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Clear cell renal cell carcinoma (ccRCC) is the most common subtype of renal cell carcinoma (RCC). 
Although we have made many achievements in the therapy of RCC with the progress of medicine, the 
clinical management of metastatic RCC remains a daunting challenge. SWI/SNF chromatin remodeling 
complex-related genes (SCRGs) are significantly associated with tumor progression and cancer cell 
evolution in ccRCC. This study aimed to investigate the prognostic significance of SCRGs in ccRCC to 
elucidate its molecular subtype characteristics. Using 29 known SCRGs, 532 ccRCC patients from the 
TCGA-KIRC cohort were classified into two subtypes (SCRGcluster A and SCRGcluster B). Patients 
in SCRGcluster B exhibited a significantly poorer prognosis compared to those in SCRGcluster A. 
Functional enrichment and immune microenvironment profiles significantly differed between the 
subtypes, with SCRGcluster B showing higher levels of immune infiltration. Five core genes (TMCC3, 
TOP2A, EPS8, PIK3R3, KCNK5) were identified through the integration of multiple machine learning 
approaches and multivariate Cox regression analysis. A novel prognostic model based on these 
core genes was validated in an external cohort. Additionally, single-cell data analysis revealed the 
expression patterns of these core genes in ccRCC. In vitro experiments demonstrated that KCNK5 
is underexpressed in ccRCC cell lines and tissues, and that its overexpression suppresses malignant 
phenotypes. Specifically, KCNK5 overexpression significantly inhibited the proliferation, migration, 
and invasion capabilities of ccRCC cell lines. Although the precise functional mechanisms of these 
core genes in ccRCC are not yet fully elucidated, this study provides new insights for the treatment of 
ccRCC.
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Renal cell carcinoma (RCC) is the 14th most common cancer worldwide1. It is a malignant tumor that originates 
from renal epithelial cells, of which clear cell renal cell carcinoma (ccRCC) accounts for about 80%2,3. In recent 
years, due to the widespread use of abdominal imaging and the advancement of systemic therapy, the overall 
mortality rate has gradually decreased despite the increase in the incidence of RCC4,5. Currently, partial or 
radical nephrectomy is the preferred treatment for RCC limited to the kidney6,7. Although there have been 
advances in systemic therapy for metastatic RCC8, because of the drug resistance of metastatic RCC and the 
high incidence of adverse reactions in combination therapies9–12, nearly half of patients with metastatic RCC do 
not receive systemic treatment13, which poses a huge challenge for the clinical management of RCC. Therefore, 
identifying new prognostic biomarkers for personalized risk assessment is crucial to advancing customized 
treatment methods for ccRCC.

SWI/SNF chromatin remodeling complexes (SCRCs) are large protein complexes encoded by 29 genes that 
can mobilize nucleosomes to regulate gene expression and participate in chromatin remodeling14,15. A growing 
number of studies have confirmed that SCRC-related genes (SCRGs) are associated with widespread genetic 
mutations in various cancers, indicating that SCRGs play a significant role in the development and metastasis 
of tumors. For example, a 1998 study observed that loss-of-function mutations of SMARCB1 in Malignant 
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rhabdoid tumors can lead to tumourigenesis16. ARID1A mutations are frequently found in ovarian clear-cell 
and endometrioid carcinomas17,18. Researchers have identified truncating mutations of PBRM1 in 41% of cases 
of ccRCC through high-throughput sequencing19. Deletion of SMARCA4 can accelerate lung cancer progression 
and increase tumor invasiveness20.

Meanwhile, researchers are also committed to finding targeted therapies against mutations of SCRGs to 
improve the clinical management of cancer. Targeted degradation of SMARCA2/4 proteins mediated by proteolysis 
targeting chimeras (PROTACs) can induce rapid apoptosis of tumor cells, showing an anti-proliferative effect21. 
Given that SCRCs have an inverse genetic regulatory relationship with polycomb repressive complexes (PRCs)14. 
Several studies on EZH2 inhibitors have shown that EZH2 inhibitors suppress tumor progression by inhibiting 
EZH2 activity and restoring the expression of tumor suppressor genes22–25. A recent pan-cancer study showed 
that SCRGs are differentially expressed in 13 tumor types and are closely related to prognosis. In addition, 
SCRGs are associated with regulating immune and tumor metastasis-related pathways and are particularly 
important for tumor progression and cancer cell differentiation in ccRCC26. In summary, numerous studies 
have demonstrated that SCRGs show great potential in cancer prognosis and treatment, providing new ideas for 
developing new prognostic biomarkers.

This study aims to identify the SCRG clusters and a prognostic signature in ccRCC through integrated 
bioinformatics analyses and machine learning algorithms, revealing their correlation with immune cell 
infiltration and immunotherapy. Bioinformatics plays a crucial role in cancer research and precision medicine, 
and is widely used to uncover potential molecular mechanisms and pathways involved in the initiation and 
progression of cancer27. However, no studies to date have utilized bioinformatics tools to investigate SCRG-
related subtypes in ccRCC. Previous studies have demonstrated the significant influence of SCRGs on ccRCC 
prognosis and metastatic potential28–32. Moreover, most SCRGs exhibit distinct dysregulation patterns in 
ccRCC, and their expression levels are significantly associated with patient outcomes26. Based on these findings, 
we identified for the first time two SCRG clusters in ccRCC and developed a prognostic signature with strong 
predictive performance. Enrichment and immune infiltration analysis revealed potential associations among the 
SCRG prognostic signature, ccRCC prognosis assessment, immunotherapy, and the tumor microenvironment. 
This study fills a gap in SCRG-related subtyping among ccRCC patients and experimentally validates KCNK5 as 
a potential novel prognostic biomarker for ccRCC. It provides preliminary evidence for further studies and lays 
a theoretical foundation for personalized treatment strategies.

Materials and methods
Data collection
Transcriptomic RNA sequencing data and corresponding clinical information were systematically retrieved from 
multiple public repositories. The TCGA-KIRC cohort we downloaded from The Cancer Genome Atlas (TCGA, 
https://portal.gdc.cancer.gov/) comprised 541 ccRCC and 72 normal tissue samples33,34. For external validation, 
we obtained the E-MTAB-1980 dataset (101 ccRCC samples) from ArrayExpress ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​e​b​i​.​a​c​.​u​k​/​a​r​r​a​y​
e​x​p​r​e​s​s​​​​​) and transcriptomic profiles of 91 ccRCC patients from the International Cancer Genome Consortium 
(ICGC, https://dcc.icgc.org/)35,36. All datasets included expression data and survival information, with samples 
lacking survival data excluded from analysis. Clinical parameters from TCGA-KIRC encompassed age, gender, 
histological grade, pathological stage, and TNM classification (Table  S1). The copy number variation and 
somatic mutation data for TCGA-KIRC were acquired through the UCSC Xena platform (https://xenabrowser.
net). Four additional Gene Expression Omnibus (GEO, ​h​t​t​p​s​:​/​/​w​w​w​.​n​c​b​i​.​n​l​m​.​n​i​h​.​g​o​v​/​g​e​o​/​)​​​​​​​3​7​​ datasets were 
concurrently retrieved: GSE85258 (14 paired primary ccRCC/lung metastasis samples)38, GSE40435 (101 
tumor/normal paired samples)39, GSE53757 (72 tumor/normal samples)40, and GSE224630 (ScRNA-seq data 
from 7 specimens)41.

