[image: image1]HSPB8 is a Potential Prognostic Biomarker that Correlates With Immune Cell Infiltration in Bladder Cancer

		ORIGINAL RESEARCH
published: 07 March 2022
doi: 10.3389/fgene.2022.804858


[image: image2]
HSPB8 is a Potential Prognostic Biomarker that Correlates With Immune Cell Infiltration in Bladder Cancer
Zhiyong Tan1†, Shi Fu1†, Yinglong Huang1†, Xianzhong Duan2, Yigang Zuo1, Xiaorui Zhu2, Haifeng Wang1* and Jiansong Wang1*
1Department of Urology, the Second Affiliated Hospital of Kunming Medical University, Yunnan Institute of Urology, Kunming, China
2Department of Urology, the Second People’s Hospital of Baoshan, Baoshan, China
Edited by:
Maxim Freidin, King’s College London, United Kingdom
Reviewed by:
Basavaraj Mallikarjunayya Vastrad, KLE Society’s College Of Pharmacy, India
Chunfu Zheng, University of Calgary, Canada
* Correspondence: Jiansong Wang, wangjiansong@kmmu.edu.cn; Haifeng Wang, highphone@126.com
†These authors have contributed equally to this work
Specialty section: This article was submitted to Human and Medical Genomics, a section of the journal Frontiers in Genetics
Received: 29 October 2021
Accepted: 03 February 2022
Published: 07 March 2022
Citation: Tan Z, Fu S, Huang Y, Duan X, Zuo Y, Zhu X, Wang H and Wang J (2022) HSPB8 is a Potential Prognostic Biomarker that Correlates With Immune Cell Infiltration in Bladder Cancer. Front. Genet. 13:804858. doi: 10.3389/fgene.2022.804858

Background: Heat shock protein B8 (HSPB8) is expressed in various cancers. However, the functional and clinicopathological significance of HSPB8 expression in bladder cancer (BC) remains unclear. The present study sought to elucidate the clinicopathological features and prognostic value of HSPB8 in BC.
Methods: A BC RNA-seq data set was obtained from The Cancer Genome Atlas Urothelial Bladder Carcinoma (TCGA-BLCA) database, and the external validation dataset GSE130598 was downloaded from the GEO database. Samples in the TCGA-BLCA were categorized into two groups based on HSPB8 expression. Differentially expressed genes (DEGs) between the two groups were defined as HSPB8 co-expressed genes. Gene set enrichment analysis (GSEA), protein-protein interaction networks, and mRNA-microRNA (miRNA) interaction networks were generated to predict the function and interactions of genes that are co-expressed with HSPB8. Finally, we examined immune cell infiltration and constructed a survival prediction model for BC patients.
Results: The expression level of HSBP8 has a significant difference between cancer samples and normal samples, and its diagnosis effect was validated by the ROC curve. 446 differential expressed genes between HSBP8 high-expression and HSBP8 low expression groups were identified. Gene enrichment analysis and GSEA analysis show that these differential gene functions are closely related to the occurrence and development of BC and the metabolic pathways of BC. The cancer-related pathways included Cytokine-cytokine receptor Interaction, Focal adhesion, and Proteoglycans in cancer. PPI and protein-coding gene-miRNA network visualized the landscape for these tightly bounded gene interactions. Immune cell infiltration shows that B cells, CD4+T cells, and CD8+T cells have strongly different infiltration levels between the HSBP8 high exp group and low exp group. The survival prediction model shows that HSBP8 has strong prognosis power in the BLCA cohort.
Conclusion: Identifying DEGs may enhance understanding of BC development’s causes and molecular mechanisms. HSPB8 may play an essential role in BC progression and prognosis and serve as a potential biomarker for BC treatment.
