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Introduction

Renal cell carcinoma (RCC) is a common malignancy, 
accounting for approximately 4% of all cancers and nearly 
half of urinary tract cancers (Shi et al. 2023; Siegel et al. 
2021). Clear cell renal cell carcinoma (ccRCC), the most 
prevalent subtype, comprises 70–80% of RCC cases (Shuch 
et al. 2015). Characterized by clear cell morphology result-
ing from lipid and glycogen accumulation, ccRCC cells also 
exhibit irregular nuclei and abnormal chromatin, distin-
guishing them microscopically (Muglia and Prando 2015). 
Despite significant advances in the molecular understand-
ing of ccRCC, critical gaps persist, particularly in the areas 
of metabolic reprogramming during tumor progression and 
resistance to therapy. ccRCC exhibits the Warburg effect 
(aerobic glycolysis) and alterations in lipid metabolism, 
which supports tumor growth under hypoxic conditions and 
contributes to immune evasion and resistance (Wettersten 
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Abstract
Clear cell renal cell carcinoma (ccRCC) is the urological malignancy with the highest incidence, centrosome amplification-
associated genes (CARGs) have been suggested to be associated with carcinogenesis, but their roles in ccRCC are still 
incompletely understood. This study utilizes bioinformatics to explore the role of CARGs in the pathogenesis of ccRCC 
and to establish a prognostic model for ccRCC related to CARGs. Based on publicly available ccRCC datasets, 2312 
differentially expressed genes (DEGs) were identified (control vs. ccRCC). Disease samples were classified into high 
and low scoring groups based on CARG scores and analysed for differences to obtain 345 DEGs associated with CARG 
scores (S-DEGs). 137 candidate genes were obtained by taking the intersection of DEGs and S-DEGs. Six prognostic 
genes (PCP4, SLN, PI3, PROX1, VAT1L, and KLK2) were then screened by univariate Cox, LASSO, and multifactorial 
Cox regression. These genes exhibit a high degree of enrichment in ribosome-associated pathways. Both risk score and 
age were independent prognostic factors, and the Nomogram constructed based on them had a good predictive perfor-
mance (AUC > 0.7). In addition, immunological analyses identified 6 different immune cells and 23 immune checkpoints 
between the high- and low-risk groups, whereas mutational analyses identified frequent VHL mutations in both high- and 
low-risk groups. Finally, 93 potentially sensitive drugs were identified. In conclusion, this study identified six CARGs 
as prognostic genes for ccRCC and established a risk model with predictive value. These findings provide insights for 
prognostic prediction of ccRCC, optimisation of clinical management and development of targeted therapeutic strategies.
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et al. 2017) (Makhov et al. 2018). In addition, mutations in 
the VHL gene are a hallmark of ccRCC (Tan et al. 2023), 
with VHL inactivation causing overproduction of vascu-
lar endothelial growth factor (VEGF), leading to exces-
sive angiogenesis (Ding et al. 2024). These characteristics 
increase the complexity and treatment difficulty of ccRCC. 
Although novel immunotherapies and combination strate-
gies have improved the prognosis of some patients, effec-
tive treatment options remain limited. Therefore, there is an 
urgent need to identify new biomarkers and explore more 
effective treatment strategies. Furthermore, ccRCC has 
a high recurrence rate and low survival rate (Noone et al. 
2017), making early detection and intervention crucial. The 
exploration of prognostic models holds promise in address-
ing this challenge. This study aims to use bioinformatics to 
explore the mechanisms of ccRCC and establish more accu-
rate prognostic models to improve clinical management and 
treatment strategies.

Centrosome amplification (CA) refers to abnormalities 
in the size, number, and localization of centrioles, leading 
to distorted centrosome morphology (Godinho et al. 2014; 
Prakash et al. 2023). CA can be observed in various cancers 
and is associated with poor clinical outcomes, such as higher 
tumor grade, recurrence, and metastasis (Mittal et al. 2021). 
As tumors progress, the level of CA increases; normal tis-
sues exhibit the lowest CA levels, while invasive tumors 
have the highest (Zhao et al. 2021). This suggests that CA 
promotes tumor evolution and metastasis by enhancing cell 
invasion and increasing metastatic potential. Additionally, 
CA is closely linked to genomic instability, which can trig-
ger chromosomal deletions, replication errors, and translo-
cations, leading to mutations in key tumor suppressor genes 
and oncogenes. This instability further drives tumorigenesis 
(Saunders 2005). Studies have pointed out that the over-
expression of centrosomal replication proteins accelerates 
CA, resulting in centrosome dysfunction and mitotic dis-
turbances, including improper chromosome separation and 
changes in gene copy numbers (Vitre and Cleveland 2012; 
Zhang et al. 2023a). These genetic changes may bypass 
normal growth-regulatory mechanisms, such as cell cycle 
checkpoints and apoptosis, leading to malignant transfor-
mation. In cancers like breast cancer, CA causes chromo-
somal instability, making the tumor more aggressive (Denu 
et al. 2016).

Leucine zipper tumor suppressor 2 (LZTS2) is a potential 
tumor suppressor gene associated with centrosome amplifi-
cation in ccRCC and upregulation of LZTS2 is correlated 
with poor prognosis in ccRCC(Peng et al. 2022). Studies 
show that LZTS2 colocalizes with gamma-tubulin, MKLP1, 
and p80 katanin at the centrosomes of mitotic cells and 
serves as a regulator of microtubule severing at centrosomes 
(Sudo and Maru 2007, 2008). Abnormalities in LZTS2 may 

affect centrosome replication and stability. In conclusion, 
CA and the genomic instability it induces have become cen-
tral factors in promoting cancer progression, particularly 
in cancers where CA levels are significantly elevated. CA 
is considered a highly promising therapeutic target in such 
cancers (Anderhub et al. 2012; Bose and Dalal 2019). There-
fore, a deeper exploration of the development mechanisms 
of CA in ccRCC will not only enhance our understanding of 
this disease process but also provide valuable insights for 
ccRCC diagnosis and prognosis evaluation.