It should be noted that owing to its large sample size and relatively comprehensive clinical data, the TCGA-
KIRC dataset was selected to identify SCRG-based subtypes in ccRCC patients and to construct a prognostic 
model. The GSE85258 dataset, which includes paired primary and metastatic samples, was used to identify 
metastasis-associated differentially expressed genes. Additionally, GSE40435 and GSE53757, which consist of 
tumor and normal tissue pairs, provided further validation for differential expression analysis of the model genes. 
The GSE224630 single-cell RNA sequencing dataset was employed to explore tumor heterogeneity in ccRCC 
at the cellular level. Finally, E-MTAB-1980 (Table S2) and ICGC-KIRC (Table S3), both containing survival 
information (including survival time and status), were used to validate the generalizability of the prognostic 
model in external cohorts, ensuring that the results are not limited to a single dataset. All transcriptomic data 
underwent transcripts-per-million (TPM) normalization. The 29 SCRGs were obtained from previous studies26, 
and the specific genes are shown in Table S4. Somatic mutation patterns were visualized through the ‘maftools’ 
R package42, while chromosomal localization of SCRGs was mapped using the ‘RCircos’ R package. As all data 
were obtained from open-access databases in compliance with respective publication guidelines, no additional 
ethical approval was required for this study. The flow chart for this study is shown in Fig. S7.

Consensus clustering analysis based on SCRGs
Based on the expression analysis results of 29 SCRGs, we performed a consensus cluster analysis using the R 
package ‘ConsensusClusterPlus’ on 532 ccRCC patients from the TCGA-KIRC cohort and classified the patients 
into different clusters. The prognosis of different ccRCC clusters was demonstrated by survival analysis. We also 
used Gene Set Variation Analysis (GSVA) to explore the potential functions of SCRGs. To verify the differences 
among various ccRCC clusters through principal component analysis (PCA). In addition, we used the R pckage 
‘ESTIMATE’ to calculate the ESTIMATE, immune, and stromal scores of different ccRCC clusters. Differences 
in the infiltration of 23 immune cells in ccRCC clusters were assessed by the CIBERSORT algorithm.
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Development and validation of the SCRG prognostic signature
We screened for differentially expressed genes (DEGs) associated with prognosis by performing univariate 
regression analysis of DEGs between different ccRCC clusters in the TCGA-KIRC dataset. At the same time, 
we re-performed differential analysis of transcriptomic sequencing data from the GSE85258 dataset to identify 
genes associated with metastasis. To enhance predictive accuracy, we employed three advanced machine 
learning algorithms to construct prognostic models: LASSO regression43, random forest (RF)44, and extreme 
gradient boosting (XGBoost)45. We identified the intersection of the potential hub genes identified by the three 
algorithms, calculated the risk scores for each ccRCC patient in the training set, and divided the patients into 
high-risk and low-risk groups based on the median risk score. We evaluated the effectiveness and accuracy of the 
prognostic models using decision curve analysis (DCA)46 and time-dependent receiver operating characteristic 
(ROC)47 curves. To validate the risk assessment model, we also conducted studies on the test set and external 
datasets (E-MTAB-1980, ICGC-KIRC). Additionally, we developed a nomogram and plotted corresponding 
calibration curves to assess the predictive accuracy of the nomogram.

Clinical feature correlation analysis and functional enrichment analysis
We first investigated whether there were significant differences in risk scores among different SCRG clusters. 
Then we revealed the impact of risk scores on the prognosis of ccRCC patients through univariate and 
multivariate regression analysis. Based on the clinical feature data from the TCGA-KIRC cohort, we further 
investigated whether higher risk scores were associated with poorer prognosis. Additionally, we analyzed the 
expression patterns of immune checkpoint genes between high-risk and low-risk groups. We identified potential 
enriched pathways in the high-risk group using the gene set enrichment analysis (GSEA)48. We performed the 
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)49 enrichment analyses on the 
DEGs between the two groups to elucidate the biological processes (BP), molecular functions (MF), cellular 
components (CC), and potential signaling pathways associated with high-risk and low-risk groups in ccRCC.

Immune infiltration and tumor mutational burden analysis
We used multiple algorithms, including single-sample gene set enrichment analysis (ssGSEA), CIBERSORT50, 
and ESTIMATE51, to assess the distribution of immune cells in patients with ccRCC and to investigate the 
correlation between risk scores and tumor microenvironment (TME) immune infiltration. Based on previous 
studies52, we explored the relationship between six pan-cancer immune subtypes (C1-C6) and risk scores. We 
studied the correlation between risk scores, immune-related functions, and TME scores. We also demonstrated 
the correlation between the expression levels of hub genes and immune cell infiltration. Additionally, we analyzed 
tumor mutational burden (TMB) in ccRCC patients, identifying the top 20 genes with the highest mutation 
frequencies across different risk groups. Patients were further divided into high-TMB (H-TMB) and low-TMB 
(L-TMB) groups to investigate the relationship between TMB grouping and patient prognosis. To provide new 
insights into ccRCC treatment, we scored patients in high-risk and low-risk groups using TIDE to predict the 
potential benefit of immunotherapy53. We also used the ‘oncoPredict’ package in R software to calculate the 
half-maximal inhibitory concentration (IC50) of commonly used drugs in patients with different risk scores, 
identifying potential drugs that could improve the prognosis of ccRCC patients54.

Single-cell RNA sequencing data analysis
We analyzed the GSE224630 dataset using the Seurat package (v4.4.0) in R software55. Quality control was 
conducted on the single-cell RNA sequencing data by applying the following filtration criteria: (1) exclusion 
of cells containing fewer than 200 or more than 6,000 expressed genes; (2) removal of genes detected in fewer 
than 3 cells; and (3) elimination of cells with mitochondrial gene content exceeding 25%. The filtered dataset 
was normalized using the ‘NormalizeData’ function with a scale factor of 10,000, then identifying 3,000 
highly variable genes through the ‘FindVariableFeatures’ function. Principal component analysis (PCA) was 
performed on these highly variable genes using the ‘RunPCA’ algorithm. To reduce batch effects between 
samples, we implemented data integration through the ‘RunHarmony’ function. Consistent with the original 
study methodology41, we selected the top 30 principal components for subsequent analyses. Cellular clustering 
and dimensionality reduction were achieved using uniform manifold approximation and projection (UMAP) 
through the ‘RunUMAP’ function56. Finally, cell subpopulations within distinct clusters were annotated 
according to the original study’s classification system.