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INTRODUCTION
Bladder cancer (BC) occurs in the bladder mucosa and is the most common malignancy of the urinary system (Lenis et al., 2020). It is the fifth most common type of cancer worldwide, with an estimated 81,400 new cases and 17,000 related deaths in the United States in 2020 (Siegel et al., 2020). The most common histologic type of bladder cancer is uroepithelial cancer, accounting for more than 90% of all bladder cancers (Martinez Rodriguez., 2017). Based on the degree of muscle invasion, BC can be classified as non-muscle-invasive bladder cancer (NMIBC) and muscle-invasive bladder cancer (MIBC) (Kang et al., 2020). Recurrence remains a major challenge in the treatment of MIBC. Approximately 75% of patients initially present as NMIBC. Though these patients typically undergo aggressive treatments including, surgery, immunotherapy, chemotherapy, and radiotherapy, the patient response remains variable and unpredictable. About 10–30% of patients with NMIBC may relapse and progress to MIBC (Witjes et al., 2021), and the 5-years overall survival (OS) rate remains unsatisfactory. In addition, the cost of BC treatment poses a heavy burden on patients and society. The prognosis of BC patients is difficult to predict because there are no clinical biomarkers or parameters that can reliably reflect disease progression. Additionally, individual differences play important roles in determining the efficacy of thetreatment of BC. Therefore, clarifying the potential molecular mechanisms involved in BC carcinogenesis, proliferation, and recurrence and identifying novel potential biomarkers is crucial for early diagnosis, prognosis evaluation, and treatment.
Heat shock protein B8 (HSPB8, also known as small stress protein-like protein [sHSP22], protein kinase H11, E2-induced gene 1 protein [E2IG1], or alpha-crystallin C chain [CRYAC]), is a member of the small heat shock protein superfamily and contains a conserved α-crystallin domain at the C-terminal (F. Li et al., 2018). Various cellular functions have been linked to HSPB8, such as cytoskeleton stabilization, autophagy, oxidative stress, apoptosis, differentiation, and proliferation (L. L. Yu et al., 2021). In addition, studies have reported that HSPB8 exerts both beneficial and detrimental effects on cancer proliferation, invasion, and migration (Cristofani et al., 2021). For instance, HSPB8 expression is upregulated in breast cancer (Piccolella et al., 2017), multiple myeloma (Hamouda et al., 2014), lung cancer (L. L. Yu et al., 2021), and ovarian cancer (Suzuki et al., 2015). In these cancer types, HSPB8 promotes proliferation and suppresses apoptosis. For other tumors, including glioblastoma (Modem et al., 2011), prostate cancer (Hu et al., 2020), and hepatocarcinoma (Wang et al., 2020), HSPB8 is aberrantly methylated and expressed at low levels. Thus, the role of HSPB8 in cancer has attracted increasing attention. However, the expression and significance of HSPB8 in BC have not yet been characterized.
In this study, we investigated the correlation between HSPB8 expression and BC characteristics and analyzed the prognostic role of HSPB8 expression in BC based on RNA-seq data from TCGA and GEO datasets. In addition, we analyzed the expression levels of HSPB8 in BC and normal tissues and determined the correlation between HSPB8 expression and patient prognosis in terms of OS. Additionally, we examined the potential diagnostic and prognostic value of HSPB8 using patient data from the TGCA and GEO databases. Then, we elucidated its biological significance by performing enrichment analysis, molecular interaction network analysis, and immune infiltration correlation analysis. Our study highlights that HSPB8 may be a new predictor of BC diagnosis and prognosis and is a promising therapeutic target.
MATERIALS AND METHODS
Data Download and Processing
We downloaded the gene expression data matrix of 433 samples (19 normal samples and 414 bladder cancer samples) from The Cancer Genome Atlas (TCGA) data portal (https://portal.gdc.cancer.gov/) as the training set. The microarray dataset GSE130598 analyzed using the GPL26612 platform was extracted from the Gene Expression Omnibus (GEO) database for the validation set. This dataset contains 24 normal samples and 24 tumor samples (Chandrashekar et al., 2020). The normalize between arrays function in the limma package (Ritchie et al., 2015) was used for background correction and data normalization.
Differential Target Gene Co-expression Analysis
We grouped the target gene HSPB8 into high and low expression groups based on the median expression value in the test set derived from The Cancer Genome Atlas Urothelial Bladder Carcinoma (TCGA-BLCA) database. The differentially expressed genes (DEGs) between the high and low HSPB8 expression groups in the TCGA-BLCA and GSE130598 datasets were screened using the limma package. The DEG heatmap and volcano map was plotted using the ggplot2 package (Ito and Murphy, 2013). The intersection of the two groups of DEGs was examined using a Venn diagram. The correction of multiple testing was applied. All the DEGs had p < 0.05 and |log2FC|>1.