This study investigates centrosome amplification-related 
genes (CARGs) in ccRCC using transcriptomic data from 
public databases and existing literature. Prognostic genes 
were identified through univariate Cox regression, LASSO 
regression, and multivariate Cox regression to construct 
and validate a prognostic model. Further analyses, includ-
ing gene set enrichment analysis (GSEA), immune infiltra-
tion, immunotherapy sensitivity, mutation landscape, and 
transcription factor regulatory networks, were conducted 
to explore the molecular mechanisms of the selected prog-
nostic genes. These findings offer valuable contributions to 
clinical diagnosis and prognosis for ccRCC, emphasizing 
the critical role of CARGs and providing a foundation for 
future personalized treatment strategies.

Materials and methods

Data extraction

RNA-seq expression profiles, along with clinical feature 
data (age, stage, gender, tumor-node-metastasis (TNM) 
stage, and somatic mutations) for 603 ccRCC samples, were 
retrieved from The Cancer Genome Atlas (TCGA)-KIRC 
dataset on July 15, 2024 (​h​t​t​p​​s​:​/​​/​p​o​r​​t​a​​l​.​g​d​c​.​c​a​n​c​e​r​.​g​o​v​/). 
The dataset comprised 527 ccRCC samples and 72 controls, 
excluding 4 ccRCC samples without survival information. 
The TCGA-KIRC dataset was designated as the training 
set. Both expression profiles and clinical data were utilized 
for gene identification and risk model development (Xiao 
et al. 2020). Additionally, the GSE29609 dataset (GPL1708 
platform) was obtained from the Gene Expression Omnibus 
(GEO) database (​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​​.​n​l​m​​.​n​i​​h​.​g​​o​v​/​g​e​o​/), ​c​o​n​
s​i​s​t​i​n​g of 39 ccRCC patient samples, and used as a vali-
dation set. Furthermore, 134 CARGs were sourced from a 
published study(Liu et al. 2024c).

Data processing

For the training set TCGA-KIRC, the counts data in it were 
first processed by inverse log2 transformation and round-
ing, and then the counts and FPKM data containing only 
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the genes encoding proteins (mRNA) were filtered out. For 
the validation set GSE29609, the annotation information 
of the genes was first obtained using the idmap function 
of the AnnoProbe package (v 0.1.0) (Zeng 2019), and then 
the mean values of the expression were sorted from largest 
to smallest, and only the first probe data of its expression 
was retained for each gene, which avoids the redundancy of 
data introduced by the duplicate probes. Finally, genes with 
expression less than 0 and non-coding were removed.

Characterization of candidate genes

First, differentially expressed genes (DEGs) between ccRCC 
and control groups were identified in the training set using 
the “DESeq2” (v 1.38.0) package (Love et al. 2014) with 
thresholds of|log2Fold Change (FC)| > 2 and p.adj < 0.05. 
DEGs, along with the top 10 upregulated and downregu-
lated genes, were visualized using the “ggplot2” (v 3.4.1) 
and “pheatmap” (v 1.0.12) packages, respectively(Gu 2022) 
(Zhang et al. 2023d). Next, variations in CARG expres-
sion between ccRCC and control groups were assessed 
via single-sample gene set enrichment analysis (ssGSEA) 
using the “GSVA” (v 1.42.0) package(Liu et al. 2021). Each 
CARG was scored, and the Wilcoxon test (p < 0.05) was 
used to compare the ssGSEA scores of CARGs between 
ccRCC and control groups. To assess differences in survival 
rates of ccRCC samples in the training set, disease samples 
were categorized into high and low-scored groups based on 
the best cut-off value of the CARG score. The “survival” 
package (v 3.5.3)(Liu et al. 2021) was used to plot Kaplan-
Meier (KM) survival curves for the high- and low-scored 
groups, with the Log-rank test applied to assess survival 
differences. Following this, the “DESeq2” (v 1.38.0) pack-
age was used to identify S-DEGs between the high- and 
low-scored groups (|log2FC| > 1, p.adj < 0.05), which were 
visualized using the “ggplot2” (v 3.4.1) package. DEGs and 
S-DEGs were intersected using the “ggvenn” package (v 
0.1.9)(Gao et al. 2024) to identify candidate genes for sub-
sequent analysis.

Enrichment analyses of candidate genes

To explore the functions and involved pathways of the can-
didate genes, Gene Ontology (GO) and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) enrichment analyses were 
performed using the “clusterProfiler” package (v 4.7.1003) 
(Wu et al. 2021), with significance set at adj.p < 0.05. The 
GO analysis included three components: biological pro-
cesses (BPs), cellular components (CCs), and molecular 
functions (MFs). The GO results were ranked in descend-
ing order based on the number of enriched genes, and the 
top 5 results from each GO category, along with the top 10 

most significantly enriched KEGG pathways (ordered by 
p-value), were presented.

Identification of prognostic genes and construction 
of risk model

To identify genes associated with the prognosis of patients 
with ccRCC in candidate genes, samples with survival 
information less than 90 days were excluded from both 
the training and validation sets, leaving 498 samples in the 
training set and 37 samples in the validation set. Prognostic 
genes were identified, and a risk model was developed in 
the training set through a three-step analysis. First, univari-
ate Cox regression analysis was conducted on the candidate 
genes using the “coxph” function in the “survival” pack-
age (v 3.5.3)(Liu et al. 2021), applying criteria of hazard 
ratio (HR) ≠ 1 and p < 0.2. Next, the proportional hazards 
(PH) assumption test was performed for the genes identi-
fied by univariate Cox regression; genes with p > 0.05 were 
excluded from further analyses. The remaining genes were 
then subjected to least absolute shrinkage and selection 
operator (LASSO) regression using the “glmnet” package 
(v 4.1-4)(Friedman et al. 2010), with 10-fold cross-valida-
tion. The optimal model was selected based on the minimum 
model error, corresponding to the lambda value, lambdamin. 
Finally, multivariate Cox regression analysis was applied to 
the genes from the previous steps using the “survival” pack-
age (v 3.5.3), with genes having p < 0.05 and meeting the 
PH assumption (p > 0.05) considered as prognostic markers. 
The resulting coefficients from the multivariate Cox regres-
sion were used to develop the risk model via the following 
formula:

score =
n∑

(i=1)

βi ∗ xi

In this equation, β denotes the risk coefficients for each 
prognostic gene, and x represents the expression level of 
each gene.

