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Background: Calcium signaling is implicated in multiple processes including immune response that important in tumor progression. Kidney renal clear cell carcinoma (KIRC) is the most frequent histological type of renal cell carcinoma with up to a third of cases develop metastases. As a result of a lack of in-depth understanding of the mechanisms underlying KIRC, treatment options have been limited. Here, we aim to comprehensively investigate the landscape of Ca2+ channels, pumps and exchangers in KIRC patients.
Methods: The mRNA expression profiles and gene variations of 58 calcium-related genes (CRGs) in KIRC patients and normal control cases were downloaded from TCGA database. CRGs-related risk score was constructed to quantify calcium patterns by using least absolute shrinkage and selection operator (LASSO) regression. The prognostic value, biological functions, immune landscape and therapeutic sensitivities based on CRGs-related risk score were then evaluated using multiple methods. Finally, key gene of CRGs was identified by weighted gene co-expression network analysis (WGCNA). TCGA-CPTAC, GSE53757 datasets, as well as human tissues were used for validation.
Results: KIRC patients had significant differences in CRG expression, prognosis, and biological functions between two CRG clusters. CRGs-related risk score was then determined. The prognosis, tumor mutation burden, immune cell infiltration, immune checkpoints, and the response of targeted inhibitors were remarkably different between high and low CRGs-related risk subtypes. CRGs-related high-risk subtype was characterized by immunosuppressive microenvironment with poor prognosis. Meanwhile, several targeted drugs showed distinct sensitivity between CRGs-related risk subtypes. Finally, TRPM3 was identified as a key CRG based on risk score in KIRC patients. TRPM3 mRNA and protein expression were significantly lower in KIRC tumors than in normal controls. Low TRPM3 expression was associated with poor prognosis in KIRC patients.
Conclusion: Our study highlighted the promising prognostic value of CRGs in KIRC tumors. The evaluation of CRGs-related risk score will contribute to predicting prognosis and clinical therapy in KIRC patients.
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1 INTRODUCTION
Renal cell carcinoma represents a group of histologically and molecularly heterogeneous tumors that consists of three major subtypes, including kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP) and kidney chromophobe (KICH) (Inamura, 2017; Wm and Cj, 2019). The incidence of renal cell carcinoma is increasing annually with approximately 400,000 new cases diagnosed worldwide per year (Petejova and Martinek, 2016; Bray et al., 2018; Klatte et al., 2018). In the year of 2018, 403,262 new cancer cases (9.1% of the total cases) and 175,098 cancer deaths (3.7% of the total cancer deaths) occurred globally (Chen et al., 2020). Among renal cell carcinoma subtypes, KIRC is the most frequent histological type with a prevalence of 70% individuals diagnosed (Bray et al., 2018). The disease can be caught early and effectively treated with surgery, but it is almost always fatal if metastases develop (Jonasch et al., 2014; Bray et al., 2018). It is estimated that patients with metastatic KIRC will survive on average 13 months and that the 5-year survival rate will not exceed 10% (Petejova and Martinek, 2016). Treatments for KIRC are limited owing to the resistance to chemo-/radio-therapies and a lack of in-depth understanding of the underlying mechanisms (Petejova and Martinek, 2016; Ren et al., 2022). As a result, it is an urgent need to explore novel biomarkers that can help improve precision treatments of KIRC patients.
Intracellular calcium ion (Ca2+), as a second messenger, plays direct and robust roles in many biological processes (Prakriya and Lewis, 2015). Nowadays, increasing evidence show calcium signaling is also responsible for tumorigenesis and progression (Zhong et al., 2019; Wu et al., 2021). It is clearly that Ca2+ act as novel and important regulator in specific processes of tumor development, covering all major hallmarks of cancer progression (Ibrahim et al., 2019). These processes are mediated by calcium channels, pumps, and exchangers. The associations between calcium signaling and renal cell carcinoma have been little recognized. Earlier studies found decreased expression of TRPV5 and TRPV6 in human renal cell carcinoma (Wu et al., 2011). The absence of TRPC4 in renal cell carcinoma results in impaired Ca2+ intake, misfolding, retrograde transport, and diminished antiangiogenic thrombopsonin-1 production, thus enabling angiogenic switch during tumor progression (Veliceasa et al., 2007). Orai1 and STIM1 are essential for tumor cell migration and proliferation of KIRC (Kim et al., 2014). Recent study also revealed an increased risk of renal cell carcinoma in users of dihydropyridine calcium channel blockers (Kristensen et al., 2020). TRPM7 has been reported to regulate migration and invasion of KIRC tumor cells via phosphorylating Akt signaling pathways (Ha et al., 2018; Zhao et al., 2018). However, little is known about the gene signatures of calcium channels, pumps, and exchangers, in KICH prognosis and biological functions, which needs further and comprehensive investigation.