Clinical sample collection and cell culture
We collected 5 pairs of tumor tissues and adjacent normal tissues from ccRCC patients who underwent radical 
or partial nephrectomy at the Renmin Hospital of Wuhan University between June 1, 2024, and November 30, 
2024. This study was approved by the Renmin Hospital of Wuhan University Clinical Research Ethics Committee 
(approval number: WDRY2023-K176) and conducted in accordance with the Declaration of Helsinki. As the 
study was retrospective, it was exempt from informed consent requirements. The human renal proximal tubular 
epithelial cell line HK-2 and three ccRCC cell lines (786-O, 769-P, Caki-1) were acquired from the American 
Type Culture Collection (ATCC). HK-2 cells were cultured in Dulbecco’s Modified Eagle Medium (DMEM; 
Procell Life Science & Technology, Wuhan, China) supplemented with 10% fetal bovine serum (FBS; Gibco, 
Grand Island, NY, USA) and 1% penicillin-streptomycin (Biosharp, Anhui, China). The ccRCC cell lines were 
propagated in RPMI-1640 medium (Procell Life Science & Technology) containing 10% FBS. All cell cultures 
were maintained under standard culture conditions at 37 °C in a humidified 5% CO₂ atmosphere.
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Cell transfection
The recombinant plasmid expressing the human full-length KCNK5 gene (pcDNA3.1-KCNK5) was custom-
constructed by Sangon Biotech (Shanghai, China). An empty pcDNA3.1 vector was used as a negative control. 
Transfection was initiated when cells reached approximately 70% confluence using Lipofectamine 3000 
transfection reagent (L300001, Thermo Fisher Scientific, USA) according to the manufacturer’s protocol. 
Following a 48-hour incubation period post-transfection, successful overexpression of KCNK5 was confirmed 
through Western blot analysis.

Western blot analysis
Protein extraction was performed using RIPA lysis buffer (Beyotime, P0013B, China) from cells and tissues. Protein 
concentrations were determined using a BCA protein assay kit (Beyotime, P0012S, China). Subsequently, protein 
samples were resolved by SDS-PAGE and electrophoretically transferred onto PVDF membranes (Millipore, 
USA). The membrane was then blocked with 5% non-fat milk for 1 hour, followed by overnight incubation 
with the primary antibody at 4 °C on a shaking incubator. Protein band visualization and quantification were 
performed using the ChemiDoc™ XRS+ imaging system coupled with ImageJ analysis software. The primary 
antibodies employed in this study included anti-KCNK5 (Proteintech, 14136-1-AP, China) and anti-GAPDH 
(Proteintech, 10494-1-AP, China), the latter serving as a loading control.

Quantitative real-time reverse transcription polymerase chain reaction (qRT-PCR)
Total RNA was isolated from cell lines using TRIzol reagent (Invitrogen, USA) under RNase-free conditions. 
Following RNA extraction, cDNA synthesis was performed with the PrimeScript™ RT Kit (TaKaRa, Japan). 
Subsequently, qRT-PCR amplification was conducted using an A100 PCR system. The qRT-PCR was performed 
using TB Green PCT Master Mix (Akara, Japan) on a LightCycler 96 instrument. To ensure experimental 
reliability, both positive and negative controls were included in each run: no-template controls (NTCs) 
with nuclease-free water instead of cDNA template were used to detect potential contamination; no-reverse 
transcription controls (NRTs) were included to assess genomic DNA contamination. GAPDH served as the 
internal reference gene. Each sample was detected at least three times, and mRNA levels were quantified using 
the ΔΔCt method. Primer sequences utilized were as follows:

KCNK5: Forward 5′-​C​A​C​T​G​G​A​A​G​G​A​G​G​C​C​A​A​G​A​A-3′, Reverse 5′-​G​A​C​G​G​T​C​G​C​T​G​C​A​A​A​A​A​T​C​A-3′
GAPDH: Forward 5′-​G​G​A​A​G​C​T​T​G​T​C​A​T​C​A​A​T​G​G​A​A​A​T​C-3′, Reverse 5′-​T​G​A​T​G​A​C​C​C​T​T​T​T​G​G​C​T​C​

C​C-3′.

Cell counting kit-8 (CCK-8) assay
We added approximately 5,000 cells to each well of 96-well plates and used the CCK-8 assay kit (Beyotime, 
Shanghai, China) to detect cell proliferation. After the cells were incubated for the specified time, CCK-8 
solution was added, and the absorbance at a wavelength of 450 nm was measured according to the manufacturer’s 
instructions.

5-ethynyl-2' -deoxyuridine (EdU) assay
Cell proliferation was further analyzed using the EdU assay kit (Beyotime, C0075S, China). Briefly, cells cultured 
in 12-well plates were sequentially stained with EdU reagent and Hoechst 33342 according to the manufacturer’s 
protocol. Fluorescence imaging was performed using an inverted fluorescence microscope, and cell counting 
was performed using ImageJ software.

Wound healing assay
Cell migration was assessed using wound healing assays. Cells were seeded into a 6-well plate and cultured until 
they reached 100% confluence. A uniform wound was then created by scraping the cell layer along a straight line 
with a 200-μL pipette tip. After washing with PBS 2–3 times, microscopic images were captured at 0, 12, and 24 
hours. The images were subsequently analyzed using ImageJ software.

Cell migration and invasion assay
The migration and invasion abilities of cells were further examined using a Transwell chamber (Beyotime, 
FTW061, China). In the migration assay, a cell suspension containing approximately 10,000 cells in serum-free 
medium was added to the upper chamber, while the lower chamber was filled with a medium containing high-
concentration serum. After incubation for 24 hours in a cell culture incubator, the cells in the chambers were 
fixed with 4% paraformaldehyde and stained with 0.1% crystal violet solution. For the invasion assay, the upper 
chamber was pre-coated with a uniform layer of Matrigel™ matrix gel (Beyotime, C0372, China) at the bottom. 
The subsequent steps were identical to those in the migration experiment. Finally, images were captured using a 
microscope, and cell counting was performed with ImageJ software.