Validation of the risk model

After developing the risk model, patients with ccRCC 
were categorized into high-risk and low-risk groups based 
on the risk score and optimal threshold in both the train-
ing and validation sets. To validate the model, risk curves 
and survival plots were generated for each patient using 
the “ggplot2” package (v 3.4.1). KM curves for the two 
risk groups were plotted using the “survival” package (v 
3.5.3), and survival differences between the groups were 
assessed via the Log-rank test (p < 0.05). The accuracy of 
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were ranked according to their coefficients. Subsequently, 
GSEA was performed using the “clusterProfiler” package (v 
4.7.1003) (p < 0.05 and false discovery rate [FDR] < 0.25), 
with the “c2.cp.kegg.v7.4.symbols.gmt” dataset from the 
Molecular Signatures Database (MSigDB) (​h​t​t​p​​:​/​/​​w​w​w​.​​g​s​​e​
a​-​​m​s​i​g​​d​b​.​​o​r​g​​/​g​s​​e​a​/​​m​s​i​g​​d​b​​/​i​n​d​e​x​.​j​s​p) serving as the ​r​e​f​e​r​e​n​
c​e​. The top five most significantly enriched pathways were 
reported, ordered by p-value.

Immune infiltration and differential immune 
checkpoint analysis

To investigate the distribution of immune cell infiltra-
tion in both risk groups, the “CIBERSORT” algorithm in 
the “IOBR” package (v 0.99.8) (Zhang et al. 2024) was 
used to assess the relative proportions of 22 immune cell 
types(Chen et al. 2019a) in the training set. The Wilcoxon 
test was then applied to identify differential immune cell 
distributions between the two risk groups (p < 0.05), exclud-
ing cells that exhibited immune infiltration in less than 
50% of samples. Spearman correlation analysis was con-
ducted using the “psych” package (v 2.4.6) (Kasyanov et 
al. 2023) to explore the relationship between differential 
immune cells and prognostic genes (|correlation (cor)| > 
0.3, p < 0.05). To further assess the correlation between 
risk score and immune checkpoints, the expression levels 
of 48 immune checkpoints(Hu et al. 2021) were compared 
between the two risk groups using the Wilcoxon test, and 
Spearman analysis was also performed to explore the rela-
tionship between differential immune checkpoints and prog-
nostic genes (|cor| > 0.3, p < 0.05).

Mutation analysis

To examine tumor mutation burden (TMB) and the impact 
of immune checkpoint inhibitors (ICI) therapy, somatic 
mutation data from the ccRCC training set were analyzed 
to determine mutation rates in both risk groups. The top 20 
mutated genes and 10 mutation types were visualized using 
the “oncoplot” function in the “maftools” package (v 2.18.0)
(Xu et al. 2021). Additionally, survival differences between 
high and low TMB score groups were explored.

Transcription factor (TF)-mRNA regulatory network 
construction

For the identification of potential TFs regulating the expres-
sion of prognostic genes, these genes were imported into the 
NetworkAnalyst database (​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​e​t​w​o​r​k​a​n​a​l​y​s​t​.​c​a​/) 
for TF prediction, with the aim of revealing how these tran-
scription factors affect prognostic gene expression, thus pro-
viding clues for further functional studies. The TF-mRNA 

the risk prediction was evaluated by plotting receiver oper-
ating characteristic (ROC) curves using the “survivalROC” 
package (v 0.4.9) (Zhang et al. 2023c) in both datasets, with 
survival time points at 1, 2, and 3 years. An area under the 
curve (AUC) greater than 0.6 indicated good predictive per-
formance. Additionally, heatmaps were generated using the 
“pheatmap” package (v 1.0.12) to display the expression of 
prognostic genes across both risk groups.

Correlation analysis between risk score and clinical 
features along with independent prognostic 
analysis

To investigate the distribution of risk scores across sub-
groups defined by clinical features and evaluate the predic-
tive power of the risk score for these features, KM curves 
generated by the “survival” package (v 3.5.3) were used to 
assess differences between the risk groups for each clinical 
feature (p < 0.05). Univariate and multivariate Cox regres-
sion analyses (p < 0.05), along with the PH assumption test 
(p > 0.05), were performed to determine whether the risk 
score is an independent prognostic factor and to identify 
other independent prognostic factors using the “survival” 
package (v 3.5.3) in the training set. Results were visualized 
with the “forestplot” package (v 3.1.1) (Jiang et al. 2021), 
and independent prognostic factors were used to develop a 
nomogram.

Nomogram establishment and validation

Based on independent prognostic factors, the 1-, 2-, and 
3-year mortality rates in the training set were considered 
as outcome events, and a nomogram was developed using 
the “rms” (v 6.5) package(Liu et al. 2021). For mortality 
risk prediction, the nomogram assigned individual scores to 
each variable based on its value, and the total score was the 
sum of the individual scores. The total points corresponded 
to the mortality probability (Pr), with higher total scores 
indicating a higher risk of mortality. Calibration curves 
were generated using the “rms” (v 6.5) package, while 
ROC curves and decision curve analysis (DCA) were per-
formed using the “survivalROC” (v 0.4.9) and “rmda” (v 
1.6) packages(Liu et al. 2024a) to evaluate the nomogram’s 
predictive accuracy and effectiveness.

Gene set enrichment analysis (GSEA)

To explore the potential biological functions of the prog-
nostic genes in ccRCC progression, the “psych” package (v 
2.4.6) (Kasyanov et al. 2023) was used to calculate correla-
tion coefficients for each prognostic gene against all other 
genes in the training set (high-risk vs. low-risk). Genes 
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of body fluid levels, while the most enriched CCs were 
apical part of the cell and apical plasma membrane. Key 
MFs included active transmembrane transporter activity 
and monoatomic ion channel activity (Fig. 2a). In KEGG 
pathway analysis, 125 entries were significantly enriched 
(Fig. 2b), with pathways such as the synaptic vesicle cycle 
and collecting duct acid secretion predominating. These 
results highlighted the importance of transmembrane trans-
port and transporter proteins, suggesting that candidate 
genes might regulate ccRCC progression by influencing 
transmembrane transport mechanisms.

