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ABSTRACT
Clear cell renal cell carcinoma (ccRCC) is distinguished by the absence of definitive diagnostic markers and efficacious 
treatment modalities, factors that collectively contribute to its unfavorable clinical prognosis. The targeting of senescent 
cells has recently emerged as a promising therapeutic strategy. Nevertheless, the precise role of cellular senescence in the 
pathophysiology of ccRCC has yet to be comprehensively elucidated. This study sought to investigate the role of cellular 
senescence levels in ccRCC through comprehensive transcriptomic, proteomic, spatial transcriptomic, and single-cell analy-
ses. The study determined that elevated levels of cellular senescence contribute to a suppressed immune microenvironment, 
thereby exacerbating the prognosis for ccRCC patients. We utilized an extensive array of machine learning algorithms, in 
conjunction with multi-omics technologies, validated through immunofluorescence, RT-qPCR, and additional techniques, 
to collectively identify FLT1 as a pivotal single gene driving ccRCC progression. Our work reveals a FLT1-centered net-
work of related factors, where FLT1 acts as the core single gene, closely associated with key factors VEGFA and AKT1. 
This network mediates crosstalk between endothelial and epithelial cells: endothelial cells expressing FLT1 alone, AKT1 
alone, or co-expressing FLT1/AKT1 exhibited enhanced malignancy; among epithelial cells, proximal tubular epithelial 
cells with high VEGFA expression (a factor closely related to FLT1) represented the most aggressive subtype and acted 
as “pioneer cells” driving tumor progression. This FLT1-centric mechanism is evolutionarily conserved, as validated in 
mouse single-cell datasets. Clinically, ccRCC patients with low expression of the FLT1-centered network (particularly low 
FLT1) showed better responses to immunotherapy. For patients with high FLT1 expression, a combination therapy targeting 
this network—screened via molecular docking and dynamics simulations—may improve prognosis. This includes FLT1 
inhibitors (Sorafenib, Regorafenib, Lenvatinib), supplemented by AKT1 inhibitors (Capivasertib) and VEGFA inhibitors 
(Bevacizumab) to suppress FLT1-associated malignant cell populations.
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1   |   Introduction

Renal cell carcinoma (RCC) is among the 10 most common ma-
lignant tumors worldwide, and approximately 70% of patients 
are diagnosed with clear cell renal cell carcinoma (ccRCC) [1, 2]. 
ccRCC is the most common and deadliest subset of renal can-
cer, with approximately 180 000 deaths worldwide each year 
[3, 4]. Clinically, ccRCC often presents with subtle early symp-
toms, leading to difficulties in early diagnosis, and as a result, 
it is frequently detected at advanced stages with metastasis to 
surrounding tissues or other organs, complicating treatment [5]. 
Current therapeutic approaches for ccRCC include surgical re-
section, targeted therapy, and immunotherapy [6, 7]. Advanced 
ccRCC has spread and metastasized, making it impossible to 
cure with surgery. Current first-line treatments for advanced 
ccRCC include angiogenesis inhibitors, mTOR (mammalian tar-
get of rapamycin) inhibitors, and immune checkpoint inhibitors 
[8, 9]. Despite advancements in current treatment modalities, 
managing ccRCC still faces numerous challenges [10]. For in-
stance, response rates to targeted therapies and immunotherapy 
are variable, and patients may develop resistance to these treat-
ments [11]. Moreover, the lack of reliable predictive biomarkers 
limits our ability to forecast treatment outcomes and implement 
personalized therapies [12, 13]. With deeper insights into can-
cer biology, particularly regarding the tumor microenvironment 
and intercellular interactions, our understanding of treatment 
prospects for advanced cancer patients has improved [14, 15]. 
These findings highlight the urgency of exploring new thera-
peutic targets, including the development of novel drugs and the 
improvement of existing treatment strategies, to achieve more 
precise personalized therapy.

Cellular senescence is considered one of the hallmarks of can-
cer, and its role in cancer cells is complex and multifaceted 
[16, 17]. Some studies indicate that inducing tumor cells into 
senescent states can effectively inhibit their proliferation and 
spread, thereby suppressing tumor growth [18, 19]. Senescent 
cancer cells exhibit heightened immunogenicity, capable of 
activating dendritic cells (DCs) and specific CD8 T cells to in-
duce anti-tumor immune responses [20]. Nevertheless, other 
studies indicate that cellular senescence could potentially en-
hance the malignant traits of tumor cells, including their pro-
liferation, invasiveness, and metastatic capabilities [21, 22]. 
Additionally, it contributes to the creation of an immunosup-
pressive tumor microenvironment, a pivotal mechanism for 
developing drug resistance [23, 24]. Currently, senescence 
therapies primarily focus on two aspects: inducing tumor cell 
senescence and selectively eliminating senescent cells [25]. 
However, the dual nature of senescence complicates the se-
lection of treatment strategies. Therefore, a thorough under-
standing of the intricate roles of cellular senescence in tumors 
is essential. This necessitates investigating how tumor cells 
exploit senescence mechanisms to gain survival advantages 
and exploring ways to manipulate these processes to design 
more effective treatment strategies. In-depth studies on the 
senescence status within ccRCC will help identify critical ma-
lignant cell populations driving ccRCC progression. Targeting 
these malignant cell populations could more effectively con-
trol tumor development while minimizing damage to normal 
cells, thus offering more precise and personalized treatment 
options for patients.

Tumor heterogeneity poses a complex challenge in cancer 
therapy, stemming from the diversity of tumor cells and their 
interactions with the surrounding microenvironment [26]. 
Multi-omics technologies provide comprehensive insights 
into tumor cells across different biological levels, aiding in the 
discovery of novel biomarkers, prediction of patient progno-
sis, and treatment response [27, 28]. While bulk sequencing 
captures global information rapidly under specific conditions, 
it offers a “mean” of cell populations that may mask inter-
cellular heterogeneity [29, 30]. The emergence of single-cell 
sequencing allows us to observe gene expression patterns at 
the level of individual cells, revealing the diversity and het-
erogeneity within cell populations [13, 31, 32]. However, this 
technique may lead to spatial information loss and damage 
to fragile cells and tissues during sample processing. Spatial 
transcriptomics preserves spatial information of gene ex-
pression, enabling us to observe spatial heterogeneity during 
tumor development, crucial for understanding the tumor 
microenvironment and intercellular interactions [33, 34]. 
By integrating these data, we can delve deeper into analyz-
ing tumor heterogeneity, elucidating mechanisms underlying 
tumor initiation and progression. With the rapid development 
of machine learning technology, new approaches have been 
developed for processing and analyzing complex and diverse 
omics data [35, 36]. By applying a combination of various ma-
chine learning algorithms, we can accurately identify patterns 
and rules within data, uncovering hidden biological insights 
[37, 38]. These discoveries not only deepen our understand-
ing of the biological mechanisms of tumors but also provide 
more reliable support for biomedical research and clinical di-
agnostics. Therefore, the integration of omics methods with 
machine learning has become an important tool in cancer re-
search, offering new perspectives and possibilities for better 
understanding and addressing the challenges of cancer.