Statistical analysis
Statistical analyses were conducted using GraphPad Prism (v9.5.1) and R software (v4.3.1). Student’s t-test was 
used to compare two groups, while one-way analysis of variance (ANOVA) was utilized for comparisons among 
three or more groups. A p-value < 0.05 was considered to indicate statistical significance, and * indicates p-value 
< 0.05, ** represents p-value < 0.01, and *** indicates p-value < 0.001. All experiments were repeated three times 
to ensure reliability.
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Results
The genetic landscape of 29 SCRGs
Based on the transcriptome data from the TCGA database, the box plot (Fig. S1A) illustrated the expression 
levels of 29 SCRGs in normal and ccRCC samples, revealing significant differences in their expression between 
normal and tumor samples. The results of the waterfall plot (Fig. S1B) showed that 169 of the 357 ccRCC 
samples (47.34%) had mutations in the SCRGs, with PBRM1 exhibiting the highest mutation frequency at 
40%. The chromosomal locations of the 29 SCRGs appeared in Fig. S1C. In addition, as shown in Fig. S1D, 
ACTL6A had the highest amplification rate, while PBRM1 and SMARCC1 displayed the highest deletion rates. 
Correlation network plots (Fig. S1F, Fig. S1G) elucidated the interactions among the 29 SCRGs and highlight 
their prognostic significance in renal cancer patients. The results demonstrated that the majority of SCRGs were 
closely associated with the prognosis of renal cancer patients. The above results suggested that the 29 SCRGs may 
play a pivotal role in the development and prognosis of renal cancer.

Identification of two ccRCC clusters and analysis of potential functional pathways
Consensus clustering analysis (Fig. 1A, Fig. S2A–K) was applied to the 532 ccRCC samples from the TCGA 
database, resulting in the identification of two distinct clusters: Cluster A (n = 323) and Cluster B (n = 209). 
Principal component analysis (PCA) revealed significant differences between the clusters (Fig. S1E). Survival 
analysis demonstrated that patients in Cluster B exhibited a worse prognosis compared to those in Cluster A 
(Fig. 1B). The heatmap in Fig. 1C illustrated the correlation between the expression levels of 29 SCRGs and the 
clinicopathological characteristics of ccRCC samples. The ssGSEA was employed to investigate the differences 
in the infiltration of 22 immune cell types between the two ccRCC clusters. The results indicated that nearly all 
immune cell infiltrations were significantly higher in Cluster B (Fig. 1D), suggesting that immune pathways may 
play a crucial role in the pathogenesis of ccRCC. Furthermore, the ESTIMATE algorithm analysis revealed that 
the ESTIMATE score (Fig. 1E), immune score (Fig. 1F), and stromal score (Fig. 1G) were all higher in Cluster B 
compared to Cluster A, further highlighting the unique immune and stromal features of Cluster B.

Following consensus clustering analysis, we conducted gene set variation analysis (GSVA) on TCGA cohort 
samples to elucidate pathway enrichment patterns between molecular subtypes. The GSVA revealed distinct 
pathway activation profiles: Cluster B demonstrated significant enrichment in allograft rejection, epithelial-
mesenchymal transition (EMT), and IL-6/JAK/STAT3 signaling pathways. Conversely, Cluster A exhibited 
predominant activation of bile acid metabolic, UV response DN, and protein secretion processes (Figure 2A). 
Through difference analysis (adjusted p < 0.05, |logFC| > 2), we identified 2579 DEGs between the two clusters 
(Figure S2L). Subsequent stringent filtering (p < 0.001) followed by univariate Cox regression analysis revealed 
1157 survival-associated DEGs with significant prognostic value (Table S5). The top 50 most significant survival-
related genes were visualized using a forest plot to illustrate their hazard ratios and confidence intervals (Figure 
2B).

To elucidate the potential functional pathways associated with these DEGs, we conducted the GO and KEGG 
analysis comprehensively. The GO analysis revealed that these DEGs were primarily enriched in proteasome-
mediated ubiquitin-dependent protein catabolic process, cellular component disassembly, ras protein signal 
transduction, regulation of cell-matrix adhesion, focal adhesion, cell-substrate junction, cell leading edge, 
lamellipodium, cadherin binding, growth factor binding, actin binding, vitamin binding and other functions 
(Fig. 2C). The KEGG analysis further illuminated the involvement of these DEGs in various metabolic and 
signaling pathways. The results indicated that these DEGs were mainly involved in valine, leucine and isoleucine 
degradation, salmonella infection, fatty acid degradation, carbon metabolism, adherens junction, proteoglycans 
in cancer, tryptophan metabolism, focal adhesion, FoxO signaling pathway, EGFR tyrosine kinase inhibitor 
resistance, fatty acid metabolism, yersinia infection, shigellosis, protein processing in endoplasmic reticulum, 
regulation of actin cytoskeleton, etc (Fig. 2D).

To further investigate the molecular mechanisms underlying ccRCC metastasis, we conducted a differential 
expression analysis using transcriptome sequencing data from 14 pairs of primary ccRCC tumors and patient-
matched lung metastasis samples obtained from the GSE85258 dataset. The volcano plot (Fig. 2E) illustrated 
that 451 genes exhibited significant differences in expression levels between the primary tumors and metastatic 
samples (p < 0.05, |logFC| > 0.585). These genes were named metastasis-related genes. Subsequently, we 
intersected these 451 metastasis-related genes with the previously identified 1157 DEGs associated with ccRCC 
survival. This analysis revealed 78 overlapping genes (Fig. 2F), which may represent key molecular players 
involved in both ccRCC progression and metastasis.

Development and validation of the SCRG prognostic signature based on multiple machine 
learning algorithms
To mitigate the risk of overfitting and minimize the impact of noise in the data, we partitioned the 532 ccRCC 
patients from the TCGA cohort into a training set (n = 268) and a test set (n = 264) at an approximate 1:1 
ratio. Utilizing the training set data, we employed three machine learning algorithms—LASSO, XGBoost, and 
Random Forest (RF)—to screen for 10, 15, and 30 genes, respectively, from the 78 overlapping genes (Fig. 3A–
F). By intersecting the results obtained from these three algorithms, we ultimately identified five hub genes to 
construct the SCRG prognostic signature (Fig. 3G):

SCRG risk score=(−0.05951×TMCC3 expression)+(0.040301×TOP2A expression)+(−0.03749×EPS8 
expression)+(−0.03833×PIK3R3 expression)+(−0.0393×KCNK5 expression)

We calculated the risk scores for all ccRCC patients in the training and validation sets and categorized 
the patients in each cohort into high-risk and low-risk groups based on the median score. In the training set, 
survival analysis and survival status plots revealed that patients in the high-risk group had a worse prognosis 
and higher mortality (Fig. 3H–J). A heatmap depicting the differential expression of the five signature genes 
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showed that, except for TOP2A, which was highly expressed in the high-risk group, the remaining four genes 
were expressed at lower levels in the high-risk group (Fig. 3K). The receiver operating characteristic (ROC) 
curve analysis demonstrated that the area under the curve (AUC) values for the training set at 1, 3, and 5 years 
were 0.780, 0.764, and 0.726, respectively, indicating that our SCRG prognostic signature has reliable accuracy 
in predicting the survival time of patients with ccRCC (Fig. 3L). These conclusions were further validated in the 

Figure. 1.  Identification of two SCRG clusters. (A) Optimized κ ensures consistent clustering effects among 
samples. (B) Survival analysis comparing the two SCRG clusters. (C) Heat map of gene expression profiles, 
annotated with histological grade, pathological stage, TNM stage, and SCRG cluster. (D) Immune cell 
infiltration patterns linked to SCRG clusters. (E–G) Differences in ESTIMATE score (E), immune score (F), 
and stromal score (G) between the two SCRG clusters.
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test set and external validation datasets (E-MTAB-1980, ICGC-KIRC), and the results were consistent with those 
observed in the training set (Fig. S3A–C).