A total of six prognostic genes were identified for 
risk model construction

A univariate Cox regression analysis was conducted on the 
137 candidate genes in the training set, yielding 42 genes 
with significant prognostic value (e.g., CA10, SLC9A4, 
RP11.35N6.1) (Fig. 3a). Of these, 41 genes passed the PH 
assumption test (p > 0.05) and were considered for further 
analysis (Table  1). LASSO regression with a lambdamin 
value of 0.02309276 (log(Lambda) = -3.768236) identified 
19 genes (PAGE2, PI3, FXYD4, HSD11B2, SLN, RAB25, 
VAT1L, MAGEC3, SBSN, KLK2, SCNN1A, GPR110, 
PROX1, MAGEC2, ITIH1, CWH43, REG1B, PCP4, and 
RP11.35N6.1) (Fig.  3b, c). Multivariate Cox regression 
analysis revealed that six genes (PCP4, SLN, PI3, PROX1, 
VAT1L, and KLK2) had p-values < 0.05 (Fig.  3d), and all 
passed the PH assumption test (p > 0.05). These six genes 
were thus classified as prognostic markers, with PCP4 
serving as a protective factor and the remaining five genes 
(SLN, PI3, PROX1, VAT1L, and KLK2) acting as risk 
factors. A risk model was subsequently developed, with 
each patient with ccRCC assigned a risk score based on 
the coefficients derived from the multivariate Cox regres-
sion analysis: risk score = PCP4 × (-0.47089) + SLN × (0.
17315) + PI3 × (0.21661) + PROX1 × (0.61581) + VAT1L × 
(0.25467) + KLK2 × (1.81717).

Risk model has been verified

In both the training and validation sets, risk scores for each 
patient with ccRCC were computed. Based on the opti-
mal cutoff values (training set: 0.01661667, validation set: 
-0.4392974), patients with ccRCC were stratified into high-
risk and low-risk groups (Fig. 4a, b). A positive correlation 
was observed between increasing risk scores and higher 
mortality rates (Fig. 4c, d). Survival analysis revealed sig-
nificant differences in survival rates between the two groups 
in both datasets (p < 0.05), with patients in the high-risk 
group exhibiting poorer survival outcomes (Fig. 4e, f). The 
1-, 2-, and 3-year ROC curve AUCs exceeded 0.6 in both 

regulatory network was constructed using “Cytoscape” (v 
3.7.2)(Shannon et al. 2003).

Drug sensitivity analysis

To further evaluate the chemotherapeutic response of 
patients with ccRCC in the training set, the “pRRophetic” 
package (v 0.5) (Yan et al. 2022) was used to calculate the 
half-maximal inhibitory concentration (IC50) values for 
138 common chemotherapy drugs. Drug information was 
sourced from the Genomics of Drug Sensitivity in Can-
cer database (GDSC, https://www.cancerrxgene.org/). The 
top 10 drugs with significantly higher or lower IC50 val-
ues between the two risk groups were visualized using the 
“ggplot2” package (v 3.4.1).

Statistical analysis

All bioinformatics analyses were conducted using “R” soft-
ware (v 4.2.2), with a significance threshold of p < 0.05.

Results

A total of 137 candidate genes were characterized

In the training set, a total of 2,312 DEGs were identified 
between ccRCC and control groups, consisting of 1,500 
up-regulated genes (e.g., PAEP, ADAM18, SLC18A3) and 
812 down-regulated genes (e.g., SLC12A1, AQP2, UMOD) 
(Fig. 1a). The density and expression levels of these genes in 
ccRCC and control groups are shown in Fig. 1b. Addition-
ally, ssGSEA scores of CARGs were significantly higher in 
the control group (Fig. 1c). Based on the median ssGSEA 
scores, ccRCC samples in the training set were categorized 
into high and low-scored groups. Kaplan-Meier analy-
sis revealed that the survival rate of the low-scored group 
was significantly higher than that of the high-scored group 
(Fig. 1d). A total of 345 S-DEGs were identified between 
the high and low-scored groups, including 22 up-regulated 
genes (e.g., CASP14, REG1B, SP8) and 323 down-regulated 
genes (e.g., KLK1, HHATL, RHCG) (Fig. 1e). Ultimately, 
137 candidate genes were selected through the intersection 
of the 2,312 DEGs and 345 S-DEGs (Fig. 1f).

Enrichment results of candidate genes

Following the identification of candidate genes, a series of 
functional analyses were conducted. The candidate genes 
were enriched in 241 Gene Ontology (GO) terms, includ-
ing 157 BPs, 22 CCs, and 62 MFs. The most significantly 
enriched BPs included sodium ion transport and regulation 
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Fig. 1  A total of 137 candidate genes were characterized. a Volcano 
plot of differential genes between ccRCC and control groups. b Heat 
map of differential gene expression between ccRCC and control 
groups. c Box plots of differences in CARGs scores between ccRCC 

and control groups. d CARGs scores in high and low scoring groups 
survival differences. e Differential gene volcano plots between high 
and low scoring groups. f Obtain a Venn diagram of the candidate gene
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curve AUCs were ≥ 0.7, and DCA curves indicated that all 
factors were above the “All” diagonal line and the “None” 
horizontal line, indicating satisfactory clinical prediction 
performance (Fig. 6b-d).