In this study, we have preliminarily confirmed that cellular se-
nescence plays a pivotal role in influencing the clinical progno-
sis of patients with ccRCC, with an increased level of cellular 
senescence resulting in a worse clinical prognosis for ccRCC. 
Based on this finding, we constructed a prognostic signature 
related to cellular senescence, aiming to predict the clinical 
outcomes and treatment responses of ccRCC patients. Utilizing 
a plethora of machine learning algorithms (KNN (K-Nearest 
Neighbors), Elastic net, GBM (Gradient Boosting Machine), PLS 
(Partial Least Squares), SVM (Support Vector Machine), Naive 
Bayes, stepLDA (Stepwise Linear Discriminant Analysis)) and 
multi-omics technologies (transcriptomics, proteomics, single-
cell, and spatial transcriptomics analysis), we identified that a 
FLT1-centered network of related factors (including VEGFA and 
AKT1) plays a critical role in the progression of ccRCC mediated 
by cellular senescence. Our research results indicate that the 
abnormal activation of this FLT1-centered network of related 
factors alters the interaction patterns and differentiation poten-
tial of endothelial and epithelial cell subpopulations, having a 
key impact on determining cell fate. Further analysis revealed 
that within this network, FLT1-positive endothelial cells, AKT1-
positive endothelial cells, FLT1- and AKT1-double-positive en-
dothelial cells, and VEGFA-positive epithelial cells (key cell 
subpopulations associated with the network) exhibit a signif-
icant increase in malignancy, and the frequent interactions 
between these cells are key factors leading to poor prognosis 
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in ccRCC. Based on drug sensitivity analysis and molecular 
docking, we have screened several drugs targeting this FLT1-
centered network of related factors, including AKT1 inhibitors 
Capivasertib, VEGFA inhibitors Bevacizumab, as well as FLT1 
inhibitors Sorafenib, Regorafenib and Lenvatinib. The discovery 
of these drugs provides a theoretical basis for a combined tar-
geted treatment strategy, which is expected to accurately target 
and suppress the malignancy of highly malignant tumor cells. 
Overall, this study not only deepens our understanding of the 
mechanisms of cellular senescence in ccRCC but also provides 
a solid foundation for the development of personalized precision 
medical strategies.

2   |   Materials and Methods

2.1   |   Data Collection and Processing

The TCGA-KIRC dataset and clinical data for clear-cell Renal 
Cell Carcinoma (ccRCC) were obtained from The Cancer 
Genome Atlas (TCGA) database (https://​portal.​gdc.​cancer.​
gov/​). Seventy-two normal samples and 542 ccRCC samples 
in total were used in the analysis. R software was used to di-
vide TCGA-KIRC into a training group and a test group at a 3:7 
ratio. In addition, two other datasets containing ccRCC tissues 
and normal tissues were downloaded from the GEO database 
(https://​www.​ncbi.​nlm.​nih.​gov/​). The GSE105261 dataset con-
tained 35 ccRCC patients' tumor samples and 9 normal tissues, 
while the GSE168845 dataset contained 4 tumor tissues. The 
CellAge database (https://​genom​ics.​senes​cence.​info/​cells/​​) con-
tains 665 genes relevant to cellular senescence. Cellular senes-
cence pathway genes obtained from KEGG (https://​www.​kegg.​
jp/​), containing 155 genes (entry: map04218).

2.2   |   Identification of the Cellular 
Senescence-Related Genes

Differential analysis was performed on 542 tumor tissues 
and 72 normal tissues using the “limma” package to identify 
DEGs [13, 30]. The heatmap and volcano maps of DEGs were 
visualized using the “ggplot2” and “pheatmap” packages. 
Subsequently, the most significant enrichment pathways and 
biological processes of DEGs were investigated using the GO 
analysis via the “clusterProfiler” package. In the training set, 
ccRCC-associated genes were filtered through WGCNA using 
the “WGCNA” package. Consensus clustering was used to 
determine the optimal cellular senescence clusters using the 
“ConsensusClusterPlus” program in order to better uncover 
the expression patterns of genes linked to cellular senescence 
in ccRCC. The optimal number of clusters was determined 
using a consensus matrix and a cumulative distribution func-
tion (CDF). The K–M approach was applied to ascertain the 
variations in survival between clusters. The intersection of 
DEGs, ccRCC module genes, and cellular senescence-related 
genes was extracted to construct a cellular senescence-related 
prognostic signature. To quantify senescence activity at the 
single-sample level, senescence scores were calculated using 
the AUCell algorithm. For subsequent stratification and risk 
grouping, samples were dichotomized into “Senescence-High” 
and “Senescence-Low” groups using the median senescence 

score of the cohort as the threshold. This median-based cutoff 
provides a standard, objective, and reproducible criterion that 
ensures balanced group sizes for downstream comparative 
analyses.

2.3   |   Construction of Prognostic Signature

To determine if the filtered important genes were negative pre-
dictors for cancer prognosis, univariate Cox regression analysis 
was employed. Least absolute shrinkage and selection operator 
(LASSO) regression analysis was performed to identify signa-
ture genes using the “glmnet” package. The risk score was cal-
culated using the following formula:

Based on the median risk score, patients with ccRCC were clas-
sified into low- and high-risk categories. A prognostic study 
using K-M survival was performed for individuals with low- and 
high-risk ccRCC. To verify the stability of the forecast, a ROC 
curve was created. The R package “pROC” was used to plot the 
ROC Curve of statistically significant CSRGs and calculate the 
Area Under the Curve (AUC) value. The AUC of the ROC curve 
was generally between 0.5 and 1. The closer the AUC is to 1, the 
better the diagnostic performance. When AUC was between 0.5 
and 0.7, the accuracy was low; when AUC was between 0.7 and 
0.9, the accuracy was moderate; and when AUC was above 0.9, 
the accuracy was high.

A nomogram was created based on risk, age, sex, tumor node 
metastasis classification, and clinical stage in order to further 
enhance the clinical usefulness. To illustrate the correlation 
between the actual and predicted probability for the 1, 3, and 
5 years of OS, a calibration curve was created. ROC analysis 
was used to assess each factor's discriminating performance 
for ccRCC. A principal component analysis (PCA) was per-
formed to assess how well low- and high-risk ccRCC could be 
separated.

2.4   |   Functional Enrichment Analysis

Gene set enrichment analysis (GSEA) was performed to ana-
lyze variations in pathway activities between low- and high-risk 
ccRCC (p < 0.05) using GSEA 4.1.0 (http://​www.​broad.​mit.​edu/​
gsea). Gene Ontology (GO) and KEGG analysis were conducted 
with the DEGs in low- and high-risk ccRCC identified via the 
“limma” package.