Additionally, we developed a nomogram (Fig. 3N) incorporating gender, risk score, age, and pathological 
stage to facilitate clinicians’ prediction of ccRCC patient survival. The accuracy of this nomogram was confirmed 
through ROC curve analysis (Fig. 3M) and decision curve analysis (DCA) (Fig. 3O), with an AUC value of 0.864. 
This conclusion was also corroborated by the calibration curve (Fig. 3P).

The biological status and tumor immune microenvironment landscape of different SCRG risk 
scores
The Sankey diagram depicted the differences in risk stratification and survival status among patients from the 
two SCRG clusters (Fig. 4A). The visualization demonstrated that cluster A predominantly comprised low-
risk patients, while cluster B had a higher proportion of high-risk patients (Fig. 4B). This finding was further 
corroborated by the box plot, which revealed that the risk scores of patients in cluster B were significantly higher 
than those in cluster A (Fig. 4C).To establish the risk score as an independent prognostic factor, we conducted 
univariate and multivariate regression analyses. These analyses confirmed that the risk score, pathological stage, 
and histological grade are significant independent prognostic factors for patients with ccRCC (Fig. 4D–E). 
Moreover, the heat map and box plot results indicated a close association between the risk score and the advanced 

Figure. 2.  Analysis of potential pathways and DEGs linked to SCRG clusters. (A) GSVA evaluation of 
hallmark gene set activity across distinct SCRG clusters. (B) Forest plot of the top 50 DEGs most associated 
with ccRCC patient survival. (C–D) GO (C) and KEGG (D) functional enrichment analyses of DEGs. We 
obtained permission from the Kanehisa laboratory to use KEGG images84–86. (E) Volcano plot of DEGs 
between primary ccRCC and matched lung metastasis samples. (F) Venn diagram of co-expressed genes 
between SCRG cluster-associated DEGs and metastasis-associated DEGs.
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clinical stage. Patients with higher pathological stages and histological grades have higher scores, while there is 
no significant difference in age (Fig. 4F–H).Differential analysis of the 47 immune checkpoint-related genes 
revealed that the expression of immune checkpoints was significantly upregulated in the high-risk group. This 
suggests the potential presence of immune escape in these patients (Fig. 4I). Additionally, the tumor immune 
dysfunction and exclusion (TIDE) analysis results showed that the TIDE score was higher in the high-risk group, 
further indicating a higher likelihood of immune escape in this group (Fig. S4F).

To elucidate the molecular mechanism by which the SCRG risk score affects patient prognosis, we found that 
the SCRG risk score is mainly associated with functions and pathways such as immune response, inflammation, 
coagulation, extracellular matrix regulation, and molecular metabolism. Specifically, the GSEA revealed that 
the SCRG score was positively correlated with the activation of pathways associated with malignant tumors 
(such as coagulation, EMT, E2F targets, and G2M checkpoint) and immune pathways (Fig. 4J).Based on the 
DEGs identified in different risk groups, the GO analysis showed that these genes were mainly enriched in 
processes such as immunoglobulin production, production of molecular mediators of immune response, acute 
inflammatory response, acute-phase response, regulation of hemostasis, fibrinolysis, humoral immune response, 
regulation of blood coagulation, antimicrobial humoral response, negative regulation of hemostasis, and various 
cellular components and molecular functions (Fig. 4K).The KEGG analysis further revealed that these DEGs 
were primarily enriched in pathways such as complement and coagulation cascades, viral protein interaction 
with cytokine and cytokine receptor, mineral absorption, cytokine-cytokine receptor interaction, cholesterol 
metabolism, fat digestion and absorption, PPAR signaling pathway, rheumatoid arthritis, NF-kappa B signaling 

Figure. 3.  Identification of key genes and construction of a prognostic model using machine learning 
algorithms. (A–C) Identification of key genes via LASSO regression analysis. (D) Identification of key genes 
using the XGBoost algorithm. (E–F) Identification of key genes via the RF algorithm. (G) Venn diagram of the 
intersection of key genes identified by three machine learning algorithms. (H) Survival analysis of high-risk 
and low-risk groups in the TCGA-train cohort based on the median risk score. (I) Distribution of risk scores 
in high-risk and low-risk groups in the TCGA-train cohort. (J) Distribution of survival status in high-risk and 
low-risk groups in the TCGA-train cohort. (K) Heatmap of expression levels of the five model genes in high-
risk and low-risk groups in the TCGA-train cohort. (L) ROC curves of the prognostic model for predicting 
1-, 3-, and 5-year overall survival rates of ccRCC patients in the TCGA-train cohort. (M) AUC values of risk 
scores, nomogram, and other clinical features. (N) Nomogram predicting 1-, 3-, and 5-year overall survival 
rates of ccRCC patients based on risk scores and clinical features. (O) DCA curves of the nomogram, risk 
scores, and other clinical features. (P) Calibration curves of the nomogram at 1, 3, and 5 years.
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pathway, ECM-receptor interaction, pertussis, AGE-RAGE signaling pathway in diabetic complications, PI3K-
Akt signaling pathway, coronavirus disease-COVID-19, phospholipase D signaling pathway, and HIF-1 signaling 
pathway (Fig. 4L).

A comprehensive analysis of the association between risk scores and TME immune infiltration in ccRCC 
revealed significant immunological patterns. Through multi-algorithm integration (CIBERSORT, XCELL, 

