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Abstract

Clear cell renal cell carcinoma (ccRCC), the most prevalent renal cancer subtype, is frequently associated with poor progno-
sis. RHO-GTPase signaling genes have been implicated in tumor aggressiveness and unfavorable survival, but their poten-
tial in risk stratification and therapeutic guidance for ccRCC patients remains unexplored. Univariate regression identified
prognostically relevant RHO-GTPase signaling genes, followed by consensus clustering for ccRCC subtype classification.
LASSO regression selected key genes to construct a six-gene risk model. The model was evaluated for prognostic stratifi-
cation, immune status, immunotherapy response, and chemotherapy sensitivity. Key genes were analyzed at the genomic,
single-cell, and protein levels to explore underlying mechanisms. Among 62 prognostically relevant RHO-GTPase signal-
ing genes, six (ARHGAP11B, NUF2, PLK1, CYFIP2, IQGAP2, and VAV3) were identified to form a robust prognostic
signature. This model stratified patients into high- and low-risk groups, with high-risk patients demonstrating significantly
worse outcomes. The model exhibited excellent predictive accuracy (AUC> 0.7 in training and validation cohorts). High-risk
patients were characterized by an immunosuppressive microenvironment and reduced sensitivity to immunotherapy. Drug
sensitivity analysis revealed 107 agents correlated with the risk score, underscoring therapeutic relevance. Mechanistically,
the six key genes showed distinct expression patterns, cellular distribution, and positive correlation with VHL mutations,
highlighting their potential as actionable drug targets. This study established a novel six-gene RHO-GTPase signaling model
for predicting prognosis, immune status, and therapeutic responses in ccRCC, which offers potential for improving patient
stratification and guiding personalized treatment strategies.
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Introduction

Clear cell renal cell carcinoma (ccRCC) is a prevalent
form of renal malignancy characterized by poor prognosis
and limited treatment options [1]. Despite recent advance-
ments in targeted therapies and immunotherapy, the over-
all survival rate for patients with advanced ccRCC remains
low [2]. The unique biological features of ccRCC render it
highly resistant to conventional chemotherapy and radio-
therapy, making surgical intervention the primary treat-
ment for localized disease [3, 4]. However, for metastatic
ccRCC, the emergence of resistance and limited long-term
efficacy of targeted therapies and immune checkpoint
inhibitors continue to pose significant clinical challenges
[5, 6]. Moreover, studies indicate that the molecular het-
erogeneity of ccRCC and the presence of diverse biomark-
ers significantly influence treatment responses, further
complicating therapeutic approaches [7, 8]. Consequently,
identifying novel biomarkers to enhance prognostic accu-
racy and guide personalized treatment strategies has
become a pivotal focus of current research [9].

RHO-GTPases, a family of small GTP-binding proteins,
play essential roles in various cellular processes, including
cytoskeletal remodeling, cell migration, and intracellular
signaling [10]. In the context of ccRCC, RHO-GTPases
are increasingly recognized for their involvement in tumor
progression and metastasis. Specifically, proteins such as
RhoA, Racl, and Cdc42 regulate the invasive and migra-
tory abilities of ccRCC cells, key processes underlying
cancer metastasis [11]. Furthermore, the RHO-GTPase
signaling pathway interacts with the hypoxia-inducible
factor (HIF) pathway, which is frequently dysregulated in
ccRCC due to VHL gene inactivation [12, 13]. This intri-
cate crosstalk highlights the multifaceted roles of RHO-
GTPases in ccRCC and their potential as biomarkers for
disease progression and therapeutic targets.

Given their critical role in ccRCC, RHO-GTPases
offer promising potential for improving prognostic mod-
els and personalized therapies. In this study, we aim to
develop a prognostic model based on RHO-GTPase genes
to assess outcomes and guide treatment. Using machine
learning, we identified key feature genes and created an
RHO-GTPase risk score to stratify patients by risk level,
providing insights into prognosis, immune status, immuno-
therapy response, and chemotherapy sensitivity. Addition-
ally, we analyzed RHO-GTPase gene distribution at tran-
scriptomic and single-cell levels, creating a comprehensive
clinical nomogram. This integrative analysis offers a novel
framework for personalized treatment strategies, poten-
tially improving clinical outcomes for ccRCC patients. The
study design is shown in Fig. 1A.
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Methods
Data acquisition and preprocessing

RNA-sequencing data and corresponding clinical informa-
tion for ccRCC patients were downloaded from The Can-
cer Genome Atlas (TCGA) database and Gene Expression
Omnibus (GEO) (GSE29609). Tumor tissues and adja-
cent normal tissues were included in the analysis. RHO-
GTPase family genes were extracted from molecular sig-
natures database (MSigDB). Immunotherapeutic response
data (anti-PD-1 therapy) were obtained from Braun’s study
[14]. A single-cell cohort of ccRCC tissues was obtained
from GSE139555. Differentially expressed genes (DEGs)
were identified using the threshold of ILog2FCI> 2 and
P-value <0.05. Data preprocessing and analysis were con-
ducted using R software (v4.2.0).

