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A B S T R A C T

Kidney renal clear cell carcinoma (KIRC), a prevalent primary malignant tumor within the uri
nary system, is characterized by significant heterogeneity. It has been shown that ion channels are 
important targets for anti-tumor therapy. In this study, we screened 70 selected KIRC related ion 
homeostasis genes with significant differential expression. We established diagnostic and prog
nostic models for 15 genes (PDK4, JPH4, ATP1A3, CCL7, CYP27B1, ABCB6, TNFSF11, MCHR1, 
TNNI3, ANGPTL3, Ednrb, SAA1, Chrna9, TMPRSS6, CCL14) by LASSO regression in the TCGA- 
KIRC cohort. We also provided a nomogram based on ion homeostasis for clinicians to explore 
the combined effect of the risk model on clinical variables. Patients in the low-risk group have a 
significant survival advantage. The potential clinical benefit of our predicted 15 gene signatures 
in clinical strategies was validated by Calibration Curves and DCA curves. Ultimately, the immune 
microenvironment and enrichment pathways were analyzed among individuals categorized as 
high-risk and low-risk. The predictable ion homeostasis-associated 15 gene signature established 
in this study predicts overall survival outcomes in patients with KIRC, to some extent helping 
clinicians to select personalized treatment regimens.

1. Introduction

According to histological and molecular subtypes, clear cell carcinoma is the most prevalent type of renal cell carcinoma [1], which 
is the primary form of urogenital cancer with a mortality rate of 30–40 % [2]. At present, the treatment strategy of renal clear cell 
carcinoma is limited [3]. In cancers, genes encoding ion channels are present [4]. Membrane proteins responsible for intracellular and 
intercellular signaling, membrane proteins used to couple extracellular events to intracellular reactions and to maintain intracellular 
ion homeostasis channels contribute [1,4], to varying degrees, to the Pathophysiology characteristics of each cancer signature. Studies 
have shown that cancer markers and ion channel dysfunction are causally related to genetic mutations in ion channel genes that alter 
the biophysical properties of the channels because of disease states [5,6]. As a result, there is an urgent necessity for additional 
innovative biomarkers to forecast the outlook of individuals suffering from early-stage KIRC. This will enable timely execution of 
clinical interventions to prolong disease advancement. Different ion channels regulate the immune system’s recognition and elimi
nation of tumor cells, playing a unique role [7,8]. Ion channels exhibit distinct behavior in tumor cells compared to immune cells, 
resulting in increased polarization and impacting the proliferation and spread of tumor cells. We performed a lasso regression on ion 
homeostasis-related genes with significant expression differences in KIRC (|logFC | >2, P < 0.05) to screen for prognostic genes among 
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them, establishing a risk model. The differential expression of prognostic genes was analyzed. For each patient, riskScore (RS) was 
measured using the formula. Based on the median risk coefficient, we divided patients into high-risk and low-risk categories. We 
utilized the Kaplan-Meier method to generate ROC curves for survival predictions at 1-year, 3-year, and 5-year intervals. In parallel, 
the infiltration levels of 23 distinct immune cell types within the KIRC immune microenvironment were analyzed using a deconvo
lution algorithm that applied the risk coefficient. The correlation analysis showed that the prognostic gene model may affect the tumor 
microenvironment as well, and may affect the prognosis of KIRC through direct or indirect molecular mechanism.

2. Materials and methods

2.1. Materials and methods data collection

Data on mRNA sequencing in cancer patients with clear cell renal cell carcinoma (KIRC) were gathered from the TCGA database. 
The dataset consisted of 613 samples, comprising 72 adjacent normal tissues and 541 tumor tissues. A subset of 537 individuals with 
available clinical details were chosen for analysis, excluding those lacking corresponding RNA sequencing data. The expression levels 
of genes were measured in terms of "fragments per kilobase million", which were then transformed into "millionths of transcripts" for 
further analysis. The external dataset (E-MTAB-1980) was obtained from the ArrayExpress database and contains information on 101 
KIRC samples.

2.2. Acquisition of DEion homeostasis-related genes

A total of 524 genes associated with "Ion homeostasis" were downloaded from the Harmony portal(https://maayanlab.cloud/ 
Harmonizome/gene_set/ion+homeostasis/GO+Biological+Process+Annotations). In addition, genes related to "ion homeostasis" 
were extracted from the TCGA-KIRC queue, and 70 DEGs related to ion homeostasis were identified using the "Limma" R package, with 
a threshold of |logFC|>2 and p < 0.05 [9].