2.5   |   Immune Cell Infiltration

In order to investigate the correlation between immune cell 
infiltration and cellular senescence-related signatures, im-
mune cell infiltration was assessed using the XCELL, TIMER, 
QUANTISEQ, MCPCOUNTER, EPIC, CIBERSORT-ABS, and 
CIBERSORT algorithms in different colors. Infiltration scores of 
23 types of immune cells, 13 types of immune function-related 
pathways, and 7 types of stromal-related pathways were cal-
culated by ssGSEA using the “GSVA” package. Furthermore, 

Risk score = e
∑n

i=1
Corf(i)X (i).

https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/
https://genomics.senescence.info/cells/
https://www.kegg.jp/
https://www.kegg.jp/
http://www.broad.mit.edu/gsea
http://www.broad.mit.edu/gsea
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the “ESTIMATE” package was utilized to compute three 
TME-related scores: the immune score, stromal score, and 
ESTIMATE score.

2.6   |   Identification of the Key Signaling Axis 
Based on Machine Learning

We arranged 101 combinations of these 10 algorithms (Lasso, 
Ridge, glmBoost, stepglm LDA, random survival forest (RSF), 
elastic net (Enet), partial least squares regression for Cox (plsR-
cox), generalized boosted regression modeling (GBM), and sup-
port vector machine (SVM)) in the TCGA-KIRC training dataset 
for variable selection and model construction based on a tenfold 
cross-validation framework and screened for key genes associ-
ated with cellular senescence in ccRCC [39]. Then, we employed 
seven machine learning algorithms, including KNN (K-Nearest 
Neighbors), Elastic net, GBM (Gradient Boosting Machine), PLS 
(Partial Least Squares), SVM (Support Vector Machine), Naive 
Bayes, and stepLDA (Stepwise Linear Discriminant Analysis), 
to further screen and identify FLT1, AKT1, and VEGFA as 
key genes.

2.7   |   Single-Cell Analysis of Human Samples

The scRNA-seq dataset GSE156632 was downloaded from the 
GEO database. RNA-seq data and sample annotation informa-
tion were processed using the “Seurat” R package. Cells with 
< 200 genes, > 3500 genes, > 15% mitochondrial genes, or > 3% 
hemoglobin gene content were excluded. After normalizing 
the scRNA-seq data and modeling the relationship between 
average expression and dispersion, highly variable genes were 
identified. To integrate data from multiple samples/batches 
and mitigate technical variation, we performed batch effect 
correction using the Harmony algorithm. Specifically, prin-
cipal component analysis (PCA) was first performed on the 
integrated dataset. The Harmony function was then applied 
to these PCA embeddings, using sample origin as the batch 
covariate, to obtain corrected dimensionality reductions. 
These Harmony-corrected embeddings were used for subse-
quent nonlinear dimensionality reduction and clustering. A 
t-distributed stochastic neighbor embedding (tSNE) plot was 
generated for visualization and to classify cells into distinct 
clusters. Differentially expressed genes (DEGs) for each result-
ing cell cluster were identified using the “FindAllMarkers” 
function.

To explain the molecular mechanism of ccRCC progression and 
compare the distinct differentiation patterns between tumor 
and normal samples, pseudo-time analysis was performed using 
the “CytoTRACE” algorithm. The CellChat package was em-
ployed to analyze cell–cell communication patterns. To avoid 
confounding signals between tumor and normal tissue, analyses 
were performed separately on cells derived from tumor samples 
and those from adjacent normal samples. This approach enabled 
the identification of dominant senders, receivers, mediators, 
and influencers within the intercellular communication net-
works specific to the tumor microenvironment and the normal 
tissue context, allowing for a comparative assessment of their 
differences. Each cell's CNV assessment was conducted using 

the “infercnv” R package. CNVs for epithelial and endothelial 
cells were calculated separately, with Epi_N and Other serving 
as references. The parameters for the inferCNV analysis include 
“denoise,” the default Hidden Markov Model (HMM) settings, 
and a “cutoff value” of 0.1.

2.8   |   Single-Cell Analysis of Mouse Samples

The single-cell RNA dataset GSE259361 was downloaded from 
the GEO database. RNA sequencing data and sample annota-
tion information were obtained through the “Seurat” R package. 
Cells with fewer than 200 genes, more than 3500 genes, a mito-
chondrial gene ratio exceeding 15%, or a hemoglobin ratio ex-
ceeding 3% were excluded. The single-cell RNA sequencing data 
were standardized and the relationship between average expres-
sion and dispersion was controlled. Then, the highly variable 
genes of each cell type were determined. The “FindAllMarkers” 
function was used to identify differentially expressed genes 
(DEGs) of the given cell type, and tSNE was used for dimen-
sionality reduction processing, classifying the cells into differ-
ent clusters.

The cellular senescence-related genes were projected in normal 
samples and tumor samples and presented in a heatmap format. 
Pseudo-time analysis was performed using the “CytoTRACE” 
algorithm and the “Monocle” algorithm. The cell communica-
tion patterns were analyzed using the CellChat package.

2.9   |   Spatial Transcriptomics Analysis

The GSE175540 dataset was downloaded from the GEO data-
base, which contained 24 ccRCC human tumors analyzed by 
spatial transcriptomics. Spatial transcriptomics data analysis 
was performed using the “Seurat” R package, employing meth-
ods similar to those used for single-cell RNA sequencing data 
analysis. The “FindTransferAnchors” and “TransferData” func-
tions, with default settings from the “Seurat” R package, were 
utilized to predict single-cell data on the spatial transcriptom-
ics data.

2.10   |   Prediction of Immunotherapy Response

IPS is used to detect the immunogenicity of tumors and pre-
dict their response to immunotherapy. Statistical analysis is 
conducted to estimate the differences in IPS between the high-
expression group and the low-expression group of FLT1, AKT1, 
and VEGFA in order to compare the immunotherapy responses 
between the two groups.

2.11   |   Drug Sensitivity Analysis and Molecular 
Docking

The drugs were downloaded from ChEMBL database (https://​
www.​ebi.​ac.​uk/​chembl/​). Then, the 2D structures of potential 
active ingredients and key DEG targets were downloaded from 
PubChem (https://​pubch​em.​ncbi.​nlm.​nih.​gov/​) and PDB da-
tabases (http://​www.​rcsb.​org/​), and were analyzed using the 

https://www.ebi.ac.uk/chembl/
https://www.ebi.ac.uk/chembl/
https://pubchem.ncbi.nlm.nih.gov/
http://www.rcsb.org/
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“AutoDock” package for molecular docking of VEGFA/FLT1/
AKT1 axis and small molecule drugs using Lamarckian genetic 
algorithms (LGA), with all parameters in the genetic algorithm 
at default values.