Target Gene Correlation Analysis
We analyzed differences in HSPB8 expression between normal and tumor tissues. A ROC curve was generated to verify the diagnostic efficiency of HSPB8. The results indicate that HSPB8 is a significant diagnostic marker. The GEPIA platform (http://gepia.cancer-pku.cn/) (Tang et al., 2017) was used to analyze the body map of the median expression distribution of HSPB8 in tumors and normal samples. Additionally, patient base line data was shown (Table 1).
TABLE 1 | TCGA-BLCA data set patient baseline data table.
[image: Table 1]Friends/GO/KEGG Enrichment Analysis
To analyze the functional correlation between the key genes, we used the R package GOSemSim (G. Yu, 2020) to calculate the functional correlation of DEGs. The GO function annotation analysis is commonly used for large-scale gene enrichment studies and identified involved biological process (BP), molecular function (MF), and cellular component (CC) (Ashburner et al., 2000). KEGG is a widely used database that stores information about genomes, biological pathways, diseases, and drugs (Kanehisa et al., 2017). We used the clusterProfiler package (G. Yu et al., 2012) to perform the GO function analysis and KEGG pathway enrichment analysis on the DEGs related to BC.
Gene Set Enrichment Analysis
Gene set enrichment analysis (GSEA) was used to evaluate the distribution of the genes in a pre-defined gene set. The genes were ranked by phenotype correlation to determine their contribution to the phenotype (Subramanian et al., 2007). We obtained c2. cp.v7.0. symbols.gmt from the MSigDB database and performed GSEA using the R package ClusterProfiler between the high and low HSPB8 expression groups in the TCGA-BLCA data set.
Protein-Protein Interaction (PPI) Network Construction and Module Analysis
We constructed a molecular interaction network between high and low HSPB8 expression groups for DEGs. First, we performed protein-protein interaction (PPI) network analysis using the STRING database (Szklarczyk et al., 2019). Cytoscape is an open-source bioinformatics software program used to visualize molecular interaction networks. MCODE, a Cytoscape plug-in, was used to explore the PPI network hub genes. Then, hub genes with clear clustering were used as the target genes. MicroRNAs (miRNAs) that interact with the target genes were predicted using the TarBase (Karagkouni et al., 2018), miRecords (F. Xiao et al., 2009), and miRTarBase (H. Y. Huang et al., 2020) databases.
Immune Cell Composition Assessment Analysis
Cell-type identification by estimating relative subsets of RNA transcripts (CIBERSORT) is based on the principle of linear support vector regression to deconvolve transcriptome expression matrices and estimate the composition and abundance of immune cells in a mixed cell population (B. Chen et al., 2018). We uploaded the gene expression matrix data to CIBERSORT and filtered the output for samples with p < 0.05 to derive the immune cell composition matrix. Heatmaps were drawn using the pheatmap package to demonstrate the composition distribution of the 22 immune cell types between the high and low HSPB8 expression groups. The core plot package was used to draw correlation heat maps to visualize the correlation of the composition of 22 immune cell types. ggplot2 was used to draw violin maps to visualize the differences in the composition of 22 immune cell types.
Construction and Verification of Clinical Prediction Models
To assess whether HSPB8 expression and clinicopathological features can predict patient prognosis, we performed univariate and multivariate Cox regression analysis to understand whether the independent predictive power of risk scores and clinicopathological features are related to OS.
Construction and Verification of Immune-Related Risk Prediction Model
We obtained immune-related genes from the ImmPort database (https://www.immport.org/) (Bhattacharya et al., 2018). This database assembles raw data from clinical trials, mechanistic studies, and cellular and molecular measurements. Templates for data representation and standard operating procedures were created to facilitate data transfer. We intersected the expressed genes from the high and low HSPB8 expression groups with immune-related genes. The TCGA-BLCA clinical data were also combined to construct risk prediction models for the immune-related genes. The least absolute shrinkage and selection operator (LASSO) algorithm was used to analyze the prognosis-related hub genes for dimensionality reduction analysis and feature selection (Tibshirani, 1996). The coefficients obtained by LASSO regression were weighted to each normalized gene expression value, and the following risk scoring formula was established:
We first examined the correlation between the expression of immune-related gene hub genes in different tumors in the TCGA database and the ability of the risk score to predict the prognosis of patients with different tumors. Subsequently, whether the risk scores combined with patient clinicopathological characteristics can predict OS was analyzed using univariate and multivariate Cox analysis, and a clinical prediction line graph (Nomogram) was constructed. Kaplan-Meier survival curves were generated to show survival differences. A log-rank test was performed to assess the difference in survival duration between the two patient groups. The correlation between clinical subgroup variables was also explored based on the risk scores.