Identification of prognosis-associated RHO-GTPase
genes

Univariate Cox regression analysis was performed to evalu-
ate the association of RHO-GTPase genes with overall sur-
vival (OS). Genes with a P-value <0.05 were considered
significant. The intersection of the DEGs and prognosis-
related genes was taken, identifying prognostic DEGs using
Venn diagrams. Visualization of DEGs was achieved using
volcano plots. Protein—protein interaction (PPI) networks
were constructed using STRING database.

Consensus clustering for patient subtyping

Consensus clustering was conducted to classify ccRCC
patients into molecular subtypes based on the expression of
the prognosis-related RHO-GTPase genes. The Consensus-
ClusterPlus package in R was utilized, with the cumulative
distribution function (CDF) and delta area curves determin-
ing the optimal number of clusters. Principal component
analysis (PCA) and heatmaps were employed to validate
the clustering results and visualize gene expression patterns
across the subtypes. Kaplan—Meier survival analysis was
performed to evaluate survival differences among clusters.

Differential expression and functional enrichment
analysis

To investigate biological differences between clusters, dif-
ferential expression analysis was conducted between Cluster
1 and Cluster 2 using the “Limma” package in R. Genes with
ILog2FCI> 1 and adjusted P-value <0.05 were considered
significant. Gene Ontology (GO) and Kyoto Encyclopedia of



Clinical and Experimental Medicine (2025) 25:67

Page3of17 67

A

RHO-GTPase
signaling

cytoskeletal
rearrangements
cell motility
cell polarity

368 genes
—>

Gene regulation

532 samples

()

Kidney renal cleaar cell carcinona
LASSO

@0
®

Immune anlysis

240
prognostic /F
genes
—— =
100 DEGs T

Cluster

Immune cell infiltration CIBERSORT

QUANTISEQ
TIMER il

COUNTER s

Survival

o —— e

. . < "

Tumor microenciroment Six immune ;
heterogeneity algorithms

Prognosis model /

Low risk

validation
cohorts

High risk

Time

' &
i

|- .

=
@
Al

> | (| 9
I L

Clinical Chemotherapy
significance  Immunotherapy Response

B
Not Sig Log2FC: Pvalue ¢ Pvalue and Log2FC
40
* .CYFIP2
e 30 K VAV3
a NUF2
(TR -l
) 20 ARHGAP118B, aGARz
§ 10
0 &
-6 -4 -2 0 2 4
Logp fold change
C

Prognostic genes

Fig.1 mRNA expression and survival relevance of RHO-GTPase
genes in ccRCC patients. A Study overview. B Volcano plot of RHO-
GTPase gene expression. C Venn diagram showing the overlap of dif-

Genes and Genomes (KEGG) pathway enrichment analyses
were performed on upregulated and downregulated genes
using the “clusterProfiler” package.

Immune microenvironment analysis

The CIBERSORT algorithm was employed to quantify the
infiltration of 22 immune cell types across the three clusters.
Differential immune cell infiltration was compared using
the Wilcoxon rank-sum test. Additionally, the expression

ARHGAP28

@

ARHGAP22

@

ferentially expressed and prognostic RHO-GTPase genes, resulting in
62 prognostic genes. D Protein—protein interaction network of the 62
prognostic RHO-GTPase genes

of immune checkpoint-related genes (e.g., CD274, CTLA4,
HAVCR2, IGSFS8, ITPRIPL1, LAG3, PDCDI1, PDCDI,
LG2, SIGLECI15, and TIGIT) was analyzed across clusters
to elucidate immune suppression mechanisms.