In this study, we integrated calcium-related genes (CRGs) and identified them in prognosis, biological functions, immune landscape, and the response of clinical therapeutics in KIRC patients in the public databases. As a surprise, we found that different risk subtypes associated with CRGs had different prognoses and unique immunological characteristics. The data highlighted the promising prognostic role of CRGs in KIRC tumors.
2 MATERIALS AND METHODS
2.1 Data collecting
A comprehensive set of clinical datasets with detailed clinical annotations was gathered from the Cancer Genome Atlas (TCGA) and GEO database (GSE53757) which were further processed via TCGAbiolinks and manually. A total of 541 KIRC patients with 72 normal cases from TCGA-KIRC, 220 KIRC patients with 149 normal cases from TCGA-CPTAC datasets, and 72 KIRC patients with paired normal tissues from GSE53757 were included in the study. Data were displayed as transcripts per kilobase million (TPM). The sample information from these three datasets has been included in Supplementary Tables S1–S3.
2.2 Patient tissue collecting
KIRC tissue microarray, including 70 tumor specimens and their matched adjacent normal tissues from stage I to stage III, was obtained from Shanghai Zhuoli biotechnology Co., Ltd. (Shanghai, China). In addition, six paired tumor-normal tissues were collected at Eastern Hepatobiliary Surgery Hospital, Second Military Medical University following approval by the institutional review boards. The sample information has been included in Supplementary Tables S4, S5.
2.3 Somatic mutations and copy number variations of 58 calcium-related genes (CRGs)
To determine the mutational burden of 58 CRGs, we counted the total number of non-synonymous mutations from TCGA cohort. The somatic mutations driver genes were evaluated using “maftool” R package. Further investigation of the top driver genes was conducted using UCSC Xena datasets, which contained information on copy number variations (CNVs) (https://xenabrowser.net/datapages/) (Goldman et al., 2020).
2.4 Unsupervised clustering based on 58 CRGs
The intracellular Ca2+ concentration is regulated by calcium channels, pumps, and exchangers. Regarding the channels, there are three main types, including voltage-gated calcium channels (VGCCs), transient receptor potential (TRP) channels, and calcium release-activated Ca2+ (CRAC) channels (Wu et al., 2021). Ca2+-ATPase pumps and Na+/Ca2+ exchangers (NCX) also play important roles in calcium signaling. In this study, we selected and summarized 58 CRGs that belong to the above categories (Supplementary Table S6). Unsupervised clustering of CRG expression from these datasets was carried out using the R package “ConsensusClusterPlus” via k-means clustering algorithm with Euclidean distance (Wan et al., 2021; Zhang et al., 2022).
2.5 Biological functions based on CRG clusters
Based on expression profiling, gene set variation analysis (GSVA) estimates the variation of gene set enrichment in a non-parametric, unsupervised manner. By calculating each sample’s GSVA score, the R package “GSVA” was used to quantify HALLMARK, KEGG, and GO-related pathway activity (Hänzelmann et al., 2013; Li et al., 2022).
2.6 CRGs-related risk score construction
A Cox proportional hazards regression analysis was performed on each CRG in TCGA cohort to screen significant genes that associated with survival (Nagashima and Sato, 2017). Those genes were then regressed using LASSO Cox (Tibshirani, 1997). The detailed information has been described previously (Yin et al., 2021). CRGs were modeled with a multivariate model. The risk score was calculated based on genes with non-zero coefficients.
2.7 Immune landscape depiction between CRGs-related risk subtypes
As a method of assessing and quantifying immune cell infiltration in each sample, single-sample gene-set enrichment analysis (ssGSEA) by R packages “GSVA” and “GSEABase” was employed (Yin et al., 2021). Based on ssGSEA enrichment score, immune cell infiltration abundance was calculated for each cell type. As a final analysis, immune cell infiltration differences between CRG-related risk subtypes were examined.
An immune checkpoint assay was performed on a single sample, which contained 27 molecules from the B7-CD28 superfamily, the TNF superfamily and other molecules. The co-stimulatory and co-inhibitory checkpoints were also applied to explore the differences in CRGs-related risk subtypes.
