential signaling pathways and hub genes associated with immune infiltration involved in IVIG resistance, and the final identified hub genes included TLR8, AQP9, CXCR1, FPR2, HCK, and IL1R2. Additionally, we found that these signaling pathways and hub genes were closely related to neutrophils, which was confirmed by previous studies and Spearman’s correlation analysis in our study. And six hub genes were validated that they could serve as reliable diagnostic biomarkers for IVIG resistance. Finally, their related TFs, miRNAs, and targeted drugs were predicted, which would provide new ideas and methods for further understanding the mechanism of IVIG resistance and help develop treatment strategies.
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
JL and JX designed the research. YW, YC, YL, and MY extracted the data from the databases. YW, YC, YL, and MY analysed the data. YW drafted the manuscript. JL and JX revised the manuscript. All authors contributed to the article and approved the submitted version.
FUNDING
This study was supported by the Natural Science Foundation of China (82271174) and the scientific research project of the Shanghai Municipal Health Commission (20204Y0100).
ACKNOWLEDGMENTS
We would like to thank the GEO database for the availability of the data.
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.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmolb.2023.1182512/full#supplementary-material
REFERENCES
 Agarwal, S., and Agrawal, D. K. (2017). Kawasaki disease: Etiopathogenesis and novel treatment strategies. Expert Rev. Clin. Immunol. 13, 247–258. doi:10.1080/1744666X.2017.1232165
 Altammar, F., and Lang, B. (2018). Kawasaki disease in the neonate: Case report and literature review. Pediatr. Rheumatol. Online J. 16, 43. doi:10.1186/s12969-018-0263-8
 Bandettini, W. P., Kellman, P., Mancini, C., Booker, O. J., Vasu, S., Leung, S. W., et al. (2012). MultiContrast delayed enhancement (MCODE) improves detection of subendocardial myocardial infarction by late gadolinium enhancement cardiovascular magnetic resonance: A clinical validation study. J. Cardiovasc Magn. Reson 14 (1), 83. doi:10.1186/1532-429X-14-83
 Bhattacharya, S., Dunn, P., Thomas, C. G., Smith, B., Schaefer, H., Chen, J., et al. (2018). ImmPort, toward repurposing of open access immunological assay data for translational and clinical research. Sci. Data 5, 180015. doi:10.1038/sdata.2018.15
 Cai, Y., and Hu, W. (2022). Identifying differentially expressed genes and miRNAs in Kawasaki disease by bioinformatics analysis. Sci. Rep. 12, 21879. doi:10.1038/s41598-022-26608-x
 Chen, H., and Boutros, P. C. (2011). VennDiagram: A package for the generation of highly-customizable Venn and euler diagrams in R. BMC Bioinforma. 12, 35. doi:10.1186/1471-2105-12-35
 Chen, K. D., Huang, Y. H., Wu, W. S., Chang, L. S., Chu, C. L., and Kuo, H. C. (2022). Comparable bidirectional neutrophil immune dysregulation between Kawasaki disease and severe COVID-19. Front. Immunol. 13, 995886. doi:10.3389/fimmu.2022.995886
 Chen Q, Q., Li, Z., Wang, M., and Li, G. (2022). Over-expression of IL1R2 in PBMCs of patients with coronary artery disease and its clinical significance. Anatol. J. Cardiol. 26, 710–716. doi:10.5152/AnatolJCardiol.2022.1241
 Chen, Y., Hua, Y., Zhang, C., Chen, S., Zhang, Q., Liao, Y., et al. (2019). Neutrophil-to-Lymphocyte ratio predicts intravenous immunoglobulin-resistance in infants under 12-months old with Kawasaki disease. Front. Pediatr. 7, 81. doi:10.3389/fped.2019.00081
 Cheng, F., Li, Q., Wang, J., Wang, L., Li, W., and Zeng, F. (2022). HCK is a potential prognostic biomarker that correlates with immune cell infiltration in acute myeloid leukemia. Dis. Markers 2022, 3199589. doi:10.1155/2022/3199589
 Cotto, K. C., Wagner, A. H., Feng, Y. Y., Kiwala, S., Coffman, A. C., Spies, G., et al. (2018). DGIdb 3.0: A redesign and expansion of the drug-gene interaction database. Nucleic Acids Res. 46, D1068-D1073–D1073. doi:10.1093/nar/gkx1143