Construction and validation of prognostic models
LASSO Cox regression analysis was applied to refine the

prognostic RHO-GTPase DEGs into a gene signature pre-
dictive of patient survival. The predictive accuracy of the
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«Fig. 2 Subgroup classification of ccRCC patients based on RHO-
GTPase genes. A CDF curve and CDF delta area curve showing the
maximal area under the curve at K=3. B Consistency clustering heat-
map at K=3 using ConsensusClusterPlus, where rows and columns
represent samples, and different colors represent different clusters.
C Gene expression heatmap of RHO-GTPase-related genes across
subgroups, with red indicating high expression and blue indicating
low expression. D Principal component analysis showing that RHO-
GTPase genes can effectively distinguish the three ccRCC patient
subgroups. E Kaplan—Meier survival curves for different subgroups.
F Distribution of clinical features across subgroups. The x-axis rep-
resents different clinical features, and the y-axis shows the percentage
of samples with the corresponding feature in each subgroup. Signifi-
cance was determined using chi-square tests

model was validated in independent datasets using cross-
validation techniques. Risk scores were calculated for each
patient based on the gene signature, as follows:

n
Rho GTPase risk score = Z XixXYi
i=1
According to the medium risk score, ccRCC patients were
stratified into high- and low-risk groups. Kaplan—Meier sur-
vival curves were used for survival analysis. Model perfor-
mance was evaluated using receiver operating characteristic

A

Logl0(P.Value)

H H

Log2(fold change)

Fig.3 Biological function analysis of ccRCC patient subgroups. A
Volcano plot of gene expression differences between Cluster 1 and
Cluster 2. B Expression of the top 100 differentially expressed genes
(50 upregulated and 50 downregulated) between Cluster 1 and Cluster
2, showing the distribution of gene expression in the two subgroups.

(ROC) curves. ccRCC patients from GSE29609 was used as
validation cohort.

Immune infiltration estimations

To perform reliable immunity scoring assessments, immune
cell scoring data for ccRCC patients were downloaded from
the TIMER database (http://timer.cistrome.org/). This tool
employs six deconvolution algorithms (TIMER, CIBER-
SORT, quanTIseq, xCell, MCP-counter, and EPIC) to infer
immune infiltration from gene expression profiles of TCGA
samples. Spearman correlation was used to analyze the rela-
tionship between risk scores and immune cell infiltration,
and the results were visualized using bubble plots. Addition-
ally, the R package "ggpubr" was used to create boxplots
comparing immune cell differences between high- and low-
risk groups.

Drug sensitivity analysis

To evaluate the therapeutic implications of the identi-
fied RHO-GTPase subtypes, drug sensitivity analysis was
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C KEGG pathway and GO term enrichment analysis of the upregu-
lated genes in Cluster 2. D Immune cell infiltration levels across the
three subgroups, as calculated by the CIBERSORT immune algo-
rithm. E Expression of immune checkpoint genes across the three
subgroups
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«Fig.4 Construction and validation of a prognostic model for ccRCC
patients based on RHO-GTPase genes. A LASSO Cox regression
model showing the relationship between the partial likelihood devi-
ance and log(h). B LASSO regression analysis identifies RHO-
GTPase feature genes in ccRCC patients, with coefficients determined
by the lambda parameter. C Distribution of RHO-GTPase risk scores,
survival time, and gene expression across ccRCC patients. The top
part shows the scatter plot of risk scores from low to high, with dif-
ferent colors representing different risk groups. The middle part
shows the scatter plot distribution of risk scores, survival time, and
survival status. The bottom part shows the heatmap of gene expres-
sion. D Kaplan—Meier survival curves for high-risk and low-risk
groups. The cumulative probability curve is shown in the top right
corner. E ROC curves for 1-year, 3-year, and 5-year survival rates
in the TCGA cohort. F Kaplan—-Meier survival curves and G ROC
curves for the independent validation cohort (GEO)

performed using the GDSC (Genomics of Drug Sensitivity
in Cancer) database. The IC50 values of chemotherapeutic
agents and targeted drugs were predicted for each subtype
using the "pRRophetic" R package. Comparisons of drug
sensitivity between clusters were conducted using the Wil-
coxon rank-sum test.

Single-cell and protein expression analysis

Single-cell RNA-sequencing data for ccRCC patients were
downloaded from the GSE139555 dataset in h5 format along
with the corresponding annotation results. Data were pro-
cessed and analyzed using the “MAESTRO” and “Seurat”
R packages. Cell clustering and grouping were reevaluated
using the t-SNE method. Key gene expression patterns were
further validated with immunohistochemically stained tis-
sue section images obtained from the HPA database (https://
www.proteinatlas.org/). Correlation plots between two key
genes were generated using the "ggstatsplot" R package.

Statistical analysis

All statistical analyses were performed using R software.
Differences between groups were assessed using the Wil-
coxon rank-sum test, as appropriate. Kaplan—Meier survival
curves were generated using the survminer package, and the
log-rank test was used to compare survival differences. A
P-value <0.05 was considered statistically significant unless
otherwise specified.