Statistical Analysis
All data were analyzed using R software (version 4.0.2). To compare continuous variables in two groups, normally distributed variables were analyzed using independent Student’s t-tests. Mann-Whitney U tests were used to analyze differences between non-normally distributed variables. The Chi-square test or Fisher’s exact test analyzed categorical data. The Wilcoxon test was used for two-group comparisons, and the Kruskal–Wallis test was used for multi-group comparisons. ROC curves and AUC values were obtained using the R package pROC. All statistical tests were two-tailed, and results with p < 0.05 were considered statistically significant.
RESULTS
Differential Expression of Target Genes and Validation of Diagnostic Performance
We performed background correction, and data normalization on the two data sets, and the gene expression before and after data normalization is shown in Figure 1 (A-B: GSE130598; C-D: TCGA-BLCA). We first compared the differences between high and low HSPB8 expression groups in the TCGA-BLCA and GSE130598 data sets (Figures 1E,F). A ROC curve was generated to verify the diagnostic efficiency of HSPB8 in the TCGA-BLCA dataset (AUC = 0.905). The results indicate that HSPB8 was a good predictive marker (Figure 1G). Next, the GEPIA platform was used to analyze the median expression distribution of HSPB8 in tumors and normal samples (Figure 1H). Additionally, patient base line data was shown (Table 1).
[image: Figure 1]FIGURE 1 | Differentially expressed target genes and diagnostic validation in bladder cancer. (A) mRNA expression profile from the GSE130598 dataset before normalization; (B) mRNA expression profile of the GSE130598 dataset after normalization; (C) mRNA expression profile from the TCGA-BLCA dataset before normalization; (D) mRNA expression profile of the TCGA-BLCA dataset after normalization; (E) Box plot of the differences in HSPB8 expression between the tumor and normal groups in theTCGA-BLCA dataset. Each point represents a sample. Blue represents normal tissue,and red represents tumor tissue; (F) Box plot of the differences in HSPB8 expression between the tumor and normal groups in the GSE130598 dataset. Each point represents a sample.Blue indicates normal tissue and red indicates tumor tissue. (G) Receiver operating characteristic(ROC) curve of HSPB8 in the TCGA-BLCA dataset; (H) HSPB8 distribution bodymap in tumor and normal samples, red represents tumor tissue (left), green represents normal tissue (right).
Differential Expression of Target Gene
We conducted differential expression analysis of the mRNA expression profile matrix derived from the TCGA-BLCA (Figures 2A,B) and GSE130598 datasets (Figures 2C,D). The differentially expressed genes between the high and low HSPB8 expression groups in the TCGA-BLCA and GSE130598 datasets are shown as heatmaps and volcano plots.
[image: Figure 2]FIGURE 2 | Differentially expressed gene distribution in the TCGA-BLCA dataset. (A) Heatmap of the HSPB8 expression between the high and low expression groups from the TCGA-BLCA dataset; (B) Volcano plot of gene expression in the high and low HSPB8 expression groups from the TCGA-BLCA dataset; (C) Heatmap of gene expression between the high and low HSPB8 expression groups in the GSE130598 dataset; (D) Volcano plot of gene expression between the high and low HSPB8 expression groups in the GSE130598 dataset.
Co-Expression Gene Friends Analysis and GO/KEGG Enrichment Analysis
We took the intersection of DEGs between the high and low HSPB8 expression groups in the TCGA-BLCA (training set) and GSE130598 datasets (validation set) and displayed them as Venn diagrams (Figure 3A). HSPB8 was differentially expressed in both the training and validation sets. We compared the DEGs between the high and low HSPB8 expression groups using genes co-expressed with HSPB8. We identified co-expressed genes that are functionally related to HSPB8 by analyzing the functional correlation between genes co-expressed with HSPB8. The horizontal axis of the gene co-expression analysis reflects the correlation size, and the vertical axis shows the names of the co-expressed genes associated with the HSPB8 function (Figure 3B). GO, and KEGG enrichment analysis was performed using the clusterProfiler package. The GO enrichment analysis entries are presented as a bar chart (Figure 3C) and a bubble chart (Figure 3D). The KEGG enrichment analysis entries are shown as a bar graph (Figure 3E) and an enrichment graph (Figure 3F). Table 2 and Table 3 show the GO and KEGG enrichment entries that met the screening threshold, respectively. GO enrichment analysis showed that the genes co-expressed with HSPB8 were mostly associated with humoral immune response, complement activation, positive regulation of leukocyte migration, growth factor binding, peptidase regulatory activity, cytokine binding, and proteoglycan. The KEGG enrichment analysis showed that co-expressed genes were mostly enriched in cytokine-cytokine receptor interaction, protein digestion and absorption, proteoglycans in cancer, complement and coagulation cascade, viral protein-cytokine and cytokine receptor interaction, and bladder cancer and other related pathways. These results indicate that HSPB8 and its co-expressed genes may be related to BLCA development.