 da Silva, I. V., Garra, S., Calamita, G., and Soveral, G. (2022). The multifaceted role of aquaporin-9 in Health and its potential as a clinical biomarker. Biomolecules 12, 897. doi:10.3390/biom12070897
 Diboun, I., Wernisch, L., Orengo, C. A., and Koltzenburg, M. (2006). Microarray analysis after RNA amplification can detect pronounced differences in gene expression using limma. BMC Genomics 7, 252. doi:10.1186/1471-2164-7-252
 ENCODE Project Consortium (2011). A user's guide to the encyclopedia of DNA elements (ENCODE). PLoS Biol. 9, e1001046. doi:10.1371/journal.pbio.1001046
 Fukui, S., Seki, M., Minami, T., Kotani, K., Oka, K., Yokomizo, A., et al. (2021). Efficacy and safety associated with the infusion speed of intravenous immunoglobulin for the treatment of Kawasaki disease: A randomized controlled trial. Pediatr. Rheumatol. Online J. 19, 107. doi:10.1186/s12969-021-00601-6
 Gautier, L., Cope, L., Bolstad, B. M., and Irizarry, R. A. (2004). affy--analysis of Affymetrix GeneChip data at the probe level. Bioinformatics 20, 307–315. doi:10.1093/bioinformatics/btg405
 Geng, Z., Liu, J., Hu, J., Wang, Y., Tao, Y., Zheng, F., et al. (2020). Crucial transcripts predict response to initial immunoglobulin treatment in acute Kawasaki disease. Sci. Rep. 10, 17860. doi:10.1038/s41598-020-75039-z
 Grayson, P. C., and Kaplan, M. J. (2016). At the Bench: Neutrophil extracellular traps (NETs) highlight novel aspects of innate immune system involvement in autoimmune diseases. J. Leukoc. Biol. 99, 253–264. doi:10.1189/jlb.5BT0615-247R
 Guo, M. M. H., Chang, L. S., Huang, Y. H., Wang, F. S., and Kuo, H. C. (2020). Epigenetic regulation of macrophage marker expression profiles in Kawasaki disease. Front. Pediatr. 8, 129. doi:10.3389/fped.2020.00129
 Ha, K. S., Lee, J., and Lee, K. C. (2020). Prediction of intravenous immunoglobulin resistance in patients with Kawasaki disease according to the duration of illness prior to treatment. Eur. J. Pediatr. 179, 257–264. doi:10.1007/s00431-019-03474-w
 Hamada, H., Suzuki, H., Onouchi, Y., Ebata, R., Terai, M., Fuse, S., et al. (2019). Efficacy of primary treatment with immunoglobulin plus ciclosporin for prevention of coronary artery abnormalities in patients with Kawasaki disease predicted to be at increased risk of non-response to intravenous immunoglobulin (KAICA): A randomised controlled, open-label, blinded-endpoints, phase 3 trial. Lancet 393, 1128–1137. doi:10.1016/S0140-6736(18)32003-8
 Han, S. B., Suh, W., and Rhim, J. W. (2022). High-concentration intravenous immunoglobulin may influence the course of fever and rate of reported treatment resistance in children with Kawasaki disease: A single-center retrospective analysis. Paediatr. Drugs 24, 689–697. doi:10.1007/s40272-022-00537-8
 Harbron, C., Chang, K. M., and South, M. C. (2007). RefPlus: an R package extending the RMA Algorithm. Bioinformatics 23, 2493–2494. doi:10.1093/bioinformatics/btm357
 He, H. Q., and Ye, R. D. (2017). The formyl peptide receptors: Diversity of ligands and mechanism for recognition. Molecules 22, 455. doi:10.3390/molecules22030455
 Hedrich, C. M., Schnabel, A., and Hospach, T. (2018). Kawasaki disease. Front. Pediatr. 6, 198. doi:10.3389/fped.2018.00198
 Huang, H. Y., Lin, Y. C., Cui, S., Huang, Y., Tang, Y., Xu, J., et al. (2022). miRTarBase update 2022: an informative resource for experimentally validated miRNA-target interactions. Nucleic Acids Res. 50, D222–D230. doi:10.1093/nar/gkab1079
 Jing, Y., Ding, M., Fu, J., Xiao, Y., Chen, X., and Zhang, Q. (2020). Neutrophil extracellular trap from Kawasaki disease alter the biologic responses of PBMC. Biosci. Rep. 40, BSR20200928. doi:10.1042/BSR20200928
 Kawamura, Y., Takeshita, S., Kanai, T., Yoshida, Y., and Nonoyama, S. (2016). The combined usefulness of the neutrophil-to-lymphocyte and platelet-to-lymphocyte ratios in predicting intravenous immunoglobulin resistance with Kawasaki disease. J. Pediatr. 178, 281–284. doi:10.1016/j.jpeds.2016.07.035