Figure. 4.  Prognostic and functional enrichment analysis of the SCRG risk assessment model. (A) The Sankey 
diagram illustrates differences in risk stratification and survival status between the two SCRG clusters. (B) 
Cluster A is mainly low-risk, whereas cluster B has a higher proportion of high-risk patients. (C) Box plots 
confirm the differences in risk scores between the two clusters. Univariate (D) and multivariate (E) regression 
analyses indicate that risk scores, pathological stage, and histological grade are independent prognostic factors. 
(F) Heatmaps show differences in age, gender, histological grade, and pathological stage between high-risk and 
low-risk groups. Patients with higher histological grade (G) and pathological stage (H) tend to have higher risk 
scores. (I) The expression of immune checkpoint genes was significantly upregulated in the high-risk group. 
(J) GSEA enrichment analysis in the high-risk group. GO (K) and KEGG (L) enrichment analyses of DEGs 
between high-risk and low-risk groups (We obtained permission from the Kanehisa laboratory to use KEGG 
images84–86.
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TIMER, QUANTISEQ, MCPCOUNTER, EPIC, and CIBERSORT-ABS), we identified distinct immune 
cell correlations: risk scores demonstrated positive associations with T cells CD8, T cells follicular helper, T 
cells regulatory(Tregs) while showing inverse relationships with T cells CD4 memory resting, monocytes, 
macrophages M1, mast cells resting (Figure 5A, C, G-I). ESTIMATE algorithm decomposition further revealed 
that high-risk patients exhibited significantly elevated immune and ESTIMATE scores compared to low-risk 
counterparts, though stromal scores showed no intergroup difference (Figure 5B). Immune function enrichment 
analysis delineated distinct activation patterns between risk groups. The high-risk group was enriched in 
APC-co-inhibition, APC-co-stimulation, CCR, checkpoint, cytolytic activity, HLA, inflammation-promoting, 
parainflammation, T cell-co-inhibition, and T cell-co-stimulation. Conversely, low-risk patients showed 
predominant activation of Type-II-IFN response (Figure 5D). Immune subtype stratification analysis revealed 
the inflammatory C3 subtype harbored the lowest risk scores, while the tissue-reparative C1 subtype showed 
maximal risk scores (Figure 5E). Notably, the five hub genes were also significantly associated with immune cell 
infiltration (Figure 5F). These multimodal findings suggest that while an elevated SCRG risk score correlates 
with increased immune infiltration density, this infiltrate appears functionally compromised—characterized by 
coexisting effector cell populations and suppressive regulatory elements. This paradoxical immune signature 
may underlie the clinical aggressiveness associated with high-risk ccRCC phenotypes.

Figure. 5.  Correlation analysis of risk scores with tumor microenvironment immune features in ccRCC. (A) 
Box plots display differences in tumor microenvironment cell type proportions between high-risk and low-
risk groups. (B) The ESTIMATE algorithm shows that the immune and ESTIMATE scores are significantly 
higher in the high-risk group, while the stromal score exhibits no statistical difference. (C) Multi-algorithm 
integration analysis indicates the correlation between risk scores and immune cell infiltration. (D) Differences 
in immune-related functions between high-risk and low-risk groups. (E) Distribution of immune subtypes 
in high-risk and low-risk groups. (F) Correlation analysis of model genes with immune cells. Scatter plots 
illustrate correlations between risk scores and Tregs (G), CD8 T cells (H), and resting mast cells (I).
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Tumor mutation burden and drug sensitivity with different SCRG risk scores
Tumor mutation burden (TMB) serves as an indirect indicator of the capacity and extent to which tumors 
generate neoantigens, and it has been demonstrated to predict the efficacy of immunotherapy across various 
tumor types. The results of somatic mutation analysis (Fig. S4A-B) revealed that the genes with the highest 
mutation frequencies in the high-risk group were VHL (41%), PBRM1 (36%), TTN (19%), SETD2 (14%), and 
BAP1 (14%). In the low-risk group, the most frequently mutated genes were VHL (42%), PBRM1 (38%), TTN 
(12%), SETD2 (8%), and DNAH9 (7%). The RNA-based stemness score (RNAss) analysis showed a positive 
correlation between the risk score and RNAss (Fig. S4C), suggesting that higher risk scores are associated with 
lower cellular differentiation and higher tumor malignancy. Additionally, we found that patients in the H-TMB 
group had worse prognoses compared to those in the L-TMB group (Fig. S4D). As anticipated, the subgroup 
with high TMB and high risk (H-TMB+high risk) exhibited the worst prognosis among all subgroups (Fig. S4E).

To identify potential therapeutic drugs for ccRCC patients, we evaluated commonly used drugs in clinical 
practice. Drug sensitivity analysis, based on the half-maximal inhibitory concentration (IC50), was employed to 
assess drug sensitivity, and over 100 drugs with varying sensitivities were screened. For simplicity, we selected 
only eight drugs for presentation. In the low-risk group, the IC50 values of erlotinib, gefitinib, ibrutinib, 
osimertinib, ruxolitinib, and ulixertinib were significantly lower than those in the high-risk group, indicating 
that these drugs may be more effective in the low-risk group. Conversely, dasatinib and lapatinib exhibited lower 
IC50 values in the high-risk group, suggesting they may be more suitable for high-risk patients (Fig. S4G–N).

Single-cell sequencing analysis reveals the expression of five hub genes in ccRCC
We acquired the single-cell RNA sequencing dataset GSE224630 from the GEO database, comprising seven 
samples (RCC1-5, RCC4f, and RCC5t) obtained from five distinct ccRCC patients. Following rigorous quality 
control and data filtering procedures, we applied the Harmony package to mitigate batch effects during data 
integration (Fig. S5A-C). Our analysis identified 3,000 highly variable genes highlighted in red, with the top 10 
most significant variable genes marked (Fig. S5D).

Through UMAP-based dimensionality reduction and clustering analysis of the seven tumor samples, we 
delineated 16 distinct cellular clusters (Fig. 6A-B). Systematic cell type annotation of these clusters revealed 
seven biologically relevant categories, achieved by leveraging established cell-type-specific marker genes such as 
CA9 (epithelial/tumor cells), PECAM1 (endothelial cells), and PTPRC (immune cells) (Fig. 6D, Fig. 6J). Notably, 
our analysis uncovered substantial inter-tumoral heterogeneity among the different patient samples (Fig. 6C).
Subsequent expression profiling of five hub genes demonstrated cell-type-specific patterns: KCNK5, PIK3R3, 
and TMCC3 showed predominant expression in endothelial cells, while EPS8 localized primarily to pericytes. 
TOP2A exhibited significant expression in epithelial/tumor cell populations (Fig. S5E, Fig. 6E-I, Fig. 6K). These 
expression patterns were visualized across the identified cell types to illustrate their differential distribution.

KCNK5 is associated with the prognosis, clinical features, and immune infiltration in ccRCC
Our analysis of transcriptome data from the TCGA-KIRC and GEO datasets (GSE40435, GSE53757), 
encompassing both ccRCC and normal samples, revealed consistently low expression of KCNK5 in ccRCC 
across multiple datasets (Fig. 7A-C). Survival analysis on the TCGA-KIRC, E-MTAB-1980, and ICGC-KIRC 
datasets demonstrated a significant association between reduced KCNK5 expression levels and poorer patient 
prognosis in ccRCC (Fig. 7D-F). Further investigation into the correlation between KCNK5 expression and 
clinical characteristics indicated that patients with lower KCNK5 expression exhibited more advanced disease 
progression, as evidenced by higher histological grades, pathological T stages, and pathological M stages (Fig. 
7G-I).Our examination of the relationship between KCNK5 expression and immune cell infiltration in ccRCC 
revealed significant associations. KCNK5 expression showed positive correlations with mast cells resting, 
dendritic cells resting, monocytes, NK cells activated, macrophages M1, and T cells CD8. Conversely, negative 
correlations were observed with Tregs, T cells gamma delta, mast cells activated, T cells CD4 memory activated, 
and macrophages M0 (Fig. 7J-L).Additionally, we conducted comprehensive analyses of the remaining four 
hub genes in TCGA-KIRC, focusing on their expression patterns, survival implications, and pathological T 
stages. These genes were found to be highly expressed in ccRCC. Notably, elevated TOP2A expression was 
associated with poorer prognosis in the tumor group, while reduced expression of PIK3R3, EPS8, and TMCC3 
correlated with worse outcomes. Furthermore, the downregulation of PIK3R3 and upregulation of TOP2A were 
significantly linked to increased pathological T stage, whereas EPS8 and TMCC3 showed no such significant 
association (Fig. S6A-D).