2.8 Therapeutic sensitivity prediction between CRGs-related risk subtypes
The difference in therapeutic responses between CRGs-related risk subtypes from targeted therapies was analyzed. With the help of the R package “oncoPredict,” we calculated the concentration that causes 50% growth reduction (IC50) (Maeser et al., 2021). A Wilcoxon rank-sum test was used to compare differences in IC50 for CRGs related risk subtypes.
2.9 Key gene selection
WGCNA was applied to identify key prognostic CRG based on the intersection of prognostic genes and risk scores as described previously (Zhang et al., 2022). Briefly, a suitable power exponent was selected to convert the adjacency matrix to the topological overlap matrix. Following that, a correlation analysis was conducted between the gene consensus modules and the risk score. The modules negatively and positively correlated with risk score were selected for subsequent analyses. Genes identified by the intersection of the module genes and the CRGs were identified as key gene.
2.10 Immunohistochemistry (IHC)
The protein level of TRPM3 was detected by IHC. In brief, after routine deparaffinization, rehydration, blocking and antigen retrieval, the slides were incubated overnight at 4°C with primary TRPM3 antibody (#DF14592, Affinity Biosciences, Suzhou, China) followed by incubation with HRP-conjugated secondary antibody and visualized with the EnVision Detection Kit (DAKO). The nucleus was stained with hematoxylin. The immunostaining score was calculated by the Visiopharm software.
2.11 RNA extraction and RT-PCR
An extraction of total RNA was performed with Trizol (Sangon Biotech, Shanghai, China). As part of the synthesis process, the cDNA was synthesized using the Transcriptor First Strand cDNA Synthesis Kit (Roche, Mannheim, Germany). The primer sequence of TRPM3 and β-actin were as follows: TRPM3, 5′-CTC​CAG​TTT​TTC​CCC​TTT​CC-3′ (forward), and 5′-CCC​TTC​CTT​CTC​CCT​CTC​TT-3′ (reverse); β-actin, 5′-GAA​GAG​CTA​CGA​GCT​GCC​TGA-3′ (forward), and 5′- CAG​ACA​GCA​CTG​TGT​TGG​CG-3′ (reverse).
2.11 Statistical analysis
R project (version 4.1.2, http://www.r-project.org/) was used for all statistical analyses. Based on CRG clusters or CRG-related risk subtypes, Kaplan-Meier analysis was used to evaluate the survival time of KIRC patients. In the study, Spearman correlation was used to assess correlations. Student’s t-test and one-way ANOVA were used to evaluate differences between groups for variables.
3 RESULTS
The flowchart of the entire study is summarized in Figure 1.
[image: Figure 1]FIGURE 1 | Workflow of data analysis in the study. Data of 541 samples from TCGA-KIRC cohort have been organized and the variations of calcium-related genes (CRGs) have been explored. Then, KIRC patients have been divided into two clusters according to CRGs expression profile. The differences of prognosis and biological functions have been investigated based on CRG clusters. In order to screen the most prognostic-related genes, univariate Cox regression and LASSO analysis were performed and the KIRC patients have been divided into CRGs-related high-risk and low-risk subtypes. These results have been validated in another mRNA cohort, TCGA-CPTAC. Immune landscapes, including tumor mutation burden, immune cell infiltration, immune checkpoint expression as well as the sensitivity of immunotherapies, have been tested in distinct risk subtypes. Finally, key CRG that most associated with prognosis in KIRC tumors has been identified and validated.
3.1 Genetic landscape of the CRGs in kidney renal clear cell carcinoma tumors
A total of six subtypes of calcium channels, pumps, exchangers were summarized and 58 CRGs were selected to identify the expression in 541 KIRC cases compared to 72 normal cases in TCGA cohorts. It was obvious that the majority of selected CRGs were differentially expressed between normal and tumor cases (Figures 2A, B). VCGG channels, including CACNA1C, CACNA1D, CACNA1F, CACNA1E, CACNA1A, CACNA1G, CACNA1I, showed significantly higher expression in KIRC than normal cases, whereas CACNA1S and CACNA1H showed higher expression in normal than tumor cases (Figure 2B). Most of the CRAC channels had remarkably increased expression levels in KIRC (Figure 2B). TRP channels, including TRPA1, TRPC1, TRPC3, TRPC4, TRPC6, TRPV1-4, TRPM2, TRPM8, PKD2L1, MCOLN1, MCOLN2 had simultaneous high expression levels in tumor cases, while TRPC5, TRPC7, TRPV5, TRPV6, TRPM1, TRPM3, TRPM6, TRPM7, PKD2L2, MCOLN3 had high expression levels in normal cases (Figure 2B). Ca2+-ATPase pumps also showed different expression patterns (Figure 2B). Na+/Ca2+ exchangers 1 (SLC8A1) had significantly low expression in tumors, while Na+/Ca2+ exchangers 2 (SLC8A2) had the reverse result (Figure 2B). As a result, CRG expression could clearly distinguish KIRC patients from normal and tumor.