GSEA results

GSEA of prognostic genes in the training set was performed 
to elucidate their potential functions between the two risk 
groups. Among these, PCP4 was primarily enriched in oxi-
dative phosphorylation, cardiac muscle contraction, and 
spliceosome pathways, with all pathways showing upregu-
lation except for spliceosome (Fig. 7a). SLN was predomi-
nantly enriched in complement and coagulation cascades, 
ribosome, and valine, leucine, and isoleucine degradation 
pathways, with upregulation in all pathways except for the 
latter (Fig.  7b). KLK2 showed significant enrichment in 
olfactory transduction, focal adhesion, and renal cell car-
cinoma pathways (Fig. 7c), suggesting a strong association 
with ccRCC, with downregulation observed in all pathways 
except for olfactory transduction. PL3 exhibited upregula-
tion in ribosome and cytokine-cytokine receptor interaction 
pathways, while showing downregulation in valine, leu-
cine, and isoleucine degradation, propanoate metabolism, 
and fatty acid metabolism (Fig. 7d). VAT1L was enriched 
in the calcium signaling pathway and focal adhesion, with 
downregulation in lysosome, peroxisome, and porphyrin 
and chlorophyll metabolism (Fig.  7e). Finally, GSEA of 
PROX1 revealed downregulation in all pathways, includ-
ing ribosome, oxidative phosphorylation, and three disease-
related pathways (Fig.  7f). Notably, four genes—KLK2, 
PI3, PROX1, and SLN—were all enriched in the ribosome 

sets, confirming the model’s predictive accuracy (Fig. 4g, 
h). Heatmap analysis indicated significantly higher expres-
sion levels of SLN, PI3, PROX1, KLK2, and VAT1L in the 
high-risk group, while PCP4 expression was elevated in the 
low-risk group of the training set (Fig. 4i). These findings 
were similarly observed in the validation set (Fig. 4j).

Relationship between risk score and clinical features 
as well as evaluation of independent prognostic 
factors

Risk scores differed significantly across subgroups catego-
rized by T stage (T1-3), M stage (M0-1), clinical stage (2–4), 
gender, and age (≤ 60 vs. > 60), as determined by Kaplan-
Meier curve analysis (Fig.  5a). Patients with low-risk 
scores consistently exhibited higher survival rates across 
all clinical subgroups. Univariate Cox regression analysis 
revealed significant associations between risk score, age, 
stage, T stage, and M stage with patient prognosis (p < 0.05) 
(Fig. 5b), though stage, T stage, and M stage did not pass 
the proportional hazards assumption (p < 0.05) and were 
excluded. Ultimately, risk score and age, both of which 
passed multivariate Cox regression analysis (p < 0.05), were 
identified as independent prognostic factors (Fig. 5c).

Nomogram development and validation

A nomogram was constructed to predict the 1-, 2-, and 
3-year mortality rates of patients with ccRCC (Fig. 6a), with 
predictions based on total points. The clinical utility of the 
nomogram was further assessed using calibration curves, 
ROC curves, and DCA. Calibration curves showed close 
alignment with the ideal curve for all time points. ROC 

Fig. 2  Functional analyses of candidate genes. a GO enrichment analy-
sis of candidate genes. Yellow, blue, and green represent biological 
processes, cellular components, and biological functions, respectively. 

b Candidate gene KEGG enrichment analysis. Redder colours indicate 
greater significance
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immune cell types, revealing six differential immune cell 
types. Notably, regulatory T cells (Tregs) and M0 macro-
phages were more highly infiltrated in the high-risk group, 
whereas activated natural killer (NK) cells, monocytes, rest-
ing myeloid dendritic cells, and activated mast cells were 
more prominent in the low-risk group (Fig. 8b). Correlation 
analysis demonstrated a strong positive correlation between 
M0 macrophages and PI3 and SLN, while activated mast 
cells exhibited a negative correlation with SLN (Fig.  8c). 
In parallel, 23 differential immune checkpoints were identi-
fied, with ADORA2A, HHLA2, and TNFRSF14 showing 
higher expression in the low-risk group, while the remaining 

pathway, suggesting that these prognostic genes may exert 
their functions through the regulation of ribosomal activity.

A total of six types of differential immune cells and 
23 differential immune checkpoints were identified

The distribution and proportion of 22 immune cell types in 
the high- and low-risk groups of the training set are pre-
sented in Fig. 8a, with M2 macrophages showing the high-
est proportion in both groups. Following exclusion of seven 
immune cell types with infiltration in fewer than 50% of 
the samples, differential analysis was conducted on 15 

Fig. 3  A total of 6 prognostic genes were obtained. a Univariate Cox 
regression analysis based on candidate genes and forest plotting. b Plot 
of gene coefficients for LASSO analysis, c Cross-validation error plot 

for LASSO analysis. d Screening of prognostic genes by multivariate 
Cox regression and mapping of forests
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exhibited a negative correlation with five of these check-
points (Fig. 8e). The expression levels of SLN and PI3 may 
thus influence the efficacy of immune checkpoint inhibitor 
therapy.

Gene VHL exhibited the highest mutation frequency

Mutation analysis of the top 20 mutated genes in somatic 
cells revealed that VHL exhibited the highest mutation fre-
quency in both risk groups, with missense mutations being 
the predominant mutation type (Fig. 9a, b). Using the opti-
mal threshold for TMB scores (1.078947), patients in the 
training set were stratified into high and low TMB score 
groups (Fig.  9c), with high TMB scores correlating with 
significantly lower survival probabilities.

Sensitive drugs were identified in high and low risk 
groups

Drug sensitivity analysis using the Wilcoxon test revealed 
that the IC50 values of 27 drugs, including AS601245, 
Epothilone B, FH535, GSK.650,394, and EHT.1864, were 
significantly higher in the high-risk group (Fig. 10a). Con-
versely, 63 drugs, such as JNK.Inhibitor.VIII, BX.795, 
ZM.447,439, RO.3306, and X17.AAG, showed higher IC50 
values in the low-risk group (Fig. 10b).

TF-mRNA regulatory network of prognostic genes

In the TF-mRNA regulatory network, 34 TFs were predicted 
by PROX1, 4 by PCP4, and 3 by VAT1L, with no TFs pre-
dicted by SLN, PI3, or KLK2. The network consisted of 43 
nodes and 42 edges, with TF RAD21 simultaneously regu-
lating VAT1L and PCP4, and CTCF regulating both VAT1L 
and PROX1 (Fig. 11).