2.3. Enrichment analysis

Software packages were used to conduct Gene Ontology (GO) [10] and Kyoto Encyclopedia of Genes and Genomes (KEGG) ana
lyses, following an accepted threshold [11].

To enhance significance, p-values underwent FDR adjustment. Utilizing the "GSVA" package in R-software, Gene Set Variation 
Analysis (GSVA) was executed. Employing a non-parametric unsupervised method, the analysis converted a conventional gene matrix 
into a sample-by-sample gene set, yielding an enrichment score for every sample and pathway [12].

2.4. Machine learning selection of biomarkers

In order to build a predictive model with exceptional performance, machine learning models were employed to identify genes that 
are strongly linked to prognosis. Gene expression levels were standardized using the "Log2+1″ and "Minmax" normalization tech
niques. Using LASSO algorithm, perform dimensionality reduction and feature selection analysis on central genes related to prognostic 
outcomes to avoid overfitting and deletion of closely related genes. Use 10 fold cross validation to select the minimum penalty term (λ). 
The coefficients obtained from LASSO regression were used to calculate a risk score equation for each standardized gene expression 
level [13]. 

riskScore=
∑

i
Coefficient (hub genei)*mRNA Expression (hub genei) ① 

2.5. The construction and validation of risk model

The significant gene values were computed in both models, and the top 11 genes were identified as key genes for subsequent 
investigation. Analysis of survival indicated variance in overall survival. Furthermore, Analysis of Cox regression was performed to 
determine independent predictors of prognosis. Discrimination and calibration were assessed using ROC and calibration curves, 
respectively [14].

2.6. Construction and evaluation of a predictive nomogram

A nomogram was formulated based on clinicopathological features and risk assessments. To confirm its accuracy, an internal 
validation was performed using a calibration plot. The predictive performance of the nomogram was evaluated by employing the Time- 
C index. Moreover, the clinical net benefit was analyzed via Decision Curve Analysis (DCA).

2.6.1. Evaluation of tumor microenvironment (TME)
Implement the CIBERSORT algorithm using the R programming language to evaluate the TME condition in each sample collected 

from patients with KIRC. The CIBERSORT tool was utilized to estimate the proportions of 22 different TILs within the KIRC samples. To 
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ensure the precision and reliability of the predictions, a significance threshold of P ≤ 0.05 was used as the filtering criterion [15].

2.7. Cell culture and transient transfection

The HKb-20 renal epithelial cell line and two KIRC cell lines (786-0 and ACHN) were procured from Beijing Bena Biotechnology Co. 
(Beijing, China). These cells were maintained in DEME F-12 medium. Lipofectamine 2000 (Invitrogen, Thermo Fisher, USA) was used 
to transfect the negative control (NC) and ENDRB siRNA (Sagon, China) into the cells(Table 1).

2.8. Quantitative real-time Polymerase Chain reaction (qRT-PCR)

Initially, cells were treated with 1 mL of Trizol (#T9424, Merck, USA) and incubated for 5 min for lysis. Subsequent to cell lysis, the 
total RNA was extracted and quantified using a NanoDrop 2000 spectrophotometer. The isolated RNA was then transcribed into cDNA 
(1 μg) and subjected to real-time quantitative PCR analysis. The PCR reaction mixture (20 μL) consisted of 10 μmol of the forward 
primer, 10 μmol of the reverse primer, UltraSYBR Mixture, 40 ng of cDNA template, and ddH2O. The detection of PCR products was 
performed using the Light Cycler 96 Real-Time PCR System, with GAPDH utilized as the internal control. Provided below are the 
sequences of primer pairs for the genes under investigation (Table 2).

2.9. Cell viability

The viability of cells was evaluated using the Cell Counting Kit-8 assay (Beyotime, China), adhering to the guidelines provided by 
the manufacturer. Different cell treatments were cultured in 96-well plates, with each well containing 1 × 10^3 cells. The CCK-8 re
agent was added at designated time points. After a 2-h incubation period at 37 ◦C, the optical density at 450 nm in each well was 
recorded with a microplate reader (BioTeK, USA).

2.10. Statistical analyses

The data in this study were presented as mean ± standard error (SD), and group differences were compared using a Student’s t-test. 
Statistical analysis was performed using R version 4.0.2, with a significance level set at p < 0.05 (two-tailed) to determine statistical 
significance.