[image: Figure 3]FIGURE 3 | Gene ontology and KEGG enrichment analysis. (A) Venn diagram showing the co-expressed DEGs in the TCGA-BLCA and GSE130598 datasets; (B) Summary of functional similarities of the co-expressed genes; (C) GO enrichment analysis bar graph. The length of the bar represents the number of enriched genes, and the color represents the significance level (increasing from blue to red); (D) GO enrichment analysis bubble chart. The bubble size represents the number of enriched genes, and the color represents the significance level (increasing from blue to red); (E) KEGG enrichment analysis bar graph. The length of the bar represents the number of enriched genes, and the color represents the significance level (p.adjust < 0.05, increasing from blue to red, p-value adjusted for multiple comparisons); (F) KEGG enrichment analysis network diagram. Each point represents an enrichment term, and the color represents the significance level (p < 0.05, increasing from green to blue, p-values adjusted for multiple comparisons).
TABLE 2 | The GO enrichment analysis of DEGs results between HSPB8 high expression group and low expression group. The pathways with p.adjust< 0.05 and qvalue< 0.05 are considered to be significantly enriched, showing the Top20 enrichment items of each category.
[image: Table 2]TABLE 3 | KEGG pathway enrichment analysis of DEGs between HSPB8 high expression and low expression groups.
[image: Table 3]KEGG Enrichment Analysis Pathway Diagram
The pathways with >10 genes enriched by KEGG enrichment analysis included cytokine-cytokine receptor interactions, vascular smooth muscle contraction, adhesion, protein digestion, absorption, and proteoglycan pathways in cancer (Figure 4). Genes labeled in green in the pathway map reflect DEGs.
[image: Figure 4]FIGURE 4 | KEGG enrichment analysis showing (A) cytokine-cytokine receptor interaction; (B) vascular smooth muscle contraction; (C) focal adhesion; (D) protein digestion and absorption; and (E) proteoglycans in cancer pathway diagram.
Protein-Protein Interaction Network Construction
We constructed molecular interaction networks between the DEGs’ high and low HSPB8 expression groups. PPI network analysis was performed using the STRING database and visualized using Cytoscape (Figure 5A). Hub genes were further analyzed using the MCODE plug-in (Figures 5B–E). We used the most closely linked set of hub genes obtained from the MCODE analysis as target genes and predicted the miRNAs that interact with the target genes using the TarBase, miRecords, and miRTarBase databases (Figure 5F).
[image: Figure 5]FIGURE 5 | Molecular interaction networks. (A) Protein-protein interaction network analysis was performed on DEGs between the high and low HSPB8 expression groups using the STRING database. Cytoscape was used for visualization. (B–E) The MCODE plug-in was used to analyze hub genes, which include the four groups with the largest number of clusters; (F) The most closely linked hub genes were used as target genes, and the miRNAs that interact with the target genes were predicted by the TarBase, miRecords, and miRTarBase databases to construct a molecular interaction network.
Gene Set Enrichment Analysis
We performed GSEA on the TCGA-BLCA dataset using the clusterProfiler package to analyze the gene expression matrix. The file, c2. all.v7.0. entrez.gmt, was used as the reference gene set. The enrichment analysis was performed using the gseGO and gseKEGG functions. The top 30 entries with p. adjust <0.05 were visualized (Figures 6A–F; Table 4). The results were mostly enriched in the response group signaling pathways in cancer, NF-kB pathway, lymphocyte pathway, CD40 pathway, IL17, IL3, IL5, P53, ERK5, NO2IL12, ALK2 pathway, and cytokine linkage pathway.