2.12   |   Molecular Dynamics Simulations

Gromacs2022.3 software was used for molecular dynam-
ics simulation [40, 41]. For small molecule preprocessing, 
AmberTools22 is used to add GAFF force field to small mole-
cules, while Gaussian 16 W is used to hydrogenate small mole-
cules and calculate RESP potential. Potential data will be added 
to the topology file of the molecular dynamics system. The simu-
lation conditions were carried out at a static temperature of 300 K 
and atmospheric pressure (1 Bar). Amber99sb-ildn was used 
as the force field, water molecules were used as solvent (Tip3p 
water model), and the total charge of the simulation system was 
neutralized by adding an appropriate number of Na + ions. The 
simulation system adopts the steepest descent method to mini-
mize the energy, and then carries out the isothermal isovolumic 
ensemble (NVT) equilibrium and isothermal isobaric ensemble 
(NPT) equilibrium for 100 000 steps, respectively, with the cou-
pling constant of 0.1 ps and the duration of 100 ps. Finally, the 
free molecular dynamics simulation was performed. The pro-
cess consisted of 5 000 000 steps, the step length was 2 fs, and the 
total duration was 100 ns. After the simulation was completed, 
the built-in tool of the software was used to analyze the trajec-
tory, and the root-mean-square variance (RMSD), root-mean-
square fluctuation (RMSF), and protein rotation radius of each 
amino acid trajectory were calculated, combined with the free 
energy (MMGBSA), free energy topography, and other data.

2.13   |   Protein Expression and Subcellular 
Localization

We utilized the Human Protein Atlas database (HPA) (web-
site: https://​www.​prote​inatl​as.​org) to analyze the immuno-
histochemical staining images of FLT1, VEGFA, and AKT1 in 
ccRCC and normal tissues, as well as the subcellular localiza-
tion of FLT1.

2.14   |   Real-Time Quantitative Polymerase Chain 
Reaction (RT-qPCR) Analysis

Total RNA from tumor tissues and normal control tissues was 
extracted using TRIzol reagent (Invitrogen, USA). First-strand 
cDNA was synthesized using a Superscript II First-Strand cDNA 
Synthesis Kit (TaKaRa, Japan). GAPDH was used as an internal 
control.

2.15   |   Cell Culture

The human clear cell renal cell adenocarcinoma cell line (786-O) 
was cultured in RPMI-1640 medium supplemented with 10% 
fetal bovine serum (ZETA, USA) and 1% penicillin–streptomy-
cin solution (Gibco, USA) at 37°C in a 5% CO2 incubator. Human 
umbilical vein endothelial cells (HUVECs) were cultured in 

endothelial cell medium, supplemented with 5% fetal bovine 
serum, 1% endothelial cell growth supplement, and 1% penicil-
lin–streptomycin solution, and maintained at 37°C in a 5% CO2 
incubator.

For the co-culture experiments, HUVECs were seeded in the 
lower chamber of a Transwell plate, while epithelial cells were 
plated in the upper chamber. After cell attachment, the medium 
in the upper chamber was replaced with fresh medium con-
taining recombinant human VEGFA (MCE, Cat# HY-P7110A) 
or vehicle control, and the co-culture was continued for 24 h. 
Subsequently, endothelial cells from the lower chamber were 
harvested for RNA extraction and RT-qPCR analysis.

2.16   |   Immunofluorescence

We blocked paraffin sections with BSA and then incubated 
them with primary antibodies (anti-FLT1, anti-AKT1, an-
ti-CD34, anti-VEGFA, anti-KRT8) overnight at 4°C in a 
humidified chamber. Slides were then incubated with 
fluorescein-conjugated secondary antibodies for 1 h at room 
temperature in the dark. Nuclei were counterstained with 
4′, 6-diamidino-2-phenylindole (DAPI) [42]. We used confo-
cal microscopy (Nikon) for imaging. Antibody catalog num-
ber: anti-FLT1 (Proteintech, Wuhan, China, 13687-1-AP), 
anti-AKT1 (Abcam, Cambridge, UK, ab235958), anti-CD34 
(Abcam, Cambridge, UK, ab81289), anti-VEGFA (Proteintech, 
Wuhan, China, 19003-1-AP), anti-KRT8 (Proteintech, Wuhan, 
China, 27105-1-AP).

2.17   |   FLT1 Knockdown

786-O cells were transfected with FLT1-specific siRNA 
(Sense: 5′-GCCCAUCACUAUGGAAGAUTT-3′; Antisense: 
5′-AUCUUCCAUAGUGAUGGGCTT-3′, Genema, China) 
following the manufacturer's protocol for gene silencing. 
Transfection efficiency was validated by RT-qPCR analysis 24 h 
post-transfection.

2.18   |   Wound Healing Assay

786-O cells were seeded at a density of 2 × 104 cells/mL in 6-well 
plates and cultured in RPMI-1640 with serum-free medium. 
Parallel scratches (approximately 1 mm wide) were created on 
the cell monolayer using a sterile 200 μL pipette tip perpendic-
ular to the plate bottom. Images of the scratched areas were 
captured at 0 h (immediately after scratching) and 24 h using a 
microscope, and the wound width was measured using ImageJ 
software.

2.19   |   Live/Dead Staining

786-O cells were plated in 12-well plates and treated with FLT1-
specific siRNA for 24 h. Live/dead staining was performed using 
a mixture of PBS, calcein-AM, and propidium iodide (KeyGEN 
BioTECH, China). The mixture was introduced directly to the 
wells and cultured at 37°C for 30 min.

https://www.proteinatlas.org
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2.20   |   Cytotoxicity Assay

For cell proliferation assessment, 786-O cells were plated 
in 96-well plates and treated with FLT1-specific siRNA for 
24 h. Cell viability was evaluated using a Cell Counting Kit-8 
(CCK-8, GLPBIO, USA). The CCK-8 solution was diluted 1:10 
with medium and added to the cells, followed by incubation 
at 37°C for 1 h. Subsequently, the supernatant from each well 
was collected, and the optical density (OD) was measured at 
450 nm.

2.21   |   Statistical Analysis

Statistical analysis and graphs were generated using R software 
V4.0.2 and GraphPad Prism 10.0. While comparing continuous 
variables between two groups, the Student's t-test or Wilcoxon 
rank-sum test was utilized; while comparing the differences be-
tween three groups, one-way ANOVA or Kruskal–Wallis tests 
were employed. Pearson's correlation was used to calculate cor-
relations between regularly distributed data, while Spearman's 
correlation was used to evaluate correlations between non-
normally distributed variables. The cutoff point for statistical 
significance was p < 0.05.