Discussion

ccRCC is the most prevalent type of kidney cancer and a 
leading cause of cancer-related mortality(Brannon et al. 
2010). Despite the advent of new immunotherapies and tyro-
sine kinase inhibitors (TKIs), metastasis and mortality rates 
continue to rise annually. CA frequently accompanies cancer 
cells, and it has been established as a key factor in the devel-
opment of various tumors and poor prognosis(Fukasawa 
2005; Levine et al. 2017; Zhang et al. 2020). However, the 
specific molecular mechanisms underlying CARGs and 
their relationship with ccRCC remain poorly understood. 
This study identifies six prognostic genes (PCP4, SLN, 
PI3, PROX1, VAT1L, and KLK2) through comprehensive 
bioinformatics analysis to address this gap, and constructs 

20 immune checkpoints were more highly expressed in the 
high-risk group (Fig. 8d). The relationship between differ-
ential immune checkpoints and prognostic genes revealed 
that SLN and PI3 were positively correlated with a greater 
number of differential immune checkpoints, while PCP4 

Table 1  Results of PH assumption test in univariate Cox regression
Gene chisq df p
SLC9A4 3.32075667 1 0.068410336
SIX4 3.069225037 1 0.079787499
AQP6 2.894106972 1 0.088904029
HAO1 2.563653396 1 0.109345631
PAGE2 2.268193144 1 0.132053781
MAGEC2 2.158161539 1 0.141814277
SCNN1A 1.755901779 1 0.185136513
CLCNKB 1.383226773 1 0.239552274
CA10 1.085446647 1 0.297482291
SLN 1.082182026 1 0.298209934
CLDN8 1.002831615 1 0.316626309
MMP13 0.996081288 1 0.318260583
NUPR1L 0.948551193 1 0.330088353
SBSN 0.792913303 1 0.373220658
RP11.35N6.1 0.749193753 1 0.386731614
VAT1L 0.713067911 1 0.398427217
REG1B 0.642661061 1 0.422748828
MAGEA3 0.640195852 1 0.423639885
TEX19 0.625422524 1 0.42903935
UMOD 0.48564859 1 0.485874817
KRT6B 0.386051481 1 0.534382248
ITIH1 0.338135512 1 0.560907422
TFCP2L1 0.330223734 1 0.565527375
CWH43 0.321620485 1 0.570635416
MAL 0.285764359 1 0.592947702
RAB25 0.265298747 1 0.606502991
MAGEC3 0.240724066 1 0.623683645
SLC4A1 0.2298466 1 0.631637596
FXYD4 0.218776317 1 0.63997389
MUC17 0.212054766 1 0.645161644
HSD11B2 0.193573884 1 0.659958602
SSX1 0.10568372 1 0.745112711
PI3 0.079754134 1 0.777630877
PCP4 0.05658088 1 0.811983974
AADAC 0.040864701 1 0.839799308
ATP6V0A4 0.023623565 1 0.877846605
GPR110 0.021903707 1 0.88234355
KLK2 0.017008579 1 0.896236564
TMEM213 0.010434236 1 0.918639115
SLC38A3 0.004768222 1 0.944947979
PROX1 0.00227973 1 0.96191826
Results of PH Assumption Test in Univariate Cox Regression Table 
presents the results of the proportional hazards (PH) assumption test 
for 137 candidate genes in the univariate Cox regression analysis. 
It includes the p-values for each gene’s PH assumption test, with 
those passing the assumption (p > 0.05) being selected for subsequent 
analyses. Genes that met the PH assumption criteria were considered 
for further evaluation in LASSO and multivariate Cox regression to 
identify potential prognostic biomarkers for ccRCC
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studies that isolated immune and mutation analyses (Fukuda 
et al. 2016; Song et al. 2024) did not approach the issue 
from a comprehensive clinical application perspective. 
In contrast, this study integrates immune microenviron-
ment analysis, mutation patterns, and drug sensitivity data, 

and validates a risk model based on these genes. Compared 
to previous studies that focused on single genes or limited 
datasets (Imamura and Kiyama 2024; Peng et al. 2022), 
this study utilizes various public datasets (such as TCGA, 
ICGC, and GEO), providing a reliable prognostic predic-
tion and personalized treatment guidance. Moreover, past 

Fig. 4  Validation of the risk model. a-b Risk 
profiles of the training set TCGA-KIRC 
and validation set GSE29609 samples.c-d 
Survival state distribution of the training set 
TCGA-KIRC and validation set GSE29609 
samples. e-f KM curves for high and low risk 
groups in the training set TCGA-KIRC and 
validation set GSE29609. g-h ROC curves of 
the model in the training set TCGA-KIRC and 
the validation set GSE29609. i-j Heatmap of 
prognostic gene expression in high and low 
risk groups (training set TCGA-KIRC and 
validation set GSE29609)
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Fig. 5  Screening for independent prognostic factors. a Risk score 
analysis of K-M survival curves for different clinical characteristics. 
b Forest plot of Univariate Cox regression analysis of clinical data 

information and risk scores for all ccRCC patients in the training set 
TCGA-KIRC. c Multivariate Cox regression screening for indepen-
dent prognostic factors
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al. 2024) and has also been linked to ccRCC (Rae et al. 
1999). GSEA reveals that KLK2 is enriched in renal cell 
carcinoma pathways, further establishing its relevance to 
ccRCC development. Elevated KLK2 expression correlates 
with higher tumor grades and stages in Pca, and its fusion 
with FGFR2 promotes cancer cell growth and metastasis 

offering new insights for personalized prognosis and treat-
ment response evaluation that are clinically relevant.

The six prognostic genes identified in this study have 
substantial clinical and biological significance. KLK2, a 
serine protease, is well-known for its involvement in pros-
tate cancer (Pca) (Nam et al. 2006; Paniagua-Herranz et 

Fig. 6  Nomogram constructed based 
on independent prognostic factors. 
a Nomogram constructed based on 
independent prognostic factors. b The 
1-year, 3-year, and 5-year calibra-
tion curves for the nomogram. c The 
1-year, 3-year, and 5-year ROC curves 
for the nomogram.d The DCA for the 
nomogram
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2008; Oikonomopoulou et al. 2010). KLK2’s association 
with the immune microenvironment and its mild correla-
tion with TMPRSS2 deletion suggest a multifaceted role in 
cancer progression (Nam et al. 2006; Paniagua-Herranz et 
al. 2024).