Results

Expression of RHO-GTPase genes is closely
associated with survival in ccRCC patients

We obtained tumor and adjacent normal tissue samples from
530 ccRCC patients in the TCGA database. Differential gene

expression analysis, using a threshold of [Log2FCI>2 and P
value < 0.05, identified 100 RHO-GTPase genes that were
differentially expressed between ccRCC tumor tissues and
adjacent normal tissues (Fig. 1B). Univariate regression
analysis revealed 240 RHO-GTPase genes significantly asso-
ciated with overall survival. The intersection of these two
datasets yielded 62 differentially expressed RHO-GTPase
genes associated with prognosis (Fig. 1C). Protein—protein
interaction analysis of these 62 genes showed that NUF2,
PLK1, and RAC2 were key hub genes (Fig. 1D).

RHO-GTPase genes have prognostic stratification
value in ccRCC patients

Based on the 240 prognostic RHO-GTPase genes, we per-
formed subtyping of ccRCC patients. The cumulative distri-
bution function (CDF) and CDF delta area curves indicated
that when K=3, the area under the CDF curve was maxi-
mized (Fig. 2A). Consistency clustering results using Con-
sensusClusterPlus and principal component analysis (PCA)
showed that at K=3, ccRCC patients were effectively clas-
sified into three subgroups (Fig. 2B, D). Gene expression
heatmap (Fig. 2C) revealed that RHO-GTPase genes were
significantly underexpressed in Cluster 3, overexpressed in
Cluster 2, and expressed at intermediate levels in Cluster
1. Survival analysis showed that patients with high expres-
sion of RHO-GTPase genes had the worst prognosis, while
those with low or medium expression had better outcomes
(Fig. 2E), suggesting that activation of RHO-GTPase genes
may be associated with poorer clinical outcomes. Further
analysis of clinical features showed significant associations
between RHO-GTPase subgroups and tumor grade and
TNM staging (Fig. 2F). As tumor grade and TNM stage
progressed, the proportion of Cluster 2 increased, indicat-
ing that RHO-GTPase activation may be closely related to
tumor progression.

RHO-GTPase activation is associated
with an immune-suppressive microenvironment

To explore the biological differences between Cluster 1 and
Cluster 2 (RHO-GTPase activation mode), we conducted
a differential gene expression analysis. The volcano plot
(Fig. 3A) revealed significant differentially expressed genes
(DEGs) between Cluster 1 and Cluster 2, with a total of
1460 key genes identified, including 960 upregulated and
500 downregulated genes. The heatmap (Fig. 3B) showed
that these genes were clearly differentiated between the two
subgroups, reflecting significant biological differences. Gene
Ontology (GO) analysis indicated that upregulated genes
in Cluster 2 were significantly enriched in processes such
as "regulation of angiogenesis," "vascular processes in the
circulatory system," and "collagen-containing extracellular
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Fig.5 Clinical nomogram for ccRCC patients based on RHO-GTPase
prognostic feature genes and comparison of model performance. A,
B Univariate and multivariate Cox analyses showing p-values, haz-
ard ratios (HRs), and confidence intervals for gene expression and
clinical features. C Clinical nomogram incorporating RHO-GTPase
prognostic genes and TNM staging to predict overall survival of
ccRCC patients at 1, 2, 3, 4, and 5 years, with a C-index of 0.774.
D Calibration curve of the overall survival nomogram model, with
dashed diagonal lines representing the ideal nomogram. Blue, red,
and orange lines represent observed survival at 1, 2, 3, 4, and 5 years.
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E DCA (decision curve analysis) comparing the clinical utility of
RHO-GTPase and other prognostic models. Model 1: RHO-GTPase-
Related Prognostic Signature, Model 2: Disulfidptosis-Related Prog-
nostic Signature, Model 3: Lactate-Related Prognostic Signature,
Model 4: Hypoxia-Associated Long Noncoding RNA Signature,
Model 5: Cuproptosis-Related Ferroptosis Genes. The x-axis rep-
resents threshold probability, and the y-axis represents net benefit.
"None" and "ALL" refer to two reference lines. If a model's curve
consistently lies above the others over a wide range of threshold prob-
abilities, it suggests superior predictive ability
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matrix," suggesting that the tumor microenvironment in
Cluster 2 promotes angiogenesis and metastasis. Downregu-
lated genes were enriched in "cell cycle regulation," "mitotic
nuclear division," and "condensed chromosomal regions,"
indicating potential genomic regulatory abnormalities in
Cluster 2. KEGG pathway analysis further revealed that
upregulated genes in Cluster 2 were enriched in pathways
related to angiogenesis and tumor progression, such as "vas-
cular smooth muscle contraction," "¢cGMP-PKG signaling
pathway," and "Notch signaling pathway." Downregulated
genes were closely associated with immune response path-
ways, including "IL-17 signaling pathway," "NF-kappa B
signaling pathway," and "cytokine—cytokine receptor inter-
action," suggesting significant immune suppression in Clus-
ter 2. Using the CIBERSORT immune algorithm (Fig. 3D),
we further confirmed the immune microenvironment dif-
ferences between subgroups. Results showed that immune-
suppressive cells, such as regulatory T cells, were signifi-
cantly more infiltrated in Cluster 2 compared to Cluster 1.
Additionally, the expression of immune checkpoint genes
(e.g., CD274, CTLA4, and PDCD1) was significantly higher
in Cluster 2 (Fig. 3E), supporting the immune-suppressive
tumor microenvironment characteristic of this subgroup.