[image: Figure 6]FIGURE 6 | Gene set enrichment analysis (GSEA). (A) Bubble chart showing the GO terms enriched between the high and low HSPB8 expression groups in the TCGA-BLCA dataset; (B) Enrichment plots of the GO terms between the high and low HSPB8 expression groups in the TCGA-BLCA dataset; (C) Bubble chart of the enriched KEGG terms between the high and low HSPB8 expression groups in the TCGA-BLCA data set; (D) Enrichment plot of the KEGG terms between the high and low HSPB8 expression groups in the TCGA-BLCA dataset; (E) Bubble chart of the enriched GSEA entries between the high and low HSPB8 expression groups in the TCGA-BLCA dataset; (F) Chordogram of GSEA term enrichment between the high and low HSPB8 expression groups in the TCGA-BLCA dataset.
TABLE 4 | TCGA-BLCA data set HSPB8 high expression group and low expression group Top30 NES absolute value GSEA enrichment analysis results list.
[image: Table 4]Differential Analysis of Immune Cell Composition
We used the CIBERSORT algorithm to deconvolute the gene expression matrices and derive the immune cell composition matrix (Figure 7, TCGA-BLCA dataset; Figure 8, GSE130598 dataset). The par function calculated the immune cell percentage, and stacked histograms (Figure 7A, Figure 8A) and heatmaps (Figure 7B, Figure 8B) were plotted. A correlation heat map was plotted to visualize the correlation of composition by 22 immune cell types (Figure 7C, Figure 8C), with red representing positive correlations and blue representing negative correlations. The differences in the composition by the 22 immune cell types amounts were plotted in violin plots (Figure 7D, Figure 8D). The results showed significant differences between the groups in the composition of various immune cells, including B cells, CD4+ T cells, and CD8+ T cells.
[image: Figure 7]FIGURE 7 | The relationship between HSPB8 expression and immune cell composition in the TCGA-BLCA data set. (A) Immune cell composition in the high and low HSPB8 expression groups. The proportion of composition by 22 immune cell types in tumor samples is shown in the stacked histogram; (B) The relationship between immune cell composition and HSPB8 expression; (C) The correlation of immune cell composition in the 22 samples. Red represents positive correlations, and blue represents negative correlations; (D) Immune cell composition in the high and low HSPB8 expression groups, as analyzed using the CIBERSORT algorithm.
[image: Figure 8]FIGURE 8 | The relationship between HSPB8 expression and immune cell composition in the GSE130598 data set. (A) Immune cell composition in the high and low HSPB8 expression groups. The proportion of composition by 22 immune cell types in tumor samples is shown in the stacked histogram; (B) The relationship between immune cell composition and HSPB8 expression; (C) The correlation of immune cell composition in the 22 samples. Red represents positive correlations, and blue represents negative correlations; (D) Immune cell composition in the high and low HSPB8 expression groups, as analyzed using the CIBERSORT algorithm.
Construction of a Prognostic Risk Model of Immune-Related Co-expressed Genes of HSPB8
We examined whether HSPB8 expression affects the overall survival of BLCA patients (Figure 9A). We first intersected the genes co-expressed with HSPB8 and immune-related genes (Figure 9B). Next, we combined clinical data from the TCGA-BLCA dataset to construct a risk prediction model for this set of immune-related genes (Figure 9C) and plotted the risk curves (top), survival status (middle), and risk heat map (bottom) (Figure 9D). To demonstrate the personalized assessment of patient prognosis using risk scores combined with clinicopathological features, we tested the immune-related gene expression risk models in different tumors from the TCGA database and the predictive power of risk scores to determine patients’ prognosis with different patients tumors. Then, the predictive ability of risk scores combined with clinicopathological features to project BLCA patient prognosis was analyzed using univariate and multifactorial Cox analysis (Figures 9E,F; Table 5).
[image: Figure 9]FIGURE 9 | Construction of a prognostic risk model of immune-related genes co-expressed with HSPB8. (A) HSPB8 expression affects the overall survival of BC patients; (B) The intersection of HSPB8 co-expressed genes with immune-related genes; (C) Combination of TCGA-BLCA clinical data, HSPB8 expression, and co-expressed immune-related genes were used to construct the risk prediction model; (D) The risk curve of HSPB8 co-expressed, immune-related gene risk model (top), survival status (middle), and risk heatmap (bottom); (E) Forest plot showing univariate Cox regression analysis of the predictive power of risk scores combined with clinicopathological characteristics of patients for BC prognosis; (F) Forest diagram showing multivariate Cox analysis of the predictive ability of risk scores combined with clinicopathological characteristics of patients for BC prognosis.