[image: Figure 2]FIGURE 2 | Landscape of calcium-related genes (CRGs) in TCGA cohort. (A,B) The differential expression of 58 CRGs in KIRC and normal tissue samples. (C) Copy number variation (CNV) status of 58 CRGs. (D) The location of CNV in chromosome. (E) Differential somatic mutations of CRGs. (F) Co-occurrence of mutations of CRGs.
A copy number variation (CNV) is a loss or gain of a large region of tumor DNA which may activate oncogenes or deactivate tumor suppressors (Beroukhim et al., 2010). We therefore calculated and demonstrated a frequent alteration in 58 CRGs, with the most significant CNV depletion in TRPM8, ITPR1, ATP2B2, CACNA1D genes and the most significant CNV amplification in TRPC7 and PKD2L2 genes in KIRC tumors (Figure 2C). The location and mutation frequency of CNV of 58 CRGs on the chromosome were indicated in Figure 2D. In addition, somatic mutation analysis found that 99 out of 357 samples carried CRG mutations, representing a 27.73% mutation frequency (Figure 2E). KIRC stage IV showed the highest mutation frequency of 42.9%, while mutation frequency in stages I, II, III were 25.7%, 26.3%, 26.9%, respectively. Among these, RYR1-3 genes had the highest mutation frequency (Figure 2E). There is a high frequency of RYR2 mutations in various types of cancer in humans (Xu et al., 2021a). Mutations in RYR2 are associated with a number of immune-related pathways and are associated with a greater abundance of immune cell infiltration (Liu et al., 2021). Additionally, the frequencies of CRGs mutation co-occurrences were observed in KIRC (Figure 2F). Collectively, these results suggest distinct mRNA expression and variation of CRGs occurred in KIRC tumors.
3.2 Evaluation of prognosis, biological function, and immune infiltration of CRG clusters
Next, we explored the interactions, prognostic impact, and biological functions of the CRGs. As shown in Figure 3A, the 58 CRGs, divided into six groups (VGCC channels, CRAC channels, TRP channels, other channels, pumps, and exchangers), were interacted with each other. CRGs with favorable and unfavorable prognoses were negatively correlated (green and purple, respectively), such as the unfavorable factor ORAI3 has a negative correlation with favorable prognostic factors MCOLN3, TRPM8, and TRPC3 (Figure 3A). Based on the different CRG expression patterns, a cluster analysis was performed using the R package “ConsensusClusterPlus” (Wilkerson and Hayes, 2010). Two calcium-related clusters were identified and defined as CRG clusters A and B (Figure 3B). The prognostic analysis of these two clusters showed that cluster A yielded a better prognosis as compared to cluster B both in whole KIRC tumors (p = 0.002) or individual stage I, II, III, and IV tumors (p < 0.001, Figure 3C). We also used a heatmap to illustrate the expression pattern of the CRGs which showed a distinct expression pattern in these two clusters (Figure 3D).
[image: Figure 3]FIGURE 3 | Evaluation of biological functions of CRGs. (A) The interactions between CRGs. The circle size represents the p-values of CRGs on the prognosis. Gene names with green color represent favorable factors for prognosis, and purple color represent risk factors for prognosis. The thickness of the lines represents the strength of correlation between CRGs. Negative and positive correlations were marked with blue and red, respectively. (B) The consensus matrixes of KIRC samples (k = 2). (C) Kaplan–Meier curves showed the overall survival between calcium clusters. (D) CRGs expression between calcium clusters. (E,F) HALLMARK and GO signature enrichment between calcium clusters. (G) Immune cell infiltration between calcium clusters.
In order to explore the differences in biological behaviors between the two clusters of CRGs, we conducted HALLMARK, KEGG, and GO-related GSVAs (Figures 3E, F; Supplementary Figure S1A). HALLMARK analysis revealed that KIRC patients in cluster B exhibited the enrichment of a wide range of processes including apoptosis, inflammatory response, hypoxia, glycolysis, fatty acid metabolism, etc. Cellular signaling such as TGF-beta signaling, hedgehog signaling, notch signaling, PI3K-AKT-mTOR signaling were also enriched in calcium cluster B (Figure 3E). GO analysis also showed a wide range of multiple biological process, molecular function, and cellular component in cluster B (Figure 3F). Then, we analyzed the immune cell infiltration characteristics between CRG cluster A and B, most of the immune cells, such as immature B cells, immature dendritic cells, macrophage, mast cells, nature killer (NK) cells, neutrophils, regulatory T cells (Tregs), and T helper cells, infiltrated more in calcium cluster B tumors, while CD8 positive cells and CD56dim NK cells infiltrated more in cluster A cells (Figure 3G). Taken together, these results indicated that CRGs are involved in various cellular functions including immune and inflammatory responses.