Construction and validation of a prognostic model
for ccRCC patients based on RHO-GTPase genes

We used LASSO regression to reduce the number of RHO-
GTPase genes and construct a risk prognostic model. The
optimal model was achieved when lambda=0.056 (Fig. 4A).
A total of 6 RHO-GTPase genes, including ARHGAP11B,
CYFIP2, IQGAP2, NUF2, PLK1, and VAV3, were selected
as prognostic features (Fig. 4B). The risk score formula is
as follows:

curve showed that the high-risk group had a significantly
higher cumulative risk of adverse outcomes (such as death or
disease recurrence) over 10 years compared to the low-risk
group (Fig. 4D). Additionally, the survival ROC curves and
their AUC values at 1-year, 3-year, and 5-year were all above
0.7, indicating the strong predictive ability of this model
(Fig. 4E). We validated the model using 39 independent
ccRCC patients from the GEO database. The results showed
significant survival differences between the high-risk and
low-risk groups (Fig. 4F), and the AUC values for 1-year,
3-year, and 5-year survival were all above 0.7 (Fig. 4G), sug-
gesting that the model has robust predictive capacity.

Comparison of clinical nomogram and prognostic
model performance based on RHO-GTPase model
genes

Univariate Cox regression analysis revealed that six RHO-
GTPase model genes, along with TNM staging, were
significantly associated with prognosis (Fig. 5A). After
performing multivariate Cox regression analysis, we iden-
tified IQGAP2 and TNM stage as independent prognostic
factors (Fig. 5B). We incorporated these six RHO-GTPase
model genes and TNM stage into the development of a
clinical nomogram, which can provide guidance for clini-
cal prognosis. The nomogram we developed predicts the
overall survival (OS) of ccRCC patients at 1, 2, 3, 4, and
5 years, with a C-index of 0.774, indicating strong predic-
tive performance (Fig. 5C). The calibration curve suggests
that the nomogram closely follows the ideal curve, indicat-
ing accurate predictions (Fig. 5D). Decision curve analysis
(DCA) shows that the clinical prognostic model based on
the RHO-GTPase model genes significantly outperforms
several other clinical prognostic models [15-18], demon-
strating high clinical value (Fig. 5E).

Risk score = (0.066) x ARHGAP11B + (-0.1678) x CYFIP2 + (—0.2203)
X IQGAP2 + (0.0537) x NUF2 + (0.2872) x PLK1 + (—0.0666) x VAV3.

Using the median risk score (Fig. 4C), ccRCC patients
were classified into high-risk and low-risk groups. As the
risk score increased, patients' survival duration decreased
and mortality increased. The gene expression heatmap
showed that the expression of CYFIP2, IQGAP2, and
VAV3 decreased significantly with higher risk scores,
suggesting these are protective genes, while the expres-
sion of ARHGAP11B, NUF2, and PLK1 increased with
higher risk scores, suggesting they are risk genes (Fig. 4C).
Kaplan—Meier survival analysis revealed that patients in
the high-risk group had significantly worse prognosis than
those in the low-risk group. The cumulative probability

High RHO-GTPase risk patients are associated
with an immunosuppressive microenvironment