3   |   Results

3.1   |   Importance of Cellular Senescence 
Involvement in ccRCC Occurrence 
and Development

By applying single-cell analysis technology, we are able to 
delve into the specific characteristics exhibited by different cell 
populations during the process of cellular senescence. After 
quality control and clustering, we obtained core cells for sub-
sequent analysis (Figure S1A–N). Marker genes were used to 
annotate cell types, and based on the expression levels of these 
genes, the core cells were classified into five independent cell 
clusters, including immune cells, fibroblasts, epithelial cells, 
and endothelial cells (Figure 1A–D). GO and KEGG analysis 
showed that the marker genes in ccRCC tissue were enriched 
in various pathways related to tumor progression, such as cell 
chemotaxis, tissue migration, and focal adhesion (Figures 1D 
and S1O–R). Compared to normal tissues, ccRCC tissues had a 
decreased percentage of epithelial cells and an increased per-
centage of endothelial and immune cells (Figure 1E). Further, 
we evaluated the cellular senescence level of various cell types 
using the “AUcell” algorithm. The analysis showed that cel-
lular senescence was generally increased in ccRCC tissues 
(Figure  1F). We then selected several key genes involved in 
cellular senescence and employed the “tSNE” algorithm to 
project them. This revealed that the majority of these genes 
exhibited differential expression and distribution patterns in 
normal and ccRCC tissues (Figure  1G). Furthermore, tran-
scriptome analysis was employed to substantiate this finding 
that the level of cellular senescence is markedly elevated in 
ccRCC tissues (Figure 1H,I). Patients exhibiting elevated cel-
lular senescence levels were confirmed to have a poorer clin-
ical prognosis in multiple clinical cohorts (Figure 1J). These 

results suggest that cellular senescence may be a mechanism 
that plays a pivotal role in the progression of ccRCC. However, 
the precise mechanism remains to be elucidated.

3.2   |   Identification of Key Cell Senescence-Related 
Genes in ccRCC

Cellular senescence-related genes were obtained from the 
CellAge database. We conducted an unsupervised consen-
sus analysis with the objective of elucidating the molecu-
lar heterogeneity of ccRCC from the perspective of cellular 
senescence-related genes. The results indicated that k = 2 was 
more reasonable, with all samples divided into two ccRCC sub-
types (C1 subtype and C2 subtype) (Figure  S2A–D). The C2 
subtype exhibited a lower level of cellular senescence than the 
C1 subtype (Figure  2A). We conducted a Kaplan–Meier sur-
vival analysis to assess the correlation between the two ccRCC 
subtypes and clinical outcomes. The results demonstrated that 
the C2 subtype exhibited a significantly longer overall survival 
than the C1 subtype (p = 0.0165) (Figure 2B). We subjected the 
differentially expressed genes (DEGs) between the C1 and C2 
subtypes to GSEA enrichment analysis, which demonstrated 
that these genes were predominantly associated with the en-
doplasmic reticulum lumen, epidermis development, epithe-
lial cell differentiation, natural killer cell-mediated immunity, 
response to wounding, and antimicrobial humoral immune 
response mediated by antimicrobial peptide. This suggests 
that cellular senescence may be closely related to cellular de-
velopment and the immune microenvironment (Figure  2C). 
Consequently, we proceeded to investigate the relationship be-
tween cellular senescence and the immune microenvironment. 
The findings revealed a positive correlation between cellular 
senescence and immune pathways, including parainflam-
mation, MHC_classI, C-C Motif Chemokine Receptor (CCR), 
checkpoint, and others. Additionally, a positive correlation was 
observed between cellular senescence and various immune 
cells. Regulatory T cells (Treg cells), acting as immunosuppres-
sive cells, are closely positively correlated with the level of cel-
lular senescence. As the level of cellular senescence increases, 
more Treg cells in the tumor microenvironment are activated, 
which may lead to an immunosuppressive environment, re-
sulting in poorer prognosis and reduced therapeutic efficacy in 
ccRCC (Figure 2E).

To further investigate the potential relationship between the 
DEGs between the normal and ccRCC tissues and cellular se-
nescence, a differential analysis was conducted to identify sig-
nificant DEGs (Figure  2F,G). GO and KEGG analysis results 
indicated that the DEGs were predominantly enriched in path-
ways related to the regulation of epithelial cells, the regulation 
of endothelial cells, and angiogenesis. These findings suggest 
that the abnormal cellular behavior of epithelial and endothe-
lial cells, along with increased angiogenesis, may be key mecha-
nisms contributing to the progression of ccRCC (Figure 2H). To 
identify genes involved in ccRCC occurrence and development, 
we employed weighted correlation network analysis (WGCNA) 
(Figures 2I and S2E–G). Based on the correlation coefficient and 
P-value, the magenta module was identified as the key module 
(Figure 2J). Figure 2K illustrates the protein–protein interactions 
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between the genes in the magenta module. The intersection 
between cellular senescence-related genes, key WGCNA mod-
ule genes, and DEGs between ccRCC and normal tissues was 
demonstrated using Venn diagrams. Subsequently, 154 inter-
secting genes were identified as key cellular senescence-related 
genes associated with ccRCC occurrence and development, and 
were subjected to further analysis (Figure 2L).

3.3   |   Immune Infiltration Analysis 
and Tumor Mutational Burden (TMB) Analysis 
of the Cellular Senescence-Related Prognostic 
Signature

Through univariate Cox regression analysis of patients 
with ccRCC, we identified two protective genes (ANLN and 

FIGURE 1    |    Importance of cellular senescence involvement in ccRCC. (A–C) tSNE representation of major cell types identified by scRNA-seq. 
(D) Marker genes expressed in 5 major cell types. (E) Bar graph of relative cell proportions. (F) Cellular senescence level of various cell types using the 
“AUcell” algorithm. (G) Expression of cellular senescence-related genes is shown in tSNE. (H) Different ssGSEA score of cellular senescence between 
the Normal and ccRCC groups. (I) Different ssGSEA score of cellular senescence between the Normal and ccRCC groups based on paired samples. 
(J) Meta-analysis of cellular senescence score and prognosis in multiple clinical cohorts of patients.
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FOXM1) and five risk genes (CD34, FLT1, GADD45G, GNMT, 
and NDRG1) (Figure  3A). A prognostic signature constructed 
using the LASSO algorithm categorized patients into low-risk 
and high-risk groups, with the latter showing higher mortality 
rates and upregulated expression of risk genes (Figures 3B and 
S3A,E,J). K-M survival analysis indicated significantly lower 
overall survival rates for the high-risk group (Figure S3B,F,J). 
The ROC curves that vary with time showed AUC values of 

the three subsets at 1, 3, and 5 years were all greater than 0.60 
(Figure  S3C,G,K). PCA further confirmed distinct differences 
between high-risk and low-risk groups (Figure  S3D,H,L). 
Additionally, there were significant differences in N stage, 
T stage, and clinical staging between the high and low-risk 
groups (Figure  S4A–F). Multivariate Cox analysis revealed 
that M stage and risk score are independent prognostic indi-
cators (Figure S4G,H). A heatmap of the clinical features and 