3.3 Development of the CRGs-related prognostic risk score
Univariate Cox regression and LASSO analysis were performed and 5 of the 58 CRGs were identified (Supplementary Figure S1B). The calcium-related prognostic signature was developed to assess the prognostic performance of these five genes (ORAI3, TRPV4, TRPM3, ATPRA1, and ITPR1). Predictive models were developed by combining the expression levels of five genes and categorizing patients in the TCGA cohort as high- or low-risk. Risk score = (0.31411 * ORAI3) + (−0.19961 * TRPV4) + (−0.25600 * TRPM3) + (0.39770 * ATPRA1) + (−0.28296 * ITPR1).
In order to assess the importance of CRGs in patients with KIRC, we performed a personalized assessment. Sankey plot was used to visualize the distribution of CRG clusters, CRGs-related risk score, and patient status. Figure 4A shows that the majority of patients in cluster A had a lower risk score and better prognosis than those in cluster B. ROC curve in Figure 4B showed that the development of CRGs-related risk score exhibited a good predictive value. We also analyzed the role of risk score in the aspect of CRG clusters and disease stages in TCGA cohorts. KIRC patients in cluster B showed significantly high-risk score than that in cluster A (Figure 4C). Patients with stage III and IV had remarkably higher risk score than stage I and II (Figure 4C). Prognostic value showed that KIRC patients with high-risk score displayed poor prognosis (Figure 4D) which was also validated in TCGA-CPTAC database (Supplementary Figure S1C). The expression of 58 CRGs in distinct risk score groups can be visualized in Figure 4E. In addition, a nomogram was created to calculate the total score based on the values of each variable, including gender, age, risk score, and disease stage, for the overall survival prediction of KIRC patients (Figure 4F). The expression of these five gene based on risk core was shown in Figure 4G. Altogether, KIRC patients could be divided into distinct risk subtypes based on CRGs expression.
[image: Figure 4]FIGURE 4 | Development of the CRGs-related risk score in TCGA cohort. (A) The Sankey diagram demonstrates the distribution of patients with calcium clusters, CRGs-related risk score, and patient status. (B) ROC curve shows the good predictive value for development of CRGs-related risk score. (C) Risk score of KIRC patients in different calcium clusters and different disease stages. (D) Kaplan–Meier curves showed the overall survival between CRGs-related risk subtypes in TCGA cohort. (E) CRGs expression between CRGs-related risk subtypes. (F) The nomogram is created for calculating the total score of KIRC patients based on the values of each variable. (G) Five prognostic-related genes expression in order of increasing risk score.
3.4 Evaluation of immune landscape of CRGs-related risk subtypes
In order to evaluate the immune landscape of CRGs-related risk subtypes, we first calculated the correlation between CRGs-related risk score and immune-related pathways. As shown in Figures 5A, B, CRGs-related risk score showed a significant negative correlation with T cell-related immune pathways such as T cell differentiation, T cell mediated immunity, T cell cytokine production, T cell proliferation and migration, and T cell receptor signaling pathway (correlation > 0.3, p < 0.05).
[image: Figure 5]FIGURE 5 | Evaluation of tumor mutation burden (TMB) and immune cell infiltration between CRGs-related risk subtypes. (A,B) The correlation between T cell-related immune pathways and CRGs-related risk score. (C) Differences in TMB between CRGs-related risk subtypes. (D) Genes with the highest mutation frequency in CRGs-related risk subtypes. (E) Differences in immune score between CRGs-related risk subtypes. (F,G) The correlation between 22 immune cell infiltration and CRGs-related risk score. (H) The correlation of five prognostic-related CRGs with immune cell infiltration.
The tumor mutation burden (TMB) indicates how many changes a cancer cell has undergone genetically. Cancers with low tumor mutation burden decrease the chance to activate immune system, whereas cancers with high tumor mutation burden increase the chance to activate immune response (Fusco et al., 2021). In this study, we then tested the TMB in distinct risk score groups in TCGA cohort. Figure 5C showed that patients in high-risk score groups revealed relatively higher TMB than that in low-risk score groups, but the correlation is weak (R = 0.15). Different somatic mutations of the top 20 driver genes with the highest mutation frequency were also analyzed. Figure 5D showed that the mutations were frequently observed both in low- and high-risk score groups, which means immune cells in distinct risk groups have the similar chance to identify cancer cells.