 Kaya Akca, U., Arslanoglu Aydin, E., Aykan, H. H., Serin, O., Sag, E., Demir, S., et al. (2022). Comparison of IVIG resistance predictive models in Kawasaki disease. Pediatr. Res. 91, 621–626. doi:10.1038/s41390-021-01459-w
 Kharche, S., Joshi, M., Chattopadhyay, A., and Sengupta, D. (2021). Conformational plasticity and dynamic interactions of the N-terminal domain of the chemokine receptor CXCR1. PLoS Comput. Biol. 17, e1008593. doi:10.1371/journal.pcbi.1008593
 Kim, M. K., Song, M. S., and Kim, G. B. (2018). Factors predicting resistance to intravenous immunoglobulin treatment and coronary artery lesion in patients with Kawasaki disease: Analysis of the Korean nationwide multicenter survey from 2012 to 2014. Korean Circ. J. 48 (1), 71–79. doi:10.4070/kcj.2017.0136
 Ko, T. M., Chang, J. S., Chen, S. P., Liu, Y. M., Chang, C. J., Tsai, F. J., et al. (2019). Genome-wide transcriptome analysis to further understand neutrophil activation and lncRNA transcript profiles in Kawasaki disease. Sci. Rep. 9 (1), 328. doi:10.1038/s41598-018-36520-y
 Langfelder, P., and Horvath, S. (2008). Wgcna: an R package for weighted correlation network analysis. BMC Bioinforma. 9, 559. doi:10.1186/1471-2105-9-559
 Lee, H. Y., and Song, M. S. (2016). Predictive factors of resistance to intravenous immunoglobulin and coronary artery lesions in Kawasaki disease. Korean J. Pediatr. 59, 477–482. doi:10.3345/kjp.2016.59.12.477
 Leek, J. T., Johnson, W. E., Parker, H. S., Jaffe, A. E., and Storey, J. D. (2012). The sva package for removing batch effects and other unwanted variation in high-throughput experiments. Bioinformatics 28, 882–883. doi:10.1093/bioinformatics/bts034
 Liu, C., and Wu, J. (2022). Value of blood inflammatory markers for predicting intravenous immunoglobulin resistance in Kawasaki disease: A systematic review and meta-analysis. Front. Pediatr. 10, 969502. doi:10.3389/fped.2022.969502
 Lo, M. S., and Newburger, J. W. (2018). Role of intravenous immunoglobulin in the treatment of Kawasaki disease. Int. J. Rheum. Dis. 21, 64–69. doi:10.1111/1756-185X.13220
 McCrindle, B. W., Rowley, A. H., Newburger, J. W., Burns, J. C., Bolger, A. F., Gewitz, M., et al. (2017). Diagnosis, treatment, and long-term management of Kawasaki disease: A scientific statement for Health professionals from the American heart association. Circulation 135, e927–e999. doi:10.1161/CIR.0000000000000484
 Metsalu, T., and Vilo, J. (2015). ClustVis: A web tool for visualizing clustering of multivariate data using principal component analysis and heatmap. Nucleic Acids Res. 43, W566–W570. doi:10.1093/nar/gkv468
 Newburger, J. W., Takahashi, M., and BurnsKawasaki, J. C. D. (2016). Kawasaki disease. J. Am. Coll. Cardiol. 67, 1738–1749. doi:10.1016/j.jacc.2015.12.073
 Newman, A. M., Liu, C. L., Green, M. R., Gentles, A. J., Feng, W., Xu, Y., et al. (2015). Robust enumeration of cell subsets from tissue expression profiles. Nat. Methods 12, 453–457. doi:10.1038/nmeth.3337
 Ogihara, Y., Ogata, S., Nomoto, K., Ebato, T., Sato, K., Kokubo, K., et al. (2009). Clinical score and transcript abundance patterns identify Kawasaki disease patients who may benefit from addition of methylprednisolone. Pediatr. Res. 66, 577–584. doi:10.1203/PDR.0b013e3181baa3c2
 Ogihara, Y., Ogata, S., Nomoto, K., Ebato, T., Sato, K., Kokubo, K., et al. (2014). Transcriptional regulation by infliximab therapy in Kawasaki disease patients with immunoglobulin resistance. Pediatr. Res. 76, 287–293. doi:10.1038/pr.2014.92
 Oishi, K., Horiuchi, S., Frere, J., Schwartz, R. E., and tenOever, B. R. (2022). A diminished immune response underlies age-related SARS-CoV-2 pathologies. Cell Rep. 39, 111002. doi:10.1016/j.celrep.2022.111002
 Parodi, S., Verda, D., Bagnasco, F., and Muselli, M. (2022). The clinical meaning of the area under a receiver operating characteristic curve for the evaluation of the performance of disease markers. Epidemiol. Health 44, e2022088. doi:10.4178/epih.e2022088
 Pripp, A. H. (2018). Pearson’s or Spearman’s correlation coefficients. Tidsskr. Nor. Laegeforen 138. doi:10.4045/tidsskr.18.0042