FIGURE 2    |    Identification of key cell senescence-related genes in ccRCC. (A) Different cellular senescence scores between C1 and C2 groups. 
(B) Kaplan–Meier Curves for differential survival of 2 cellular senescence clusters. (C) The top six most significant pathways by GSEA between C1 
and C2 groups. (D) Correlation analysis between immune infiltration scores and cellular senescence scores. (E) Correlation analysis between im-
mune cells and cellular senescence scores. (F) Volcano plot of DEGs in the normal and ccRCC groups. (G) Heat map of DEGs in normal and ccRCC 
groups. (H) GO and KEGG enrichment analysis of the DEGs. (I) Cluster dendrogram of the co-expression network modules. (J) Analysis of cor-
relations between the modules and ccRCC. (K) Protein–protein interaction networks (PPI) in MEmagenta module. (L) Intersection of genes from 
“Cellage” database, genes in MEmagenta module, and DEGs in ccRCC and normal groups. ***p < 0.01.
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cellular senescence-related gene expression levels of the TCGA 
subset also confirmed this finding (Figure  S4I). A nomogram 
based on M stage and risk score predicted 1-, 3-, and 5-year sur-
vival rates for patients, with calibration curves showing good 
predictive accuracy. ROC analysis indicated that the nomogram 
has a higher AUC value, making it an effective predictive tool 
(Figure S4J–L). K-M survival analysis further confirmed that the 
prognosis of low-risk ccRCC patients is significantly better than 
that of high-risk patients, especially among those over 65 years 
old, in stages III-IV, and at T3 stage (Figure S5). These results 
suggest that cell senescence-related prognostic features are valu-
able for predicting the clinical outcomes of ccRCC patients.

The enrichment analysis for the high-risk and low-risk 
groups indicated that the risk score is mainly associated with 
pathways such as cellular response to xenobiotic stimulus, 
glycolysis/gluconeogenesis, glucose metabolic processes, 
positive regulation of secretion by cell, lipid transport, and 

regulation of pathway-restricted SMAD protein phosphor-
ylation (Figure  3C). These pathways may be the underlying 
mechanisms that lead to different prognoses for patients in 
the high-risk and low-risk groups. By combining seven types 
of immune infiltration algorithms, we found that the risk 
score was significantly positively correlated with endothelial 
cells, suggesting that there may be more activated endothe-
lial cells in the tumor microenvironment of high-risk patients, 
and endothelial cells may be a key cell group leading to poor 
prognosis in ccRCC (Figure  3D). Figure  3E shows the com-
plex immune microenvironment in ccRCC, where these im-
mune cells interacted with each other. The risk score was 
closely related to a variety of immune cells, among which, it 
was positively correlated with various resting state cells, such 
as T cells CD4 memory resting, NK cells memory, Mast cells 
resting, and negatively correlated with various immune cells 
that play anti-tumor immune functions, such as T cells CD8, 
T cells CD4 memory activated, T cells follicular helper. The 

FIGURE 3    |    Construction and validation of the cellular senescence-related signature. (A) Univariate Cox analysis of the key genes screened. 
(B) The cellular senescence-related signature obtained five prognostic genes using LASSO analysis. (C) GO and KEGG enrichment analysis of 
the DEGs in high- and low-risk groups. (D) Correlation analysis of risk score and diverse immune cells using the XCELL, TIMER, QUANTISEQ, 
MCPCOUNTER, EPIC, CIBERSORT-ABS, and CIBERSORT algorithms. (E) Correlation analysis of immune cells. (F) Different expression levels 
of immunostimulator between high- and low-risk groups. (G) Different expression levels of immunoinhibitor between high- and low-risk groups. 
(H) Different expression levels of humoral immunity-related genes between high- and low-risk groups. (I) Correlation analysis of risk score and im-
mune cells. (J) Correlation analysis of risk score, stromal score, immune score, estimate score and tumor purity. (K) The tumor mutational burden 
(TMB) analysis. *p < 0.05, **p < 0.01, and ***p < 0.001.
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state of Tregs, closely related to immune escape, also changed. 
These results indicated that the high-risk patients may be in 
an immunosuppressive state (Figure  3I). In addition, there 
were differences in the expression levels of multiple immune-
inhibitory, immune-stimulatory, and humoral immune genes 
between the high-risk and low-risk groups (Figure  3F–H). 
These differences in immune infiltration between the groups 
may be the basis for different clinical outcomes and responses 
to immunotherapy. The risk score was negatively correlated 
with the immune score and the estimation score, while pos-
itively correlated with tumor purity (Figure 3J). The TMB of 
low-risk patients is higher than that of high-risk patients. The 
above results collectively suggest that low-risk patients may 
have a better response to immunotherapy. High-risk patients 
may have lower effectiveness of immunotherapy and are more 
likely to exhibit immunosuppression (Figures 3K and S3M–O). 
Therefore, it is necessary for us to identify new targets to treat 
high-risk populations more effectively.

3.4   |   Combining Machine Learning 
and Experimental Methods to Screen the Most 
Critical Gene FLT1

To explore more valuable clinical treatment targets to help 
high-risk patients better overcome their predicament, we fur-
ther screened key targets among the genes in the prognostic 
signature construction. We fitted 101 combinatory machine 
learning methods. A training set and an internal validation set 
were separated from the TCGA-KIRC dataset at a ratio of 7:3, 
and the C-index for each model was calculated (Figure  4A). 
Using a machine learning algorithm, four cellular senescence-
related genes with the highest association with ccRCC were 
screened: FLT1, FOXM1, GGAD45G, and NDRG1 (Figure 4B). 
In addition, we employed seven machine learning algo-
rithms—KNN, Elastic net, GBM, PLS, SVM, Naive Bayes, and 
stepwise LDA—to identify the most critical genes in ccRCC. 
The results showed that three of the machine learning al-
gorithms ranked FLT1 as the most important, while in the 
other four, the importance of FLT1 was also within the top 
three (Figures  4C–E and S6). Therefore, combining these 
results with others, we further identified key genes. The RT-
qPCR results showed that among the five mRNAs, only FLT1, 
GADD45G, and GNMT were highly expressed in ccRCC tis-
sues. Among them, FLT1 is the most significant gene between 
ccRCC and normal tissues, with its expression in ccRCC tis-
sues being approximately seven times that of normal tissues, 
higher than the other genes. Therefore, FLT1 is a more reliable 
therapeutic target (Figure 4F). Clinical cohorts from the GEO 
database also confirmed the increased expression of FLT1 in 
ccRCC tissues (Figure S8A).