Furthermore, immune characterization was also investigated in CRGs-related risk groups. CRGs-related risk score was positively correlated with immune score (Figure 5E), and strongly associated with regulatory T cells (R = 0.52), follicular T helper cells (R = 0.34), CD8 positive T cells (R = 0.23), and CD4 resting memory T cells (R = −0.35) (Figures 5F, G). The relationship of immune cell infiltration with each risk genes was additionally shown in Figure 5H. High risk groups showed high expression of ORAI3 and ATP2A1, which positively related to regulatory T cells and follicular T cells, and negatively correlated to M2 and M0 macrophages (Figure 5H). Moreover, low expression of TRPV4, TRPM3, and ITPR1 were found in high-risk groups with a negative association with regulatory T cells, follicular T cells, and a positive association with monocytes and M1 macrophages (Figure 5H). In addition, the expression of 27 immune checkpoint molecules, including the B7-CD28 superfamily, TNF superfamily, and other molecules was tested in CRGs-related risk groups (Figure 6A). It is interesting that CD274 (PD-L1) had a low expression level in high-risk group, whereas PDCD1 (PD-1) and CTLA-4 appeared high level of expression in high-risk group (Figure 6A). The correlation between each superfamily was shown in Figures 6B–D. Collectively, high-risk CRG subtype showed relatively immunosuppression in KIRC tumors due to high infiltration of Tregs and high expression of PD-1 and CTLA-4. In the TNF superfamily, CRGs-related risk score positively correlated with TNFRSF18, TNFSF14, and CD70 expression, while negatively correlated with CD40 expression (Figure 6E). Inhibiting or stimulating TNF superfamily signaling pathways may have therapeutic benefits for cancer patients (Vanamee and Faustman, 2018).
[image: Figure 6]FIGURE 6 | Evaluation of immune checkpoints between CRGs-related risk subtypes. (A) Gene expression of immune checkpoints between CRGs-related risk subtypes. (B–D) Correlation of immune checkpoint members of TNF superfamily (B), B7-CD28 superfamily (C), and others (D).(E) The correlation of specific immune checkpoint members with risk score.
3.5 Evaluation of chemotherapy efficacy based on CRGs-related risk score
In order to determine the value of risk score in predicting the clinical therapeutic efficacy of KIRC, we examined the sensitivity of several agents between the CRGs-related subtypes. The criteria for screening chemotherapies were as follows: 1) p-value is less than 0.001; 2) the correlation is greater than or less than 0.5; 3) the value of log2FC is from high to low. As a result, five drugs that were more sensitive to high-risk subtypes and five drugs that were more sensitive to low-risk subtypes were selected (Figures 7A, B). These results indicate that the immune checkpoints inhibition combined with these chemo-drugs would be a promising strategy for treating KIRC patients in distinct CRGs-related risk subtypes.
[image: Figure 7]FIGURE 7 | Evaluation of chemo-/immuno-therapy efficacy between CRGs-related risk subtypes. (A) The difference of multiple agent sensitivity between CRGs-related risk subtypes. (B) The correlation of these agent with risk score.
3.6 TRPM3 was identified as the prognostic key gene
An analysis of the key genes was further enhanced by building a gene co-expression network based on WGCNA to identify modules that have the strongest correlation with risk scores. In Figure 8A, we constructed a scale-free co-expression network based on the number of 15 as the appropriate soft threshold. The final result was 25 modules (Figure 8B). Figures 8C, D show that magenta module was most negatively correlated with risk score. To identify the key CRGs that associated with prognosis, we crossed the five genes with genes of the magenta module, and TRPM3 were obtained. To validate the importance of TRPM3 in KIRC tumors, mRNA expression and prognostic analysis were applied. There were significant differences between KIRC and normal cases in the expression of TRPM3 (Figure 8E, Supplementary Figure S1D). The same result was also found in KIRC-normal paired patients (Figure 8E). Meanwhile, patients with lower expression of TRPM3 were related to poor prognosis (Figure 8F, Supplementary Figure S1E).