Table 1 
Target sequences.

Gene Target sequences (5′-3′)

si-EDNRB_1 CTGAAACTTGGCTCTGAAACTGC
si-EDNRB_2 TCGAGATCAAGGAGACTTTCAAA

Table 2 
The primer pair sequences of the studied genes.

Gene Forward primer sequence (5′-3′) Reverse primer sequence (5′-3′)

CCL4 GCTTCCTCGCAACTTTGTGGTAG GGTCATACACGTACTCCTGGAC
TMPRSS7 TACGACTCCCTTTTGCCCATCC GGATTCCTGAGAGCCTCCGTAT
CHRNA9 CTAATGCTCTTCGTCCAGTGGAA GTGAGATAGGCATCGTGCCAGA
SAA1 TCGTTCCTTGGCGAGGCTTTTG AGGTCCCCTTTTGGCAGCATCA
EDNRB CAGAAAGCCTCCGTGGGAATCA ACAGCCAGAACCACAGAGACCA
ANGPTL3 CCTGAAACTCCAGAACACCCAG TTCCACGGTCTGGAGAAGGTCT
TNNI3 CTAGTGGCTTGTGATCCCAGCA GCTTCAGGAGTGTGACAATGGC
MCHR1 AACGCCAGCAACACCTCTGATG AGATGACCGTGGAGTTCCCGAT
TNFSF11 GCCTTTCAAGGAGCTGTGCAAAA GAGCAAAAGGCTGAGCTTCAAGC
ABCB6 GTTCTTCAACGCCTGGTTTGGC AGCACGACGAAACTTGGTTCTCC
CYP27B1 CTCCACTCAGAGATCACAGCTG GGACACGAGAATTTCCAGGTACC
CCL7 ACAGAAGGACCACCAGTAGCCA GGTGCTTCATAAAGTCCTGGACC
ATP1A3 GCAACGAGACTGTGGAGGACAT CGATTTGCTCGGAGGTGAAGTC
JPH4 ATGATGCTGGGTGCCTGACAGA AGGAAGTAGCCTCAGGTGAGGA
PDK4 AGGTGGAGCATTTCTCGCGCTA GAATGTTGGCGAGTCTCACAGG
P16 CTCGTGCTGATGCTACTGAGGA GGTCGGCGCAGTTGGGCTCC
P21 AGGTGGACCTGGAGACTCTCAG TCCTCTTGGAGAAGATCAGCCG
BAX TCAGGATGCGTCCACCAAGAAG TGTGTCCACGGCGGCAATCATC
CDH1 GCCTCCTGAAAAGAGAGTGGAAG TGGCAGTGTCTCTCCAAATCCG
CDH2 CCTCCAGAGTTTACTGCCATGAC GTAGGATCTCCGCCACTGATTC
VIM AGGCAAAGCAGGAGTCCACTGA ATCTGGCGTTCCAGGGACTCAT
GAPDH GTCTCCTCTGACTTCAACAGCG ACCACCCTGTTGCTGTAGCCAA
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3. Results

3.1. Identification of prognosis-related ion homeostasis genes

The collection of genes related to maintaining "ion balance" was acquired from the Harmony portal, encompassing a total of 524 
genes linked with ion homeostasis. Additionally, the "Limma" R package pinpointed 70 ion homeostasis genes with altered expression 
levels in the TCGA-KIRC group when |logFC| >2 and p < 0.05. The heatmap illustrates the contrast in gene expression levels related to 
ion homeostasis in normal and tumor tissues within the TCGA-KIRC dataset (Fig. 1A). Meanwhile, the volcano plot shows the fold 
changes of differentially expressed genes (Fig. 1B), while the ranking plot further clarifies the expression distribution of these genes 
(Fig. 1C) These results provide a foundation for the construction of subsequent models.