Overexpression of KCNK5 inhibits the proliferation, migration, and invasion of ccRCC cell 
lines
We validated the downregulated mRNA levels of KCNK5 in commonly used ccRCC cell lines and found that 
the protein levels of KCNK5 in ccRCC tissues were lower than those in adjacent normal tissues (Fig. 8A-B). This 
is consistent with our previous findings reported in public databases. Subsequently, we established a ccRCC 
cell line overexpressing KCNK5 (Fig. 8C-D) to investigate the biological function of KCNK5 in ccRCC. CCK8 
assay results indicated that KCNK5 overexpression significantly inhibited the proliferative capacity of ccRCC 
cells (Fig. 8E-F). Additionally, EdU cell proliferation assays revealed that KCNK5 overexpression significantly 
suppressed the proliferative activity of ccRCC cells (Fig. 8G-H). As demonstrated by cell wound healing 
experiments, compared with the control group, the KCNK5-overexpressing group exhibited larger wound areas 
at 12 and 24 hours post-wound, significantly delaying wound healing rates (Fig. 8I-J). Transwell migration and 
invasion experiments revealed that the migration and invasion capabilities of the KCNK5-overexpressing group 
were significantly reduced (Fig. 8K-L).
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Discussion
As one of the most prevalent malignancies in the urinary system, ccRCC poses significant diagnostic challenges 
in its early stages due to its asymptomatic presentation. Frequent delays in detection frequently lead to advanced 
metastatic disease at initial diagnosis. While current therapeutic strategies including targeted agents and 
immunotherapies have demonstrated partial success in improving patient outcomes, substantial limitations 
persist57. The heterogeneous treatment responses among individuals and the inevitable development of drug 
resistance ultimately result in disease progression to metastatic ccRCC in a subset of patients58. As previously 
established, SCRGs play pivotal roles in ccRCC pathogenesis. Nevertheless, existing research has predominantly 
focused on single-subunit mutations within SCRCs, with a notable paucity of investigations addressing the 
polygenic characteristics associated with SCRGs.

Figure. 6.  ScRNA-seq analysis reveals the expression patterns of five model genes in ccRCC. (A) UMAP 
plot colored by Patient ID.(B) UMAP dimension reduction identifying 16 cell clusters. (C) Distribution of 
intratumoral heterogeneity across patients. (D) UMAP plot with manually annotated cell types. (E–I, K) Cell 
type-specific expression patterns of the five model genes: KCNK5/PIK3R3/TMCC3 in endothelial cells, EPS8 in 
pericytes, and TOP2A in epithelial/tumor cells. (J) Marker gene expression levels across seven cell types.
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Figure. 7.  Prognostic and immunomodulatory significance of KCNK5 dysregulation in ccRCC. Reduced 
KCNK5 expression in tumor specimens across TCGA-KIRC (A), GSE40435 (B), and GSE53757 (C) cohorts. 
Survival disadvantage associated with KCNK5 underexpression in TCGA-KIRC (D), E-MTAB-1980 (E), 
and ICGC-KIRC (F) datasets. Clinicopathological correlations demonstrating KCNK5 downregulation with 
advanced disease features: elevated histological grade (G), higher pathological T-stage (H), and metastatic 
progression (I). (J) The lollipop plot visualizes the association between KCNK5 expression and immune cell 
infiltration in ccRCC. Significant negative relationship between KCNK5 expression and Tregs infiltration (K), 
contrasting with a positive association with mast cells resting (L).
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This investigation pioneers the stratification of ccRCC into two distinct molecular subtypes through 
unsupervised consensus clustering analysis of 29 SCRGs’ expression profiles. Survival analysis revealed 
significantly worse clinical outcomes in cluster B than in cluster A. Intriguingly, tumor microenvironment 
characterization demonstrated markedly elevated immune cell infiltration relative to cluster A. Mechanistically, 
functional enrichment analyses implicated SCRGs in modulating critical oncogenic pathways such as EMT, 
IL-6/JAK/STAT3 signaling, and fatty acid metabolic reprogramming, potentially driving clinical outcomes in 
ccRCC patients.

Figure. 8.  Functional validation of KCNK5 in ccRCC and its effects on cell proliferation, migration, and 
invasion. (A–B) KCNK5 mRNA and protein expression were markedly downregulated in tumors. (C–D) 
KCNK5-overexpressing ccRCC cell lines were successfully established. (E–H) KCNK5 overexpression 
significantly suppressed ccRCC cell proliferation. (I–J) The wound healing was delayed in the KCNK5-
overexpressing group. (K–L) KCNK5 overexpression significantly diminished the migration and invasion 
capabilities of ccRCC cells.
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In recent years, single-cell sequencing technology has experienced rapid development59. Single-cell 
sequencing technology and analytical tools enable oncologists to gain deeper insights into the tumor immune 
microenvironment and its impact on anti-tumor immune responses60. Furthermore, by employing advanced 
single-cell sequencing techniques, we visualized the expression patterns of five model genes (TMCC3, TOP2A, 
EPS8, PIK3R3, KCNK5) in ccRCC tissues. Results revealed that, except for TOP2A, which showed higher 
expression in epithelial/tumor cells, the other four model genes exhibited elevated expression in endothelial/
peritumoral cells. This suggests that these five model genes may be closely associated with the immune 
microenvironment of ccRCC. Based on these findings, we hold great promise for novel therapeutic approaches 
through immunotherapy.