[image: Figure 8]FIGURE 8 | Identify key CRG in KIRC. (A) scale-free co-expression network. (B) 25 gene modules were obtained in a dendrogram. (C) The correlation coefficient and corresponding p-value between each gene module and risk score. (D) Scatter plot of module eigengenes in the magenta module. (E) TRPM3 mRNA expression between tumor and normal tissues as well as paired tumor-normal tissues in TCGA cohort (n = 72). (F) Kaplan–Meier curves showed overall survival difference between high and low TRPM3 expression groups in TCGA cohort.
To validate the reliability and authenticity of the results in TCGA, we analyzed the GSE53757 dataset and human KIRC tissues. The results showed that TRPM3 mRNA expression was lower in tumor tissues relative to peri-tumor tissues (Figures 9A, B). TRPM3 protein expression was validated in 70 paired KIRC patients and found the same trend (Figures 9C, D). TRPM3 protein and mRNA expression in different stages of disease has also been identified. The TRPM3 protein found no significant expression between stage I to III (Figure 9E), however, mRNA expression of TRPM3 was remarkably higher in KIRC stage I than stage III-IV in TCGA and GSE53757 datasets (Figure 9F). Based on these findings, TRPM3 deficiency may play an important role in KIRC tumor progression, providing a therapeutic strategy for KIRC treatment.
[image: Figure 9]FIGURE 9 | Validation of TRPM3 in KIRC. (A) TRPM3 mRNA expression between paired tissues in GSE53757 cohort (n = 72). (B) TRPM3 mRNA expression between human KIRC paired tissues (n = 6). (C) Tumor microarray of 70 KIRC paired tissues stained for TRPM3 protein. (D) TRPM3 protein expression between paired tissues in tissue microarray [Representative images are the ones inside the red wireframe in (C)]. (E) TRPM3 protein expression between different KIRC stages. (F) TRPM3 mRNA expression between different KIRC stages in TCGA-KIRC, TCGA-CPTAC, and GSE53757 datasets.
4 DISCUSSION
Renal cell carcinoma is a malignant tumor accounting for nearly 90% of renal tumors and 3% of adult tumors (Hsieh et al., 2017). KIRC is the most typical subtype of renal cell carcinoma and approximately 30% of patients are diagnosed in the advanced stage (Tan et al., 2021). The prognosis of KIRC, compared to other histological subtypes, was generally worse (Xu et al., 2021b). Current treatment strategy for KIRC is limited. Despite efforts made with targeted therapies, several limitations such as low rates of durable response, resistance, and side effects of these agents make clear the need for novel therapies (Brown et al., 2020). The intracellular Ca2+ signaling pathway is a crucial component of multiple cellular processes. Ca2+ homeostasis dysregulation is implicated in driving the proliferative, migrating, invading, and metastatic processes of cancer (Chen et al., 2013). However, little is known about how calcium signaling functions in KIRC tumors. In order to evaluate the expression pattern, immune characteristics, and clinical relevance of CRGs, we collected and consolidated transcriptomic data from a large number of studies. The purpose of this study is to perform a comprehensive analysis of the potential roles of CRGs in the landscape of immunity within KIRC microenvironments, which will provide promising strategies for therapeutic intervention.
In our study, we first analyzed the expression patterns of 58 CRGs in KIRC tumors compared to normal cases and found that most of the CRGs had a distinct expression pattern which indicated that the expression of CRGs could completely distinguish KIRC tumor patients from normal cases. However, it was surprising that, CACNA1B, ORAI2, TPRC3, PKD2, SLC8A3, RYR1, and RYR3, seemed to be unaltered in these groups. The CNV of CRGs was then summarized in KIRC tumors, significantly amplification was found only in TPRC7 and PKD2L2 genes. However, these two genes in KIRC tumors have not yet been studied. TRPM8, ITPR1, ATP2B2, and CACNA1D genes showed the most significant CNV depletion in our study. Typically, ITPR1 as an autophagy sensor is downregulated in KIRC tumors, but has been reported to protect renal carcinoma cells from NK-mediated killing (Messai et al., 2015).
Next, we found the signature of 58 CRGs could well predict the prognosis of KIRC patients. Accordingly, calcium cluster A patients had a better prognosis with a median survival time of over 12 years, whereas calcium cluster B patients had a worse prognosis with a median survival time of only 5 years. It suggests that calcium-related gene signatures are a good predictor of KIRC patients. Furthermore, biological functions of CRGs between calcium cluster A and B were also analyzed and a wide range of processes including apoptosis, inflammatory response, hypoxia, glycolysis, fatty acid metabolism was observed in calcium cluster B. In terms of the efficiency of immunotherapy in renal cell carcinoma (Brown et al., 2020), we then focused the role of CRGs on immune and inflammatory responses.