We utilized six different immune algorithms to analyze
immune cell correlations in different risk groups. Fig-
ure 6A shows that high-risk ccRCC patients exhibit a
more active immune microenvironment. Specifically, lev-
els of tumor-associated immune cells, such as endothe-
lial cells (Fig. 6B), CD4 + T cells (Fig. 6C), and NK
cells (Fig. 6D), were higher in the low RHO-GTPase risk
group. Conversely, Treg cells (Fig. 6E), activated myeloid
dendritic cells (Fig. 6F), CD4 + Thl T cells (Fig. 6G),
cancer-associated fibroblasts (Fig. 6H), and CD4 + Th2
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«Fig. 6 Differences in immune cells between RHO-GTPase risk
groups. A Differences in immune cells across sample groups as
observed by six different immune algorithms (TIMER, xCell, MCP-
counter, CIBERSORT, EPIC, and quanTIseq). The x-axis represents
the correlation coefficient, and the y-axis shows immune cell com-
ponents with significantly different expression across algorithms. B
Endothelial cells, C CD4+T cells, D NK cells were more abundant
in the low RHO-GTPase risk group. E Treg cells, F activated myeloid
dendritic cells, G CD4 +Thl T cells, H cancer-associated fibroblasts,
and I CD4+Th2 T cells were more abundant in the high RHO-
GTPase risk group. J PD-1 gene expression in the anti-PD-1 immu-
notherapy dataset was higher in the low-risk group. K Kaplan—-Meier
(KM) survival curves showing the effectiveness of the RHO-GTPase
prognostic model in stratifying risk for immune therapy patients

investigate whether RHO-GTPase risk scores could predict
the efficacy of immune therapy in ccRCC, we analyzed
PD-1 gene expression in an anti-PD-1 immunotherapy
dataset. We found that PD-1 expression was higher in the
low-risk group compared to the high-risk group (Fig. 6J).
Kaplan—Meier (KM) survival curves indicated significant
differences between the high and low RHO-GTPase risk
groups (Fig. 6K), suggesting that the RHO-GTPase risk
model is effective in stratifying risk for immune therapy
patients.

RHO-GTPase gene scoring for chemotherapy drug
sensitivity prediction in ccRCC patients

To assess the response of different risk ccRCC samples to
treatment, we utilized the largest publicly available phar-
macogenomic database, the Genomics of Drug Sensitivity
in Cancer (GDSC), and predicted each sample's response
to drug treatments based on their transcriptomic data. The
results showed that the IC50 values of 107 drugs signifi-
cantly differed between high and low-risk patients (Fig. 7A).
High-risk patients had significantly lower IC50 values for
drugs like CGP.60474, VX.680, vinblastine, parthenolide,
and KU.55933, suggesting these drugs might be more effec-
tive and sensitive for high-risk patients (Fig. 7B). In contrast,
FH535, AKT.inhibitor. VIII, GW.441756, BMS.708163, and
AS601245 were among the top five most sensitive chemo-
therapy drugs for the low-risk group (Fig. 7C). Our findings
provide valuable insights for chemotherapy drug selection
in ccRCC patients.

Identification of potential drug targets
for RHO-GTPase model genes in ccRCC patients

We further analyzed the potential of six RHO-GTPase
model genes as diagnostic and therapeutic targets for ccRCC
patients. By examining the expression levels of these genes
in ccRCC tumor tissues and adjacent normal tissues from
the TCGA database, we found that ARHGAP11B, NUF2,
and PLK1 were overexpressed in ccRCC, while CYFIP2,

IQGAP2, and VAV3 were underexpressed. These find-
ings are consistent with our previous results, where ARH-
GAPI11B, NUF2, and PLK1 were identified as risk genes,
and CYFIP2, IQGAP2, and VAV3 as protective genes.
Using single-cell RNA-sequencing analysis, we examined
the expression of these genes in different cell subpopulations
within ccRCC patients. Figure 8B shows the distribution
of major cell subpopulations in ccRCC patients. Specifi-
cally, ARHGAP11B, NUF2, and PLK1 were predominantly
expressed in proliferating T cells, while VAV3 was mainly
expressed in endothelial cells. CYFIP2 and IQGAP2 were
expressed in various immune cell types (Fig. 8C), suggesting
their involvement in immune activity. We further validated
the expression patterns of the six RHO-GTPase model genes
at the cell line level using the Cancer Cell Line Encyclo-
pedia (CCLE) dataset. Gene expression data from ccRCC
cell lines [19] (OSRC2, 786-0, 769-P, Caki-2, A-498, and
ACHN) and the normal renal epithelial cell line HEK TE
were retrieved from the DepMap portal [20]. As shown
in Supplementary Fig. 1, IQGAP2 exhibited significantly
higher expression in normal HK?2 cells compared to ccRCC
cell lines, consistent with our tissue-level findings. CYFIP2
and VAV3 were expressed at lower levels in normal cells
relative to most ccRCC cell lines, while PLK1 and NUF2
showed no significant differential expression. Additionally,
we validated the protein expression levels of RHO-GTPase
model genes in normal and ccRCC patients using the HPA
database (Fig. 8D). The inactivation of VHL is a hallmark
feature of ccRCC, and its substrates are important therapeu-
tic targets. We found that the six RHO-GTPase model genes
were positively correlated with VHL expression in ccRCC
patients, suggesting they may participate in the regulation
of VHL.