Fig. 1. Screening of differentially expressed Ion Homeostasis-related genes. (A) Heat map showing the variance in expression levels of Ion 
Homeostasis-related genes in normal and tumor tissues; (B) The volcano plot displays the significance level and fold changes of differentially 
expressed genes; (C) The sorting chart displays the fold changes and distribution patterns of ion homeostasis related gene expression levels in 
TCGA-KIRC.
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3.2. Construction of lasso model based on ion homeostasis of overall survival in KIRC

Due to the importance of ion balance in the development of tumors, we created a model to diagnose and predict overall survival 
(OS) in KIRC based on 70 specific genes. This model can be utilized for both diagnostic and predictive regression assessments. Initially, 
we applied lasso regression analysis to identify the best lambda value and determine 15 genes that are statistically significant. We then 
constructed a diagnostic model consisting of 15 genes, including PDK4, JPH4, ATP1A3, CCL7, CYP27B1, ABCB6, TNFSF11, MCHR1, 
TNNI3, ANGPTL3, EDNRB, SAA1, CHRNA9, TMPRSS6, and CCL14. Utilizing the LASSO Logit model algorithm enabled the attainment 
of lambda and Min values visualization, while stability was maintained by establishing a loss function for LASSO (Fig. 2A–B). The risk 
scoring model divides patients into high-risk and low-risk groups, the statistically significant difference between the high-risk and low- 
risk groups was confirmed by heat maps and box plots (Fig. 2C–D). Kaplan Meier survival analysis further showed that the overall 
survival of high-risk group patients was significantly lower than that of low-risk group patients (Fig. 2E). Additionally, ROC curve 
analysis validated the significant value of the risk scoring model in predicting patient prognosis, with AUC values of 1 year (0.804), 3 
years (0.753), and 5 years (0.787), indicating that the model has high predictive power (Fig. 2F). Furthermore, we validated the 
prognostic model in the E-MTAB-1980 dataset. The results of the validation set are consistent with those of the training set. The overall 
survival outcomes of the low-risk group are significantly better (Supplementary Fig. 1A). The AUC values for the one-year, three-year, 
and five-year ROC curves of the risk score are 0.768, 0.755, and 0.766, respectively (Supplementary Fig. 1B). This further confirms that 

Fig. 2. Development of a prognostic risk score model. (A) LASSO regression analysis shows the coefficient distribution and feature selection process 
of 70 differentially expressed ion homeostasis related genes; (B) The optimal lambda value determined by LASSO algorithm is used to construct a 
prognostic risk scoring model; (C) A boxplot depicting the differences in risk coefficients between groups classified as high-risk and low-risk; (D) A 
heatmap representing notable changes in gene expression associated with prognostic risk; (E) Differences in overall survival prognosis among high- 
risk and low-risk groups; (F) An ROC curve illustrating the 1-year, 3-year, and 5-year risk scores for overall survival in KIRC patients.
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the risk gene model has significant prognostic significance. These results indicate that our model can effectively distinguish the 
survival risk levels of KIRC patients.

The difference in expression levels of CCL14, TMPRSS7, SAA1, EDNRB, ANGPTL3, TNNI3, MCHR1, TNFSF11, ABCB6, CYP27B1, 
CCL7, ATP1A3, JPH4, and PDK4 was then calculated in the risk model (Fig. 3A). Notable variances were noted in the levels of 
expression for EDNRB, PDK4, ATP1A3, JPH4, CHRNA9, CCL7, SAA1, and TNNI3 between the groups with high and low risks (see 
Fig. 3B–I). These genes may play important roles in the tumor biology and immune microenvironment regulation of KIRC.

3.3. Establishment and validation of a prognostic nomogram for KIRC

The nomogram acts as an efficient instrument for predicting both immediate and extended survival probabilities in KIRC patients. 
By considering clinicopathologic factors, we combined the risk model score with clinical information to create an all-encompassing 
nomogram (Fig. 4A). The calibration graph validates the nomogram’s accuracy (Fig. 4B). Furthermore, cumulative risk graphs 
demonstrated a steady rise in overall survival risk for patients with higher KIRC scores as shown in the nomogram (Fig. 4C). Decision 
curve analysis (DCA), applicable at intervals of 1, 3, and 5 years, is a simple technique frequently utilized in clinical settings to assess 
predictive models, diagnostic measures, and molecular indicators to establish the efficacy of a strategy for patient benefit (Fig. 4D–F). 
These findings imply that the prognostic nomogram, built upon the Ion Homeostasis risk score, can be utilized as an efficient clinical 
tool for predicting patient outcomes.