Our machine learning-based 5-gene prognostic model (TMCC3, TOP2A, EPS8, PIK3R3, KCNK5) exhibited 
robust predictive performance across multiple independent cohorts. Survival analyses confirmed that elevated 
risk scores correlated significantly with poor clinical outcomes. ROC curve assessments demonstrated the 
model’s strong prognostic accuracy for ccRCC patients, with consistent validation in both test and external 
cohorts. GSEA revealed significant enrichment of EMT and G2M-checkpoint pathways in high-risk subgroups. 
Univariate and multivariate Cox analyses established risk scores as independent prognostic factors for ccRCC 
outcomes. We further integrated clinical parameters with the prognostic model to construct a nomogram, 
whose AUC value on the ROC curve substantially outperformed conventional clinical features. Multi-algorithm 
immune profiling uncovered distinct risk-stratified TME characteristics: while high-risk groups showed 
increased CD8+ T cell and Tfh cell infiltration, this coexisted with Tregs accumulation and upregulated immune 
checkpoints, forming a paradoxical “immune activation-suppression" state. This unique immune phenotype 
may explain poor treatment responses in highly infiltrated tumors. Multiple studies indicate that high levels of 
CD8⁺ T cell infiltration in ccRCC not only fail to predict favorable treatment responses but are instead associated 
with higher tumor grades, later stages, and poorer survival outcomes61–64. Consequently, a review article65 
reports that the immune microenvironment of ccRCC possesses unique suppressive mechanisms, preventing 
a large number of infiltrating T cells from effectively killing tumor cells. Despite its appearance of “high-level 
immune infiltration,” it is internally filled with dysfunctional T cells, immunosuppressive cells (such as Tregs), 
heterogeneous tumor cells, and a metabolically disordered microenvironment. TIDE scoring indicated greater 
immune escape potential in high-risk patients, suggesting reduced immunotherapy efficacy53. Conversely, Drug 
sensitivity analysis demonstrated enhanced sensitivity to targeted therapies and immunotherapies in low-risk 
groups. These findings confirm our model’s dual utility as both a prognostic predictor and TME biomarker while 
highlighting SCRGs’ critical role in ccRCC progression and therapeutic resistance.

Existing research shows that the five model genes play a role in influencing various tumor processes via 
multiple mechanisms. TMCC3, a member of the transmembrane and helical domains family (TMCCs) is found 
in the endoplasmic reticulum66. Studies have reported that TMCC3 enhances AKT activation, promoting 
the self-renewal and metastasis of breast cancer stem cells and leading to a poor breast cancer prognosis67. 
TOP2A regulates DNA topology during replication, transcription, and repair and is linked to various 
tumor malignancies68. In nasopharyngeal carcinoma, KDM5B indirectly upregulates TOP2A expression by 
demethylating the transcription start site histone H3K4, thus boosting cell proliferation, invasion, and cisplatin 
resistance69. Moreover, knocking down TOP2A considerably inhibits ccRCC cell proliferation and migration 
in experiments70. EPS8, initially identified as a substrate of tyrosine kinase receptors, is associated with 
malignant tumor phenotypes71. Studies indicate that silencing EPS8 can suppress EMT and cell proliferation 
in enzalutamide-resistant prostate cancer cells72. Additionally, an inhibitory short peptide blocking the SOS1/
EPS8/ABI1 trimer interaction has been developed to curb ovarian cancer metastasis73. In pancreatic ductal 
adenocarcinoma, EPS8 prevents BMI1 mediated ubiquitin-proteasome degradation of ALDH7A1, thereby 
promoting tumor cell survival and proliferation74. PIK3R3 encodes a regulatory subunit of phosphoinositide 
kinase75. Research shows that PIK3R3 expression is elevated in colorectal cancer. However, high PIK3R3 
expression can activate the NF-κB pathway to regulate TP transcription levels, thereby promoting 5-fluorouracil-
induced apoptosis76. Another study demonstrated that PIK3R3 overexpression induces EMT, enhancing 
colorectal cancer cell migration and invasion and promoting in vivo tumor metastasis77. Furthermore, studies 
have shown that PIK3R3 downregulation in VHL-deficient ccRCC leads to excessive AKT activation and tumor 
growth78. KCNK5 encodes a member of the potassium channel protein superfamily and is mainly expressed in 
the renal cortex’s distal convoluted tubules and collecting ducts79. Although studies have suggested that KCNK5 
may promote the proliferation of breast cancer cells80 and may be associated with poor prognosis in thyroid 
cancer81. However, our findings indicate that KCNK5 exerts a tumor-suppressive role in ccRCC. It is important 
to note that research has shown KCNK5 upregulation inhibits autophagy and induces pyroptosis in dry eye 
syndrome by regulating TNFSF1082. Another study reported that KCNK5 knockout improves renal fibrosis 
by reducing G2/M phase cell cycle arrest83. Therefore, we hypothesize that KCNK5 may induce pyroptosis in 
ccRCC cells by affecting autophagy-related pathways or suppress proliferation by inducing G2/M phase cell 
cycle arrest. Our study found that except for KCNK5, the other four model genes are highly expressed in ccRCC. 
Interestingly, KCNK5 is downregulated in ccRCC, and as its expression increases, the prognosis of ccRCC 
patients relatively improves. Clinical correlation analysis revealed that reduced KCNK5 expression is associated 
with poorer clinical outcomes in ccRCC patients. However, no significant correlation was observed between 
the expression levels of TMCC3 and EPS8 and the staging of ccRCC patients in the clinical correlation analysis. 
TOP2A and PIK3R3 have both been confirmed to influence ccRCC progression through different mechanisms. 
Therefore, we selected KCNK5 as the target gene for further experimental studies to clarify its biological role in 
ccRCC prognosis.

First, our data confirmed that KCNK5 expression is markedly downregulated in ccRCC cell lines and 
tissues, aligning with our prior bioinformatics findings. CCK-8 and EdU assay results showed that KCNK5 
overexpression significantly curbed ccRCC cell proliferation. Moreover, KCNK5 overexpression reduced wound 
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healing rates in ccRCC cell lines and suppressed cell migration and invasion in Transwell assays. Overall, our 
study demonstrates that KCNK5 overexpression inhibits ccRCC cell proliferation, migration, and invasion.

While our investigation leveraged multi-omics data from public repositories with systematic bioinformatics 
analysis and experimental validation, several limitations merit consideration. Our study primarily employed 
retrospective cohort analysis. While findings were validated in an independent cohort, limitations persist. First, 
we require additional prospective patient cohorts to validate our findings. Second, the interaction mechanisms 
between the SCRG prognostic model and tumor microenvironment infiltration and immune cell infiltration 
remain unclear, necessitating more experimental research. Finally, although we experimentally confirmed that 
KCNK5 inhibits ccRCC cell proliferation, migration, and invasion, the exact signaling pathways and mechanisms 
require further exploration.

Conclusions
In summary, this study systematically revealed the role of SCRGs in the subtyping and prognosis of clear cell 
carcinoma through bioinformatics techniques. The two identified subtypes (SCRGcluster A and SCRGcluster B) 
exhibited significant differences in functional enrichment and tumor immune microenvironment infiltration. 
The constructed prognostic model demonstrated predictive efficacy in external validation datasets. Experimental 
validation further revealed that overexpression of KCNK5 in ccRCC cell lines suppressed proliferative, migratory, 
and invasive capacities. Despite certain limitations, the identified core genes and preliminary experimental 
findings may provide new avenues for improving prognostic evaluation and treatment strategies in ccRCC. 
Future studies will focus on elucidating the precise molecular mechanisms involved, which may contribute to 
the development of novel therapeutic targets for ccRCC.

Data availability
All public datasets used in this study can be downloaded from the official websites. The original data could be 
obtained from the corresponding author upon reasonable request.
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