Single-cell projections demonstrated that FLT1 was predom-
inantly expressed in immune and other cell populations in 
normal tissues, with a notable increase in expression observed 
in ccRCC tissues, particularly in endothelial cell populations 
(Figure  4G–I). In our previous results, we confirmed that 
endothelial cells are a key cellular population contributing 
to poor prognosis in ccRCC, which further underscores the 
significant potential of highly expressed FLT1 in ccRCC endo-
thelial cells as a therapeutic target. According to the CPTAC 

database, FLT1's mRNA and protein expression were greater 
in ccRCC tissues than in normal tissues (Figure  4J,K). The 
subcellular localization of FLT1 to the plasma membrane and 
the actin filaments was observed (Figure 4L,M). The expres-
sion levels of FLT1 in the tissue samples were examined by 
immunohistochemistry. Consistent with the expectations, 
FLT1 was highly expressed in ccRCC samples (Figure  4N). 
Compared to the other four genes, ccRCC patients classified 
based on the expression levels of FLT1 exhibit more distinct 
immunological characteristics (Figures  S7A and S8B–M). 
FLT1 was associated with a variety of immune cells, such as 
pDC, NK cells, and Memory T cells (Figure  S7B). GESA re-
vealed that the expression of FLT1 is significantly enriched 
in immune processes, such as T cell differentiation, NK cell-
mediated cytotoxicity, and antibody production involved in 
immune responses (Figure  S7C). Therefore, we believe that 
FLT1 is not only a reliable therapeutic target, but the level of 
its expression may also affect the immune microenvironment 
and consequently alter the response to immunotherapy, which 
requires further investigation.

To validate the role of FLT1 in the malignant behavior of 
tumor cells, we used siRNA-mediated gene silencing to effec-
tively inhibit FLT1 expression in 786-O cells (Figure  4O). A 
wound-healing assay was employed to examine the potential 
role of FLT1 in cell migration, and it was observed that the mi-
gration ability of 786-O cells with disrupted FLT1 expression 
was significantly suppressed after 24 h (Figure 4P). Through 
live-dead staining, it was visually observed that the 786-O 
cells with FLT1 expression interference showed less green flu-
orescence staining, which was associated with fewer number 
of live cells (Figure 4Q). Through CCK-8 assays, it was found 
that interfering with FLT1 expression inhibited the prolifer-
ative capacity of 786-O cells (Figure  4R). Furthermore, the 
levels of the invasion-associated marker VTM were markedly 
reduced in FLT1-silenced 786-O cells, as determined by RT-
qPCR (Figure 4S). Furthermore, to assess the impact of FLT1 
on cellular senescence, we examined the expression of key 
senescence-associated markers. RT-qPCR analysis revealed 
that FLT1 knockdown led to a significant downregulation 
of canonical senescence-related genes, including the cyclin-
dependent kinase inhibitors CDKN1A (p21) and CDKN2A 
(p16), as well as several senescence-associated secretory phe-
notype (SASP) factors (Figure  4T). Together, these findings 
indicate that FLT1 inhibition attenuates the migratory, prolif-
erative, and survival capacities of ccRCC cells, suppresses the 
expression of key senescence-associated genes, and thereby 
contributes to malignant progression, highlighting its poten-
tial as a promising therapeutic target.

3.5   |   Functional Analysis of FLT1 Based on 
scRNA-Seq Analysis

Several analyses were conducted to determine the specific 
mechanism by which FLT1 plays a role in ccRCC progression. 
Cell–cell communication networks were constructed to predict 
intercellular communication based on specific pathways and li-
gand receptors. It is worth noting that, compared with normal 
tissues, in tumor tissues, the endothelial cells and epithelial cells 
begin to exhibit significant interactions in terms of both count 
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FIGURE 4    |     Legend on next page.
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and weights. In addition, the interactions between endothelial 
cells and other cell populations were transformed in the tumor 
state, and the endothelial cells, which mainly acted as senders 
in the normal state, became the most important receivers in the 
tumor state and were widely influenced by other cell popula-
tions (Figure 5A–C,F–H). In normal tissues, MIF and SPP1 were 
among the most important signaling pathways through which 
endothelial cells mainly acted on fibroblasts and immune cells 
(Figure 5D,E).

However, in tumor tissues, MIF and VEGF were the two most 
important signaling pathways, with epithelial cells mainly 
acting as outputs and endothelial cells as inputs. Within the 
tumor microenvironment, the MIF signaling pathway pri-
marily modulated the interactions between immune cells and 
epithelial cells, while the VEGF signaling pathway predom-
inantly governs the crosstalk between endothelial cells and 
epithelial cells (Figure 5I,J). To delve deeper into the specific 
regulatory mechanisms of FLT1 in ccRCC, we focused our 
subsequent analysis on the VEGF signaling pathway, which 
is chiefly involved in the behavior of endothelial cells. VEGF 
predominantly exerted its effects among endothelial cells, 
epithelial cells, fibroblasts, and other cell types. Endothelial 
cells acted as both recipients and influencers, whereas epithe-
lial cells function as initiators. The VEGFA-VEGFR1 (FLT1) 
receptor-ligand pair was the most critical interaction within 
this pathway (Figure 5J). Within the VEGF pathway, VEGFR1 
(FLT1) had three upstream genes, including VEGFA, VEGFB, 
and PGF. Utilizing seven machine learning algorithms (in-
cluding KNN, Naive Bayes, PLS, stepLDA, SVM, Elastic Net, 
and GBM), we further compared the importance of these three 
upstream genes, where six out of the seven machine learning 
algorithms confirmed that VEGFA is the most critical gene, 
which is consistent with the results of the CellChat analysis 
(Figures 5K–Q and S9A). The RT-qPCR results indicated that 
VEGFA and VEGFB were upregulated in ccRCC tissues, while 
the expression of PGF shows no difference. Among them, the 
difference in expression levels of VEGFA between normal tis-
sues and ccRCC tissues was the most significant, making it 
potentially a better choice for a therapeutic target compared 
to VEGFB and PGF (Figure S11). Both mRNA and protein ex-
pression levels of VEGFA indicated its upregulation in ccRCC, 
which was also corroborated by immunohistochemical re-
sults (Figure  5R–T). Therefore, we believe that the VEGFA-
VEGFR1 (FLT1) receptor-ligand pair is the most important 

receptor-ligand pair between endothelial cells and other cells, 
exerting a key impact on endothelial cell function.