3.4. Gene enrichment analysis

In order to better understand the biological importance of six stem cell-related marker models in KIRC, extensive functional 
enrichment studies were carried out on genes of various sizes and levels using GO enrichment analysis. By utilizing the KEGG database, 
which includes comprehensive information on genomes, biological pathways, diseases, and medications, all markedly differentially 
expressed genes underwent GO function annotation through R-package clustering tools to identify significantly enriched biological 
processes. The results of the enrichment were visually represented using the R package GO plot. Additionally, the R package clus
terprofiler was utilized to annotate all markedly differentially expressed genes with GO function, aiding in the identification of 
significantly enriched biological processes. The resulting enrichment analyses highlighted the predominance of cellular components 
such as the apical plasma membrane, apical cell region, caveola, transmembrane transporter complex, and transporter complex in 
genes associated with ion homeostasis prognosis. In terms of biological functions, the primary focus was on maintaining calcium ion 

Fig. 3. Expression differences of prognostic risk genes associated with Ion Homeostasis. (A) Variances in the expression levels of prognostic risk 
genes in normal versus tumor tissues; (B–I) Visualization of expression levels of prognostic risk genes showcasing notable distinctions among various 
risk categories.
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levels within cells, balancing cellular calcium ion concentrations, managing divalent inorganic cations within cells, controlling the 
concentration of calcium ions in the cytosol, and promoting an increase in cytosolic calcium ions. Molecular activities of interest 
included the movement of potassium ions across cell membranes, transporting metal ions across cell membranes, binding to G protein- 
coupled receptors, binding to hormones, and interacting as a ligand with receptors (Fig. 5A,B,D,G). The forecasting model was 
associated with pathways such as interactions between neuroactive ligands and receptors, signaling through cyclic AMP, the ab
sorption of minerals, signaling in cardiomyocytes via adrenergic pathways, and the secretion of gastric acid (Fig. 5C,E,F,H).

3.5. Gene set enrichment analysis of prognostic risk model

To better understand the role of ion homeostasis-related genes in KIRC, we based on the expression of 15 prognostic DEGs, the 
GSVA package was applied to identify more significant differential enrichment of phenotypic gene sets and KEGG pathways between 
high and low risk. It is suggested that cluster B, which has the worst prognosis in the high-risk group, is mainly enriched in amino acid- 
and bile-related metabolic processes, ion transport, cytoplasmic transporter membrane adapters, transporter activity, and so on 
(Supplementary Fig. 2A). At the same time, they were enriched in lysine degradation, vasopressin regulation, APLN signaling pathway, 
renin Angiotensinogen system, tricarboxylic acid cycle, TCA cycle metabolism, etc. (Supplementary Fig. 2B)

3.6. Gene expression and immune infiltration in three subtype clusters

The immune microenvironment is a critical factor in the process of tumorigenesis, progression, and reaction to immunotherapy. To 
enhance our comprehension, we conducted a thorough investigation into the TME in individuals at both high and low risk for KIRC. 
Employing the CIBERSORT r script, we quantified the infiltration of immune cells in these individuals. Through the classification of 
samples according to their risk assessment, we could analyze the relationship between the distribution of diverse immune cells and the 
degree of risk in each patient (Fig. 6A). Moreover, low-risk KIRC patients displayed a significant increase in both resting memory CD4 T 
cells and activated memory CD4 T cells; In contrast, high-risk KIRC patients with unfavorable prognoses exhibited a higher percentage 
of follicular helper T cells and regulatory T cells (Tregs) (Fig. 6B). This relationship is linked to the potential for immune cell infiltration 
to serve as a prognostic indicator. Analyzing the correlations between immune cell types in KIRC patients can offer valuable insights 
into the immune microenvironment dynamics over time (Fig. 6C). The risk model developed using the 15-gene signatures revealed 
unique expression patterns in both high-risk and low-risk groups, and these patterns were strongly associated with different immune 
cell infiltrations (Fig. 6D). The presence of follicular helper T cells, regulatory T cells (Tregs), and activated memory CD4 T cells 
increased progressively with the rise in risk scores (Fig. 7A–C). On the other hand, the proportions of resting mast cells, monocytes, 

Fig. 4. Validation of diagnostic models. (A) A nomogram constructed from the ion homeostasis-related prognostic signature; (B) Internal validation 
calibration curves for the nomogram; (C) The cumulative event plot shows an increasing trend in the overall survival risk of KIRC patients with 
higher scores; (D–F) Decision Curve Analysis (DCA) evaluates the clinical utility of column charts in predicting 1-year, 3-year, and 5-year survival, 
demonstrating their significant advantages at different time intervals. **p < 0.01, ***p < 0.001.
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resting memory CD4 T cells, M1 macrophages, and M2 macrophages decreased as the risk scores rose (Fig. 7D–H). These findings 
indicate that our prognostic model, which incorporates key differentially expressed genes related to ion homeostasis, is strongly 
connected to the tumor immune microenvironment of KIRC.