PCP4 is the sole protective factor among the six prognos-
tic genes identified in this study. As Purkinje cell protein 4 

(Krook et al. 2019). Moreover, KLK2 expression is upregu-
lated through promoter demethylation mediated by pro-
tein kinase N (PKN), a key regulator of the PI3K pathway 
involved in cell cycle progression and centrosome function. 
This epigenetic regulation links KLK2 to PI3K-mediated 
cell cycle control and centrosome amplification, supporting 
its role in tumorigenesis(Giles et al. 2021; Metzger et al. 

Fig. 7  GSEA based on prognostic genes a PCP4, b SLN, c KLK2, d PL3, e VAT1L, f PROX1
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Recent studies highlight PCP4’s significant involvement 
in the regulation of calmodulin, a calcium-binding messen-
ger protein critical for various cellular processes, includ-
ing apoptosis and cell proliferation. Notably, miR-122 has 
been found to regulate osteoblast differentiation by target-
ing PCP4, which in turn inhibits osteoblast proliferation and 

peptide, it works in conjunction with PEP19 to exert anti-
apoptotic effects (Hamada et al. 2014). Research has shown 
that the PCP4/PEP19 complex not only plays a role in neu-
ronal differentiation but also influences the tumor micro-
environment by regulating calcium deposition and mineral 
nodule formation in osteoblasts (Kitazono et al. 2020). 

Fig. 8  Immune infiltration and 
differential immune checkpoint 
analysis. a The xCell algorithm 
assesses the distribution of 
immune cells in high and low risk 
groups. b Differences in the distri-
bution of immune cell infiltration 
between high and low risk groups. 
c Correlation analysis of differen-
tial immune cells and prognostic 
genes between high and low risk 
groups. d Boxplot of difference 
analysis of common immune 
checkpoints between groups for 
high and low risk groups. e Cor-
relation of prognostic genes with 
differential immune checkpoints. 
ns: not significant, *: p < 0.05, 
**: p < 0.01, ***: p < 0.001, ****: 
p < 0.0001
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expression via siRNA results in significant increases in 
neuronal outgrowth and centrosome fragmentation, under-
scoring its critical role in both centrosome integrity and 
the cell cycle(Kitazono et al. 2020; Paniagua-Herranz et al. 
2024; Venables et al. 1988). The anti-apoptotic functions of 
PCP4/PEP19 have also been observed in breast cancer cell 

differentiation through activation of the JNK pathway(Meng 
et al. 2020). Moreover, alterations in PCP4 expression have 
been linked to changes in centrosome dynamics, which 
contribute to CA, a hallmark of cancer cells. This suggests 
that PCP4 may regulate centrosome stability in addition to 
its role in promoting cell survival. Knockdown of PCP4 

Fig. 9  Mutation analysis based 
on high and low risk groups. a 
Waterfall plot of tumour somatic 
cell mutations in the high risk 
group. b Waterfall plot of tumour 
somatic mutations in the low risk 
group. c Survival differences in 
TMB scores between high and 
low risk groups
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including its impact on cell proliferation, apoptosis, centro-
some amplification, and overall tumorigenesis.

PI3 kinase is a central mediator in immune cell signal-
ing networks, playing an essential role in immune cell 

lines, where it inhibits apoptosis and promotes cell survival 
through modulation of the Akt and JNK pathways(Hamada 
et al. 2014; Yoshimura et al. 2016). These findings high-
light the multifaceted roles of PCP4 in ccRCC progression, 

Fig. 10  Drug sensitivity analysis a-b Differences in IC50 of drugs between high and low risk groups. ***: p < 0.001, ****: p < 0.0001

 

1 3

   30   Page 16 of 22



Molecular Genetics and Genomics          (2025) 300:30 

PROX1 plays a critical role in lymphangiogenesis and 
exhibits dual functions in various tumors. Elevated PROX1 
expression correlates with an undifferentiated tumor cell 
phenotype, increased lymphatic metastasis, and CA (Wang 
et al. 2022; Zhu et al. 2022). CA, which enhances tumor 
cell proliferation and invasion, may be regulated by PROX1 
through mechanisms impacting cell cycle progression and 
centrosomal stability. In ccRCC, while PROX1 expression 
is lower compared to normal tissue, its overexpression sig-
nificantly associates with poor prognosis, positioning it as 
a potential prognostic marker and a contributing factor to 
CA and tumor aggressiveness (Ho et al. 2023). Furthermore, 
PROX1 has been implicated in various signaling pathways 
governing cell proliferation and differentiation. Recent find-
ings highlight its regulation by microRNAs, such as miR-
140-5p, which modulate its expression and potentially its 
role in CA(Ding et al. 2021).

Sarcoplasmic reticulum Ca²⁺-binding protein (SLN), less 
studied in the cancer context, has been primarily investigated 
for its metabolic functions in myocytes, particularly in ATP/
Ca²⁺ regulation (Mengeste et al. 2022; Montigny et al. 2021). 

differentiation, proliferation, and survival (Leisching 2019). 
As a second messenger, PI3K is particularly critical for T 
cell function, notably in regulating the development and 
survival of Th cell subpopulations (Stegeman et al. 2014). 
Recent studies have revealed that PI3K pathway activation 
is also implicated in CA. For example, oncogenic muta-
tions in PIK3CA, which activate the PI3K-AKT signaling 
pathway, have been shown to induce centrosome amplifi-
cation. This process involves downstream effectors such 
as AKT, ROCK, and CDK2/Cyclin E-nucleophosmin, and 
contributes to increased cellular tolerance to genome dou-
bling (Berenjeno et al. 2017). Additionally, the PI3K-Akt 
pathway is implicated in inducing centrosome abnormalities 
in various cancers, contributing to chromosomal instability 
and further promoting tumorigenesis (Nam et al. 2010). 
Studies have shown that elevated PI3K activity is associated 
with the onset of several immune-related diseases, offering 
potential targets for therapeutic intervention in the immune 
microenvironment of patients with ccRCC (Leisching 2019; 
Nieuwenhuis and Eva 2022; Stegeman et al. 2014).