Discussion

Clear cell renal cell carcinoma (ccRCC) is a major sub-
type of renal cell carcinoma, accounting for approximately
60-85% of cases [21]. A significant challenge in clinical
practice is prognostic stratification of patients to optimize
the benefits of targeted therapies. Currently, the most com-
monly used prognostic models are the Memorial Sloan
Kettering Cancer Center (MSKCC) criteria [22] and the
International Metastatic Renal Cell Carcinoma Database
Consortium (IMDC) criteria [23]. However, these models
focus primarily on clinical features and fail to integrate the
genetic information of ccRCC, which could offer more pre-
cise prognostic insights. Identifying biomarkers for prognos-
tic stratification is a promising approach, including grouping
patients based on the prognosis related to tumor gene sets,
such as TGF-p signaling [24]. Herein, we introduce a novel
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prognostic pathway based on RHO-GTPase signaling genes
for ccRCC. We analyzed the prognostic value, immune
status, immune therapy potential, and chemotherapy drug
sensitivity of RHO-GTPase signaling genes using a larger
cohort of TCGA patients with diverse genetic backgrounds.
Furthermore, we conducted gene, protein, and cellular-level
identification of key RHO-GTPases, integrating them with
clinical TNM staging to establish a nomogram aimed at
improving the prognosis of ccRCC patients.

Our study unveiled several key findings. First, we per-
formed molecular subtyping by extracting RHO-GTPase
signaling genes and found that the activation of these
genes is closely associated with ccRCC progression and
poor prognosis. Functional enrichment analysis revealed
that upregulated genes are involved in pathways like vas-
cular smooth muscle contraction, cell adhesion molecules
(CAMs), and the PI3K-Akt signaling pathway, all of which
have been linked to tumor angiogenesis and enhanced inva-
sion [25-27]. Further, KEGG pathway analysis confirmed
that upregulated genes are significantly enriched in “Tryp-
tophan metabolism,” “Histidine metabolism,” and other
tumor-related pathways (e.g., PPAR signaling), suggesting
that RHO-GTPase signaling may promote ccRCC progres-
sion through metabolic reprogramming [28, 29]. Moreover,
immune microenvironment analysis revealed a significant
enrichment of immunosuppressive cells (such as regulatory
T cells) in RHO-GTPase-activated clusters [30], indicat-
ing that RHO-GTPase signaling may contribute to immune
evasion by remodeling the immune microenvironment. Our
findings suggest that the aberrant activation of RHO-GTPase
signaling directly contributes to ccRCC's molecular pathol-
ogy and indirectly accelerates tumor progression through
metabolic regulation and immune microenvironment remod-
eling. This offers new insights into the mechanisms of RHO-
GTPase signaling in ccRCC and lays the foundation for
developing targeted therapies.

Secondly, we applied LASSO regression analysis and
identified six key RHO-GTPase signaling genes—ARH-
GAP11B, NUF2, PLK1, CYFIP2, IQGAP2, and VAV3—as
prognostic biomarkers for ccRCC. ccRCC is increasingly
recognized as a metabolic disease characterized by exten-
sive reprogramming of energy metabolism [31-34]. Notably,
ccRCC cells exhibit partitioned metabolic flux through gly-
colysis [35-37], impaired mitochondrial bioenergetics and
oxidative phosphorylation (OxPhos), as well as dysregulated
lipid metabolism [35, 38—41]. These metabolic alterations
play a crucial role in tumor progression, immune evasion,
and therapy resistance. Interestingly, most of the six identi-
fied genes are known to regulate key metabolic pathways
that are frequently altered in ccRCC, further supporting the
biological relevance of our model. For example, IQGAP2
is involved in glycolysis/gluconeogenesis, glycogenolysis,
and lipid metabolism [42], processes that are essential for