TABLE 5 | Univariate and multifactorial Cox regression analysis.
[image: Table 5]Decreased Expression of HSPB8 Predicts a Poor Prognosis in Patients With BLCA
To further explore the impact of the risk model gene set on the BLCA patient survival and prognosis, we analyzed the OS between high and low-risk groups using it as a risk factor in the clinical survival data from the TCGA database (Figure 10A). The survROC package was used to predict whether the clinical variables included in the analysis accurately predicted BLCA patient survival and prognosis based on the AUC value of the prognostic risk score (AUC = 0.659). The results indicated that the gene set had some accuracy for the OS prognosis of BLCA. A nomogram for clinical prediction was also constructed (Figure 10C). Correlation analysis of the clinical subgroup variables was explored based on risk scores to demonstrate differences between clinical subgroups (Figure 10D).
[image: Figure 10]FIGURE 10 | Decreased expression of HSPB8 predicts a poor prognosis in patients with BLCA. (A) Overall survival between the high and low-risk groups from the TCGA-BLCA database; (B) The BLCA prognostic value of each clinical variable and its accuracy ROC curve; (C) Construction of a clinical prediction nomogram; (D) Correlation analysis of clinical subgroup variables based on the risk score and the differences between the clinical subgroups shown as a heatmap.
DISCUSSION
BC is among the most prevalent malignancies of the genitourinary system and has been identified as the fourth and 10th leading cause of cancer-related deaths in males and females, respectively (Ma et al., 2018). The pathogenesis of BC is complex and involves several factors, including intrinsic genetic factors and extrinsic environmental factors, such as smoking, chemical pollution, genetic mutation, and single nucleotide polymorphisms (Cai et al., 2019; Turner et al., 2019; Xu Chenyang et al., 2020). With the rapid advancements in molecular biology techniques, BC research and treatment have been greatly improved. However, the long-term prognosis of BC remains unsatisfactory, and the pathogenesis associated with BC progression remains elusive. Microarray and bioinformatics analyses have significantly enhanced our understanding of disease occurrence and the development of molecular mechanisms. These analyses are necessary to explore genetic alternations and identify potential diagnostic biomarkers. However, when using single microarray datasets, high false-positive rates and biased results have been observed. Therefore, novel, highly specific, sensitive, and effective biomarkers are urgently required for BC diagnosis and treatment. This study explored the gene expression profile and BC pathogenesis using high-throughput transcriptome data obtained from TCGA and GEO datasets. We show that the expression of HSPB8, which is involved in the regulation of cell proliferation, apoptosis, and carcinogenesis, is related to BC progression and prognosis. We comprehensively analyzed HSPB8 expression its clinical relevance and explored its potential diagnostic and prognostic value in BC.
Analysis of hub genes using the MCODE plug-in identified CCL21 as a gene related to HSPB8 expression in BC. Recent studies have shown that chemokines such as IL-8 can enhance chemoresistance and cancer stem cell-like properties (Lu et al., 2016). The atypical ACKR4, which is expressed in epithelial cells of the bladder, is a high-affinity receptor for CCL21. Further, CCL21 perfusion in the rat bladder increases bladder excitability and increases c-fos activity in spinal cord neurons (Offiah et al., 2016). CXCL14 (also known as BRAK) is involved in tumorigenesis. Pancreatic and prostate cancers show increased CXCL14 expression, while other cancer types, including cancers of breast, kidneys, and cervix, show downregulated CXCL14 expression (Nagarsheth et al., 2017). Furthermore, CXCL14 expression is inhibited by DNA methylation in lung cancer cells, resulting in reduced tumor growth.