3.7. Experimental verification of cell biology

We first detected markers predicted by bioinformatics by QPCR. We found a significant elevation in EDNRB in KIRC cell lines 786- 
0 and ACHN compared to HKb-20 in human renal epithelial cells (Fig. 8A–C). We selected EDNRB for subsequent experiments. Two 
small interfering RNAs for different targets significantly inhibited EDNRB expression in 786-0 and ACHN cell lines (Fig. 8D). Cell 
viability of 786-0 and ACHN was significantly inhibited after interfering with EDNRB expression (Fig. 8E).

After interfering with EDNRB expression, the transcript levels of cellular senescence markers, P16 and P21, were significantly 
upregulated. The upregulation of P16 and P21 was accompanied by the upregulation of BAX, an indicator of apoptosis (Fig. 9A–B). 
Finally, we also examined cellular EMT markers after interference with EDNRB expression, after which CDH1 expression was restored 
and CDH2 and VIM expression was suppressed (Fig. 9C–D). These results further confirm the crucial role of EDNRB in KIRC cell 
proliferation, apoptosis, and invasion.

4. Discussion

Renal clear cell carcinoma of the kidney is a prevalent subtype of renal cell carcinoma, displaying significant diversity in metastatic 
potential and immunoreactivity [16]. Due to the rapid advancement of the illness, enhancing patient prognosis via a singular targeted 
pathway or medication regimen proves challenging [17]. Ion channels are highly expressed in both excitable and non-excitable cells. A 
unique function of the immune system is its involvement in identifying and eradicating tumor cells, which is governed by a variety of 
ion channels. Tumor cells exhibit a greater level of polarization in their ion channels compared to immune cells, impacting both tumor 
cell growth and spread. Consequently, targeting ion channels is crucial in the development of therapies for combating tumors. 
Consequently, the development of prognostic models utilizing genes associated with ion homeostasis could serve as a valuable resource 
for preemptive measures [18]. Nonetheless, the current inventory of such markers remains insufficient [19]. Hence, an immediate 
demand exists for the identification of additional biomarkers possessing elevated predictive efficacy to supplement the roster of po
tential candidates.

Nevertheless, the quantity of these markers falls short. It is imperative to assess additional biomarkers that exhibit superior 

Fig. 5. Enrichment analysis of ion homeostasis-related prognostic genes. (A–B) Bar plot and bubble plot displaying results of GO enrichment 
analysis; (C) Bubble plot for GO enrichment analysis; (D) Bubble plot illustrating KEGG enrichment analysis. (E–F) Bar plot and bubble plot 
showcasing the outcomes of KEGG enrichment analysis; (G–H) Enrichment Network diagram for both GO and KEGG analyses.
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predictive capabilities for potential incorporation in prospect lists. Therefore, we constructed an ion homeostasis-related prognostic 
model by analyzing a total of 537 tumor samples containing clinical data and 72 paratumor tissues from the TCGA-KIRC cohort, 
potentially providing an important tool for early intervention.

In this study, we identified 15 risk genes (PDK4, JPH4, ATP1A3, CCL7, CYP27B1, ABCB6, TNFSF11, MCHR1, TNNI3, ANGPTL3, 
EDNRB, SAA1, CHRNA9, TMPRSS6, CCL14). Earlier investigations have outlined specific connections between genes and the initiation 
and progression of cancer [20]. CC chemokines, a subfamily of 27 chemokines, are important components of cell-to-cell communi
cation and are essential for the function of the tumor microenvironment [21,22]. Pyruvate dehydrogenase kinase 4(PDK4) has been 