ccRCC cell proliferation and adaptation to metabolic stress.
ARHGAPI11B localizes to mitochondria and promotes glu-
taminolysis, a crucial alternative energy pathway for cancer
cells under metabolic stress [43]. PLK1 has been shown to
regulate both glycolysis and the pentose phosphate path-
way, influencing biosynthetic precursors necessary for rapid
tumor growth [44]. These findings suggest that the RHO-
GTPase signaling network may be intricately linked to the
metabolic reprogramming of ccRCC, reinforcing the role
of these genes as potential therapeutic targets. In this study,
these genes were validated in independent datasets (TCGA
and GSE29609) and effectively stratified patients into two
risk groups with significantly different survival outcomes.
Our prognostic model demonstrated robust predictive accu-
racy, with AUC values exceeding 0.7 for 1-year, 3-year,
and 5-year survival in both training and validation cohorts.
Additionally, decision curve analysis (DCA) confirmed that
our model outperformed traditional clinical prognostic mod-
els [15-18]. To enhance clinical applicability, we further
integrated these genes with clinical features to construct a
nomogram, providing a comprehensive tool for individual-
ized prognosis estimation in ccRCC.

Additionally, our study revealed the critical role of RHO-
GTPase signaling in the ccRCC immune microenvironment
using various immune algorithms, highlighting its dual
value as both a tumor progression marker and a potential
predictor of immune therapy response. We observed that
low-risk patients had significantly higher levels of antitumor
immune cells (e.g., CD4+T cells, NK cells), suggesting a
more effective immune surveillance and tumor clearance
mechanism in these individuals [45, 46]. In contrast, high-
risk patients had a significant enrichment of immunosup-
pressive cells (e.g., regulatory T cells, activated myeloid
dendritic cells) and cancer-associated fibroblasts, reflecting
strong immune evasion and a pro-tumor microenvironment
[47, 48]. This stark contrast in immune cell distribution fur-
ther elucidates the link between RHO-GTPase signaling and
ccRCC immune microenvironment regulation.

Our study also demonstrated the potential application of
RHO-GTPase risk scores in predicting sensitivity to immune
therapy and chemotherapy. Low-risk patients showed higher
PD-1 gene expression levels, correlating with better sur-
vival prognosis, suggesting that these patients may be more
responsive to PD-1/PD-L1 immune checkpoint inhibitors.
Kaplan—Meier survival analysis further validated the effec-
tiveness of RHO-GTPase risk scores for patient stratification
and prognostic assessment. Additionally, our drug sensitivity
analysis, using the GDSC database, revealed significant dif-
ferences in the IC50 values of 107 drugs between high- and
low-risk groups. High-risk patients were more sensitive to
drugs such as CGP.60474, VX.680, vinblastine, parthe-
nolide, and KU.55933, while low-risk patients exhibited
higher sensitivity to FH535, AKT inhibitors, GW.441756,
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BMS.708163, and AS601245, offering potential therapeutic
options for personalized treatment.

Lastly, we explored the expression and clinical rel-
evance of the six RHO-GTPase model genes in ccRCC.
Single-cell RNA-seq analysis showed that these genes
exhibit specific expression patterns across different cell
subpopulations. For example, ARHGAP11B, NUF2, and
PLK1 are predominantly expressed in T cell proliferation,
while VAV3 is highly expressed in endothelial cells, and
CYFIP2 and IQGAP?2 are widely distributed across vari-
ous immune cells. Notably, the immune cell expression
patterns of these protective genes suggest their key roles
in regulating immune activity and maintaining the anti-
tumor immune microenvironment. Validation using the
HPA database showed that protein expression levels of
these genes in normal tissues and ccRCC patients cor-
relate with their transcriptional expression trends. This
provides experimental support for studying the functional
roles of these RHO-GTPase genes and their potential as
protein biomarkers. Importantly, the positive correlation
between the six RHO-GTPase genes and the VHL gene
suggests that they may be involved in regulating the VHL
pathway, a core molecular feature of ccRCC [49]. This
implies that the RHO-GTPase model genes might influ-
ence the regulation of VHL substrates and contribute to
ccRCC progression.

Our study has some limitations. Although we validated
our prognostic stratification model in large cohort datasets,
prospective validation in multicenter, large-scale cohorts
are needed to enhance the model's applicability. Addition-
ally, the molecular interactions between RHO-GTPase genes
and immune status in ccRCC remain to be further explored.
While we analyzed the expression, prognostic value, and
potential mechanisms of the six RHO-GTPase genes, in vitro
and in vivo validation of these pathways and mechanisms
is still needed. Given the tissue and cell-type specificity of
RHO-GTPase protein expression, future studies could pro-
vide new research directions for cancer treatment targeting
RHO-GTPase signaling.

Conclusion

Our study developed a novel prognostic stratification bio-
marker—the RHO-GTPase signaling gene model, which can
be used to assess clinical prognosis, immune status, immu-
notherapy response, and chemotherapy sensitivity in ccRCC
patients, ultimately improving patient outcomes.
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