Then, we constructed a prognostic signature based on five calcium-related genes (ORAI3, TRPV4, TRPM3, ATPRA1, and ITPR1) by using univariate Cox regression and LASSO analysis, and then divided KIRC patients into high- and low-risk groups. Overexpression of ORAI3 has been observed in various cancer cells as compared to normal cells. A number of cancer hallmarks are supported by overexpression of ORAI3, including cell cycle progression, proliferation, migration, and resistance to apoptosis (Sanchez-Collado et al., 2021). TRPV4 and TRPM3 have been shown positively related to tumor progression (Li et al., 2020; Zhang et al., 2021). However, it is interesting that these two genes have a negative association with KIRC risk score, which needs further investigation.
Immune cells infiltrating tumors and immune checkpoints within the tumor microenvironment may be predictive of cancer prognosis and treatment response. Calcium signaling also have been reported to be related to T cell activation and proliferation (Vaeth et al., 2020; Acharya et al., 2021). There was a strong positive correlation between the high-risk group and Treg infiltration, which are involved in tumor development and progression by inhibiting antitumor immunity (Ohue and Nishikawa, 2019). However, the roles of calcium signaling in regulating Tregs are unclear, which needs further investigation. The relationship between CRGs-related risk score and immune checkpoints also suggested that calcium may play a suppressive role in the anti-tumor immune responses due to the negative association with PD-1, CTLA-4, and other inhibitory immune checkpoints. A positive correlation was found between CRGs-related risk score and TNFRSF18, TNFSF14, and CD70, whereas a negative correlation was found between CRGs-related risk score and CD40 expression. A high level of constitutive TNSRSF18 expression is found on Tregs. It appears that inhibition of TNFRSF18 with its ligand TNFSF18 may result in the biological outcome of inhibiting Treg function while activating CD8+ T effectors (Knee et al., 2016). TNFSF14 is a protein primarily expressed on activated T cells, activated NK cells, and immature dendritic cells. However, only when the TNFSF14 molecule is delivered to or expressed within tumors can it exert the synergistic effect with immune checkpoint inhibitors, thereby activating the ability of immune cells to kill tumor cells (Skeate et al., 2020). CD70 is also implicated in tumor cell and regulatory T cell survival through interaction with its ligand, CD27. Blocking CD70/CD27 axis can abolish immune escape by T cell apoptosis, T cell exhaustion and Treg survival, therefore inhibiting tumor proliferation (Jacobs et al., 2015). CD40 is a cell-surface member of the TNF receptor superfamily. Upon activation, CD40 promotes antitumor T cell activation and reeducates macrophages to destroy tumor stroma (Vonderheide, 2020). Collectively, modulation of calcium signaling together with immunotherapy would be a promising strategy for treating KIRC patients.
Although the tumor mutation burden in renal cell carcinoma is relatively low, there are a large number of genomic alteration that may account for the neoantigens required for the T cell anti-tumor response (Turajlic et al., 2017; Brown et al., 2020). Immunotherapy mono-treatment or combined with chemotherapy are very prevalent nowadays in KIRC patients. Therefore, in our study, we analyzed the sensitivity of several clinical therapeutic agents between CRGs-related risk subtypes in KIRC. Bexarotene (retinoid X receptors agonist), brivanib (ATP-competitive VEGFR2 inhibitor), NSC23766 (Rac GTPase inhibitor), niclosamide (STAT3 inhibitor) and PHA-793887 (ATP-competitive CDK inhibitor) were more sensitive to high-risk subtype. In contrast, ciclosporin (immunosuppressant), NVP-BSK805 (JAK2 inhibitor), navitoclax (Bcl-2 inhibitor) and cucurbitacin I (JAK2/STAT3 inhibitor) were more sensitive to the low-risk subtype. These results suggest that immunotherapy with immune checkpoint inhibitors would be more effective in combination with these chemotherapeutic agents for the treatment of KIRC.
In order to find the CRGs that most associated with prognosis in KIRC tumors, we screened out key adverse prognostic regulators. Surprisingly, our analysis showed that TRPM3 was a key CRG that related to poor prognosis. The TRPM belongs to a non-selective cation channel family composed of eight members (Jimenez et al., 2020), which have a ubiquitous expression in tissues that associated with participation in health and diseases (Fonfria et al., 2006). Recent studies have shown that activation of TRPM3 induces interleukin 8 secretion through activation of c-Jun and transcription factor 2, explaining the involvement of TRPM3 activation in inflammatory response (Rubil et al., 2018). However, little is known about the role of TRPM3 in KIRC tumors, which needs further investigation.
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