 Rife, E., and Gedalia, A. (2020). Kawasaki disease: An update. Curr. Rheumatol. Rep. 22, 75. doi:10.1007/s11926-020-00941-4
 Robin, X., Turck, N., Hainard, A., Tiberti, N., Lisacek, F., Sanchez, J. C., et al. (2011). pROC: an open-source package for R and S+ to analyze and compare ROC curves. BMC Bioinforma. 12, 77. doi:10.1186/1471-2105-12-77
 Sato, S., Kawashima, H., Kashiwagi, Y., and Hoshika, A. (2013). Inflammatory cytokines as predictors of resistance to intravenous immunoglobulin therapy in Kawasaki disease patients. Int. J. Rheum. Dis. 16, 168–172. doi:10.1111/1756-185X.12082
 Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., et al. (2003). Cytoscape: A software environment for integrated models of biomolecular interaction networks. Genome Res. 13, 2498–2504. doi:10.1101/gr.1239303
 Shuai, M., He, D., and Chen, X. (2021). Optimizing weighted gene co-expression network analysis with a multi-threaded calculation of the topological overlap matrix. Stat. Appl. Genet. Mol. Biol. 20, 145–153. doi:10.1515/sagmb-2021-0025
 Song, M. S. (2019). Predictors and management of intravenous immunoglobulin-resistant Kawasaki disease. Korean J. Pediatr. 62, 119–123. doi:10.3345/kjp.2019.00150
 Szklarczyk, D., Morris, J. H., Cook, H., Kuhn, M., Wyder, S., Simonovic, M., et al. (2017). The STRING database in 2017: Quality-controlled protein-protein association networks, made broadly accessible. Nucleic Acids Res. 45, D362–D368. doi:10.1093/nar/gkw937
 Tremoulet, A. H., Best, B. M., Song, S., Wang, S., Corinaldesi, E., Eichenfield, J. R., et al. (2008). Resistance to intravenous immunoglobulin in children with Kawasaki disease. J. Pediatr. 153, 117–121. doi:10.1016/j.jpeds.2007.12.021
 Tremoulet, A. H., Jain, S., Jaggi, P., Jimenez-Fernandez, S., Pancheri, J. M., Sun, X., et al. (2014). Infliximab for intensification of primary therapy for Kawasaki disease: A phase 3 randomised, double-blind, placebo-controlled trial. Lancet 383, 1731–1738. doi:10.1016/S0140-6736(13)62298-9
 Wang, H., Shang, J., Tong, M., Song, Y., and Ruan, L. (2019). Evaluation of left ventricular function in immunoglobulin-resistant children with Kawasaki disease: A two-dimensional speckle tracking echocardiography study. Clin. Cardiol. 42, 753–759. doi:10.1002/clc.23213
 Wang, T., Liu, G., Guo, X., and Ji, W. (2022). Single-cell analysis reveals the role of the neuropeptide receptor FPR2 in monocytes in Kawasaki disease: A bioinformatic study. Dis. Markers 2022, 1666240. doi:10.1155/2022/1666240
 Wang, Y., Zhou, W., Chen, Y., He, D., Qin, Z., Wang, Z., et al. (2022). Identification of susceptibility modules and hub genes of osteoarthritis by WGCNA analysis. Front. Genet. 13, 1036156. doi:10.3389/fgene.2022.1036156
 Wu, G., Yue, P., Ma, F., Zhang, Y., Zheng, X., and Li, Y. (2020). Neutrophil-to-lymphocyte ratio as a biomarker for predicting the intravenous immunoglobulin-resistant Kawasaki disease. Med. Baltim. 99, e18535. doi:10.1097/MD.0000000000018535
 Ye, Q., Gong, F. Q., Shang, S. Q., and Hu, J. (2016). Intravenous immunoglobulin treatment responsiveness depends on the degree of CD8+ T cell activation in Kawasaki disease. Clin. Immunol. 171, 25–31. doi:10.1016/j.clim.2016.08.012
 Yoshida, Y., Takeshita, S., Kawamura, Y., Kanai, T., Tsujita, Y., and Nonoyama, S. (2020). Enhanced formation of neutrophil extracellular traps in Kawasaki disease. Pediatr. Res. 87, 998–1004. doi:10.1038/s41390-019-0710-3
 Yu, G., Wang, L. G., Han, Y., and He, Q. Y. (2012). clusterProfiler: an R package for comparing biological themes among gene clusters. OMICS 16, 284–287. doi:10.1089/omi.2011.0118
 Zhou, G., Soufan, O., Ewald, J., Hancock, R. E. W., Basu, N., and Xia, J. (2019). NetworkAnalyst 3.0: A visual analytics platform for comprehensive gene expression profiling and meta-analysis. Nucleic Acids Res. 47, W234-W241–W241. doi:10.1093/nar/gkz240
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.
Copyright © 2023 Wang, Cao, Li, Yuan, Xu and Li. 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.
OPS/images/fmolb-10-1182512-g005.gif