Fig. 6. Evaluation of immune infiltration. (A) Bar charts representing the distribution of immune cells infiltrating both high-risk and low-risk 
categories; (B) Boxplots highlighting the differences in immune cell infiltration levels between high-risk and low-risk categories; (C) A heatmap 
illustrating the correlation among the distributions of infiltrating immune cells; (D) A heatmap depicting the relationship between markers asso
ciated with ion homeostasis and immune cell infiltration levels. * <0.05; *** <0.001.
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Fig. 7. Correlation of prognostic risk with immune cell infiltration. (A–C) A scatter plot showing a positive correlation between the risk score of the 
prognostic model and the level of immune cell infiltration; (D–H) A scatter plot illustrating a negative correlation between the risk score of the 
prognostic model and the extent of immune cell infiltration.
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used as a biomarker of energy metabolism pathways, and in vitro experiments and single-cell sequencing analysis have suggested that 
it is associated with energy metabolism in proximal tubular cells [23]. ABCB6 of the ATP-binding cassette transporter family (ABC) 
transporter family can transport various molecules through extracellular and intracellular membranes, and its overexpression confers 
tolerance to cadmium and AS2O3 [24]. Overexpression of ABCB6 enhanced resistance to the antitumor drugs SN-38 and vincristine, 
suggesting that the transporter is a potential anticancer therapeutic target [25,26]. In addition, the genes of EDNRB, CHRNA9, SAA1, 
TNNI3, Ednrb and MCHR1 in the prognostic model were related to the migration/invasion ability of cells and some regulatory 
functions of tumor respectively [13,27–29]. [30].

Based on the pre-defined Gene expression profiling of LASSO model, 15 genetic markers were screened to effectively identify 
patients’ prognosis. Clinicians can develop more individualized treatment strategies by utilizing nomograms based on 15 gene features 
for patients with KIRC at different time points. By examining the effect of prognostic risk models on immune cell infiltration in KIRC, 
researchers can deepen their understanding of the microenvironment interactions. Further analysis shows a significant correlation 
between the model and immune cell infiltration characteristics, providing a new perspective for a deeper understanding of the complex 

Fig. 8. EDNRB was significantly upregulated in KIRC cell lines. (A–C) PCR detection of molecular markers mined by bioinformatics. (D) The ef
ficiency of small interfering RNAs to inhibit EDNRB expression was tested in 786-0 and ACHN cell lines. (E) Cell viability of 786-0 and ACHN cell 
lines was examined after interfering with EDNRB expression. N = 3/group. *≤0.05, **≤0.01.
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interaction between tumor microenvironment and immune response. In our study, high-risk patients with poor prognosis were 
significantly positively correlated with Tregs. Tregs can secrete immunosuppressive cytokines, leading to T cell dysfunction [31,32]. 
Previous studies have shown that Treg can inhibit the protective function of CD8+T cells in KIRC and prevent tumor cells from immune 
attacks [33]. Elevated Treg infiltration in KIRC can lead to clinical treatment failure and is associated with poor prognosis in KIRC 
patients [34–36]. In recent years, the key role of ion channels in immune cell differentiation, maintenance, and activation has received 
widespread attention. Ionic channels play an important role in immune regulation by regulating membrane potential, calcium 
signaling pathways, and immune cell effector functions [37,38]. Especially in Tregs, the regulation of ion homeostasis and its impact 
on immune suppression function have gradually become a research hotspot [39]. TRPM7 is an ion channel capable of transporting 
cations such as Ca2+、Na+、Zn2+, and Mg2+, and is highly expressed in T cells [40]. Mendu et al. found that blocking TRPM7 
channel activity increases the development of IL-2-dependent thymic Tregs (tTreg). The activity of TRPM7 can increase the number of 
Tregs in the body and promote immune tolerance, indicating its value as a potential therapeutic target [41]. However, the specific 
mechanism of action of Tregs and ion channels in KIRC is still not fully understood, which provides new directions and possibilities for 
future research and treatment strategies.

Although the prognostic model constructed in this study showed good predictive performance in KIRC patients, there are still some 
limitations. Firstly, the model is based on TCGA-KIRC queue data. Future research should validate the stability and applicability of the 
model on larger scale multi center datasets. In addition, although this study has preliminarily explored the potential biological 
mechanisms of genes, further validation of the specific functions and mechanisms of these genes in renal clear cell carcinoma through 
in vitro experiments and animal models is still needed. Finally, the study did not fully explore the interactions between genes and their 
synergistic effects on the tumor microenvironment, which provides important directions for future research.

5. Conclusion

This study constructed an accurate prognostic model by integrating ion homeostasis related genes, revealing the key role of ion 
channels in renal clear cell carcinoma. This model not only provides an important tool for personalized treatment of patients, but also 
offers new ideas for in-depth research on the relationship between tumor microenvironment and immune response. In the future, 
through further validation and functional research, it is expected that these genes will be used as potential therapeutic targets to 
promote the development of precision medicine in KIRC.
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