Fig. 11  TF regulatory network of prognostic genes. Prognostic markers in red and TF in blue
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Correlation analysis between immune cells and prog-
nostic genes revealed a strong positive correlation between 
M0 macrophages and PI3 and SLN, while activated mast 
cells exhibited a strong negative correlation with SLN. M0 
macrophages can polarize into pro-inflammatory (M1) 
or anti-inflammatory (M2) subtypes in response to vari-
ous microenvironmental cues, playing a pivotal role in the 
tumor microenvironment(Xia et al. 2023). In ccRCC, the 
tumor immune microenvironment (TIME) characterization 
indicates that patients with high M0 macrophage infiltration 
tend to have a poor prognosis and exhibit a lower predicted 
response to immune checkpoint blockade (ICB) therapy. 
This suggests that PI3 and SLN may influence the progres-
sion of ccRCC through their interaction with M0 macro-
phages. Activated mast cells, which are triggered by antigens 
or other stimuli, release histamine, cytokines, and bioac-
tive molecules involved in allergic responses and immune 
regulation(DeBruin et al. 2015). In ccRCC, studies have 
shown that activated mast cells correlate with poor prognosis, 
and their enrichment is associated with a reduced response 
to immunotherapy(Chu et al. 2023). This suggests that mast 
cells may suppress anti-tumor immunity, thereby contributing 
to tumor progression. In conclusion, SLN likely influences 
ccRCC development by modulating the activity of activated 
mast cells within the tumor immune microenvironment.

Drug sensitivity analysis revealed that the IC50 of AS601245 
was significantly higher in high-risk patients with ccRCC, 
while JNK Inhibitor VIII showed a marked downregulation 
trend in the same cohort. AS601245 is a selective JNK inhibi-
tor that targets the c-Jun N-terminal kinase (JNK) signaling 
pathway, which regulates critical biological processes such 
as cell proliferation, apoptosis, and differentiation(Cerbone et 
al. 2012). In ccRCC, AS601245 modulates tumor cell growth 
and apoptosis via the JNK pathway, potentially contribut-
ing to poorer prognosis in high-risk patients(Bai et al. 2022). 
JNK Inhibitor VIII, another JNK inhibitor, suppresses JNK 
kinase activity, disrupting cellular stress responses and apop-
totic signaling(Zhang et al. 2023b). Research suggests that 
the downregulation of JNK Inhibitor VIII in ccRCC may help 
slow tumor progression(Bai et al. 2022). Together, AS601245 
and JNK Inhibitor VIII modulate ccRCC biology through the 
JNK pathway, with AS601245 potentially promoting tumor 
progression in high-risk patients, while JNK Inhibitor VIII 
demonstrates tumor-suppressive potential via JNK inhibition.

Conclusions

This study identifies six prognostic genes (PCP4, SLN, PI3, 
PROX1, VAT1L, and KLK2) associated with centrosome 
amplification in ccRCC and develops a prognostic risk 
model for patient prediction. The findings underscore the 

SLN maintains calcium homeostasis by regulating sarcoplas-
mic reticulum Ca²⁺-ATPase (SERCA1), which is essential 
for intracellular calcium regulation (Odermatt et al. 1998). 
Dysregulated calcium signaling, potentially influenced by 
SLN, is associated with various cellular processes, including 
microtubule organization and centrosome segregation (Naik 
and Naik 2011). Disruption of these processes is linked to 
CA, a hallmark of many cancers, including ccRCC. However, 
the direct role of SLN in cancer remains underexplored, and 
the precise relationship between SLN-mediated calcium dys-
regulation and CA in ccRCC remains unclear.

Although research on VAT1L is limited, existing studies 
highlight its prognostic significance in various cancers(Gao et 
al. 2023). In breast cancer and retinal ganglion cells, VAT1L 
has been integrated into prognostic models, indicating its 
potential importance in tumor progression (Huang et al. 2022).

Enrichment analysis reveals that four prognostic genes 
are co-enriched in ribosomal pathways, closely associ-
ated with the invasive characteristics of ccRCC. Nucleolar 
abnormalities, including changes in the size and shape of 
the ribosome, are linked to tumor progression in ccRCC. 
As early as 1982, Fuhrman et al.(Fuhrman et al. 1982) pro-
posed a grading system for RCC tumors based on these and 
other nuclear parameters, which could predict distant metas-
tasis following nephrectomy, underscoring the connection 
between ccRCC pathology and nucleolar dysfunction. The 
nucleolus, a key regulator of cellular function and metabo-
lism, serves as an active site for various non-coding RNAs, 
including snoRNA, IGS RNA, and miRNA(Tollervey and 
Kiss 1997). Dysregulation of the nucleolus in ccRCC has 
been linked to alterations in signaling pathways related to 
cell survival and proliferation(Yang et al. 2020). Non-coding 
RNAs, particularly snoRNAs due to their diverse functions, 
have garnered attention; as miRNA sponges, snoRNAs can 
regulate miRNA binding to complementary sequences, 
thereby inhibiting downstream functional expression(Chen 
et al. 2019b). Additionally, snoRNAs modulate the activity 
of key transcription factors, leading to transcriptional repro-
gramming of genes involved in cancer progression(Xu et al. 
2020). Recently, the role of nucleolar non-coding RNAs in 
ccRCC has attracted increasing attention (Popławski et al. 
2021) (Furuya et al. 2011), further suggesting that the six 
prognostic genes may impact the onset and progression of 
ccRCC via ribosomal pathways.

Beyond non-coding RNAs, emerging research indicates 
that coding long non-coding RNAs (lncRNAs) also play 
significant roles in cancer, with some capable of protein 
translation under specific conditions. The CodLncScape 
framework, which includes codLncDB and codLncFlow, 
aids in exploring their roles in ccRCC, particularly in ribo-
somal and nucleolar functions, highlighting potential bio-
markers and therapeutic targets (Liu et al. 2024b).
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adapted material derived from this article or parts of it. The images or 
other third party material in this article are included in the article’s Cre-
ative Commons licence, unless indicated otherwise in a credit line to 
the material. If material is not included in the article’s Creative Com-
mons licence and your intended use is not permitted by statutory regu-
lation or exceeds the permitted use, you will need to obtain permission 
directly from the copyright holder. To view a copy of this licence, visit ​
h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​v​e​c​​o​m​m​o​​n​s​.​​o​r​g​​/​l​i​​c​e​n​​s​e​s​/​​b​y​​-​n​c​-​n​d​/​4​.​0​/.
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