OPS/images/fmolb-10-1182512-g006.gif





OPS/images/fmolb-10-1182512-g003.gif





OPS/images/fmolb-10-1182512-g004.gif





OPS/images/fmolb-10-1182512-g009.gif
i






OPS/images/fmolb-10-1182512-g007.gif





OPS/images/fmolb-10-1182512-g008.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Identification of key signaling pathways and hub genes related to immune infiltration in Kawasaki disease with resistance to intravenous immunoglobulin based on weighted gene co-expression network analysis		1 Introduction

		2 Materials and methods		2.1 Data acquisition

		2.2 Data preprocessing and screening of differentially expressed genes

		2.3 GO and KEGG enrichment analysis

		2.4 Immune infiltration analysis

		2.5 Construction of weighted gene Co-expression network

		2.6 Construction of protein-protein interaction network and identification of hub genes

		2.7 ROC curve analysis

		2.8 Correlation analysis between diagnostic genes and infiltrating immune cells

		2.9 Construction of potential TF-, MiRNA-, and drug-diagnostic gene regulatory network

		2.10 Statistical analysis





		3 Results		3.1 Identification of DEGs

		3.2 Functional enrichment analysis of DEIGs

		3.3 Immune infiltration analysis

		3.4 Construction of weighted gene Co-expression network

		3.5 Functional enrichment analysis of DENGs

		3.6 Construction of protein-protein interaction network and identification of hub genes

		3.7 ROC curve analysis

		3.8 Correlation analysis between diagnostic genes and immune cells

		3.9 Prediction of key TF-, MiRNA-, and drug-diagnostic gene regulatory network





		4 Discussion

		5 Conclusion

		Data availability statement

		Author contributions

		Funding

		Acknowledgments

		Publisher’s note

		Supplementary material

		References









OPS/images/cover.jpg
, frontiers | Frontiers in Molecular Biosciences

Identification of key signaling
pathways and hub genes related
to immune infiltration in
Kawasaki disease with
resistance to intravenous
immunoglobulin based on
weighted gene co-expression
network analysis





OPS/images/fmolb-10-1182512-g001.gif





OPS/images/fmolb-10-1182512-g002.gif





OPS/images/fmolb-10-1182512-t001.jpg
Platform Datasets Total samples Intravenous immunoglobulin G (IVIG)

Groups Samples

GPL570 GSEA8498 28 | IVIG-resistant GSM1179961
GSM1179962
GSM1179963
GSM1179964
GSM1179965
GSM1179966
GSM1179967

GSM1179968

IVIG-responsive GSM1179983

GSM1179984

GSM1179985

GSM1179986

GSM1179987

GSM1179988

GSE16797 34 IVIG-responsive GSM421900
GSM421902
GSM421904
GSM421906
GSM421908

GSM421910

IVIG-resistant GSM421912

GSM421914

GSM421916

GSM421918

GSM421920

GSM421922






OPS/images/fmolb-10-1182512-g010.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Molecular Biosciences