GO enrichment analysis of genes co-expressed with HSPB8 were enriched in humoral immune response, complement activation, positive regulation of leukocyte migration, growth factor binding, peptidase regulatory activity, cytokine binding, proteoglycan binding, and peptidase inhibitor activity pathways. Complement system activation is tightly regulated by a network of proteins known as the complement activation regulator, limiting host complement activation and thus preventing self-injury (Amet et al., 2012). Excessive complement activation in the tumor microenvironment is associated with inflammation and tumor growth (Reis et al., 2019). Non-covalent interaction of proteoglycans with HyA (an important non-proteoglycan) occurs via hyaluronan binding motifs (Shih and Varghese, 2019). Tumor cells express different membrane proteins such as endothelial growth factor receptor (EGFR) and cell surface proteoglycans, making it possible for molecules to bind specifically to these proteins (Y. F. Xiao et al., 2015). KEGG enrichment analysis showed gene enrichment in cytokine-cytokine receptor interactions, vascular smooth muscle contraction, adhesion, protein digestion and absorption, cancer smooth muscle contraction, and proteoglycan pathway in cancer. Cytokine-cytokine receptor activation leads to key immune signaling pathways that regulate cancer development and progression (X. Chen et al., 2020). Furthermore, apart from differentially expressed genes in BC, miRNA expression affects cell cycle progression, epithelial-mesenchymal transition, cytokine-cytokine receptor interactions, and downstream cancer pathways, including phosphatidylinositol 3-kinase (PI3K)-Akt signaling and mitogen-activated protein kinase signaling pathways (Lee et al., 2018).
In the present study, GSEA was performed to investigate the potential signaling pathways in BC with high HSPB8 expression. Our results suggested that BC patients with high HSPB8 expression have increased gene expression related to the response group signaling pathway, NF-κB pathway, lymphocyte pathway, CD40 pathway, IL17, IL3, IL5, P53, ERK5, NO2IL12, ALK2 pathway, and cytokine linkage pathway in cancer. Recent studies have shown that inflammatory signaling pathways are involved in carcinogenesis via activation of NF-κB signaling (Sun et al., 2019), which may act as a downstream pathway regulating BC proliferation and progression (Xu Jing et al., 2020). Immune response pathways are involved in inflammatory bowel disease, leukocyte transendothelial migration, complement system, coagulation cascade, chemokine signaling pathways, toll-like receptor signaling pathways, B-cell receptor signaling pathway, systemic lupus erythematosus, platelet activation, and IL-17 signaling pathway (Du et al., 2019).
The tumor microenvironment affects the occurrence and recurrence of tumors and plays an important role in tumor immunotherapy outcomes. Tumor-infiltrating immune cells are an indispensable component of the tumor microenvironment, and their composition and distribution are related to cancer prognosis (B. Li et al., 2016). Previous studies have reported that the location, type, and density of inflammatory infiltrating cells in colorectal cancer are better predictors of survival than clinical and histopathological factors (Galon et al., 2006). Given the critical role of the tumor microenvironment in cancer progression, and because tumor-infiltrating immune cells are an integral part of the tumor microenvironment, we investigated the relationship between HSPB8 expression status and immune infiltration in BC. Our results showed significant differences between groups for various immune cells such as B cells, CD4+ T cells, and CD8+ T cells. Huang et al. (Y. Huang et al., 2015)observed that CD8+ T cells are key factors influencing tumor immunotherapy. Their role depends on the composition of the accompanying inflammatory cells, including macrophages, B cells, and CD4 TILs.
Similarly, Matsumoto et al. (Matsumoto et al., 2016) found that increased CD4+ and CD8+ T cell infiltration is associated with better clinical outcomes in triple-negative breast cancer. In BC, CD8+ T cells and memory-activated CD4+ T cells showed increased infiltration and abundance in a high-TMB group that correlated with prolonged OS and a lower risk of recurrence (Zhang et al., 2020). Therefore, we inferred that HSPB8 impacts the immune microenvironment of BC participates in the regulation of BC tumor immunity can be used as a prognostic indicator for BC and can reflect the immune status of patients.
Despite performing a thorough computational analysis, the present study has several limitations. First, the data were obtained from public databases, so the quality of the raw data cannot be appraised. Second, the sample size was relatively small, and the study failed to cover patients from different ethnicities and regions. In addition, the retrospective design may have caused inevitable inherent bias. Therefore, further studies with larger sample size and a prospective design are warranted to increase the statistical power and achieve more meaningful outcomes applicable to wider populations. Finally, although microarray-based bioinformatic analysis is a powerful tool to understand the molecular mechanisms and identify potential biomarkers, further experimental evidence is required to fully elucidate the underlying mechanisms related to HSPB8 expression in BC.
CONCLUSION
In summary, the current study suggests that HSPB8 may be a promising diagnostic and prognostic molecular marker for BC. However, extensive prospective studies are required to verify the clinical application of HSPB8 in the personalized management of BC. Thus, further experimental validation should be performed to validate the biological role of HSPB8 in BC.
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