3.6   |   Identification of a FLT1-Centered Regulatory 
Network Associated With Cellular Senescence in 
ccRCC Through Integrative Machine Learning 
and Multi-Omics Analysis

Using WGCNA, we filtered key modules associated with cellu-
lar senescence and extracted the module in which FLT1 is lo-
cated. We then performed a protein–protein interaction (PPI) 
network analysis on the genes within this module, identify-
ing a subset of genes closely related to cellular senescence in 
the context of FLT1 (Figure 6A,B). Further exploration in the 
STRING database for genes closely related to FLT1 yielded 34 
candidate genes. By intersecting these genes with those in the 
cellular senescence pathway, we identified two genes, AKT1 
and NFATC2, that are intimately associated with FLT1 and 
involved in cellular senescence (Figure 6C). Correlation anal-
ysis revealed a stronger association between AKT1 and FLT1 
(Figure  6D). Compared to NFATC2, AKT1 showed a more 
significant difference across various clinical stages of ccRCC 
(Figure 6E). Additionally, we applied seven machine learning 
algorithms (KNN, Naive Bayes, PLS, stepLDA, SVM, Elastic 
Net, and GBM) to compare the importance of two genes, 
among which four confirmed that AKT1 is more critical in 
ccRCC (Figures 6F and S9B–D). Consequently, we focused on 
AKT1 as a key factor closely associated with FLT1 and pro-
pose that a FLT1-centered regulatory network, potentially 
involving AKT1, plays a significant role in ccRCC-associated 
senescence. The immunohistochemical results also confirmed 
that AKT1 exhibited a higher expression in ccRcc compared to 
normal tissues (Figure 6G).

Transcriptomic analysis revealed that FLT1 and its associated 
gene AKT1/VEGFA were co-upregulated in ccRCC compared 
to normal tissues (Figure  6H). Consistent with a functional 
link, knockdown of FLT1 in 786-O cells led to significant 
downregulation of AKT1/VEGFA expression (Figure  4V). 
The expression levels of FLT1, AKT1, and VEGFA were 
also correlated with immune cell infiltration patterns in 
ccRCC (Figure  6I). Enrichment and correlation analyses in-
dicated that FLT1 and its associated network are closely re-
lated to pathways involved in renal cell carcinoma, cellular 

FIGURE 4    |    Combining machine learning and experimental methods to screen the key gene FLT1. (A, B) Multiple machine learning algorithms 
showing the importance of five genes in ccRCC. (C) KNN algorithm for the importance of the five genes. (D) PLS algorithm for the importance of 
the five genes. (E) GBM algorithm for the importance of the five genes. (F) RT-qPCR verifying the expression difference of five genes in tumor and 
normal groups. (G, H) tSNE classified different cell types and showed the distribution of the types in normal and tumor tissues. (I) Expression of 
FLT1 in different cell clusters. (J) The mRNA expression of FLT1 in normal and ccRCC tissues based on the CPTAC database. (K) The protein ex-
pression of FLT1 in normal and ccRCC tissues based on the CPTAC database. (L) Subcellular localization of FLT1 in BJ cells from HPA datasets. 
Scale bar = 20 μm. Green: Target protein; Blue: Nucleus; Red: Microtubules. (M) Subcellular localization of FLT1 in U2OS cells from HPA datasets. 
Scale bar = 20 μm. Green: Target protein; Blue: Nucleus; Red: Microtubules. (N) Available pathology images of FLT1 localization and expression in 
normal and ccRCC were obtained from the HPA database. Scale bar = 200 μm. (O) The relative expression levels of FLT1 in 786-O cells with FLT1 
knockdown. (P) Wound healing in 786-O cells with FLT1 knockdown. Scale bar = 200 μm. (Q) Live/dead staining in 786-O cells with FLT1 knock-
down. Scale bar = 200 μm. (R) CCK-8 assay of 786-O cells with FLT1 knockdown. (S) The relative expression levels of VTM, AKT1 and VEGFA in 
786-O cells with FLT1 knockdown. (T) The relative expression levels of senescence-associated genes in 786-O cells with FLT1 knockdown. *p < 0.05, 
**p < 0.01, ***p < 0.001, and ****p < 0.0001.
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FIGURE 5    |     Legend on next page.
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senescence, epithelial/endothelial cell regulation, and VEGF 
signaling (Figure  6J,K). Proteomic data corroborated these 
findings, showing upregulation of FLT1, AKT1, and VEGFA 
proteins in ccRCC and association with various immune cells 
(Figure  6L,M). Correlation analyses further detailed the re-
lationship between VEGFA/FLT1/AKT1 and other key genes 
in ccRCC and senescence, suggesting a complex regulatory 
interplay (Figures  6N,O and S10). Collectively, these multi-
omics results support the model that a FLT1-centered regula-
tory network is critically involved in the cellular senescence 
program during ccRCC progression. Proteomics-based en-
richment analysis further reinforced the association of this 
FLT1-associated profile with endothelial cell behaviors (e.g., 
migration, vascular transport) and epithelial cell behaviors 
(e.g., adhesion, differentiation) (Figure 6P,Q), underscoring its 
potential significance in the ccRCC microenvironment.

3.7   |   The FLT1-Centered Regulatory Network 
Governs Endothelial-Epithelial Crosstalk

Based on previous findings, we further investigated the lo-
calization and functional relevance of FLT1 and its associ-
ated factors (VEGFA, AKT1) within key cell populations of 
ccRCC. Single-cell projection indicated that components 
of this FLT1-centered network (VEGFA, FLT1, AKT1) are 
overexpressed in ccRCC compared to normal tissues, with 
FLT1 and AKT1 primarily expressed in endothelial cells and 
VEGFA predominantly in epithelial cells (Figure 7A). Spatial 
transcriptomics, which preserves the spatial context of gene 
expression, allowed us to further dissect the distribution of 
the FLT1-centered regulatory network in  situ. Our analysis 
delineated the spatial architecture of key cell populations in 
ccRCC. We visualized the spatial distribution of these popu-
lations alongside the expression patterns of the network com-
ponents—FLT1, AKT1, and VEGFA (Figure 7B). The results 
revealed widespread high expression of this network within 
ccRCC neoplastic tissues. Specifically, FLT1 and AKT1 were 
predominantly localized to endothelial cell regions, whereas 
VEGFA was primarily enriched in epithelial cell areas. This 
spatial expression pattern strongly corroborates our findings 
from single-cell RNA sequencing analysis.

To validate and consolidate these multi-omics findings, we 
conducted immunofluorescence co-staining experiments 
(Figure  7C). By selecting the endothelial cell-specific marker 
CD34 for co-staining with FLT1 and AKT1, we visually con-
firmed the high expression of FLT1 and AKT1 in endothelial 
cell populations, a result consistent with expectations and rein-
forcing their potential role in tumor angiogenesis. Concurrently, 
for epithelial cells, we used KRT8 (as a marker for malignant 
epithelial cells [43]) for co-staining with VEGFA. The results not 
only verified the significant enrichment of VEGFA in ccRCC ep-
ithelial cells but also suggested that VEGFA may act as a key 
molecule regulating the behavior of these malignant epithelial 
cells. The notable upregulation of KRT8 further emphasized the 
importance of malignant epithelial cells in the pathological pro-
cess of ccRCC and the regulatory role of VEGFA (Figure 7D). 
RT-qPCR results also confirmed that AKT1, CD34, VEGFA, 
and KRT8 were upregulated in ccRCC tissues compared to 
normal tissues (Figure  7E). To functionally test the predicted 
epithelial-endothelial crosstalk, we established a co-culture sys-
tem. Conditioned medium from VEGFA-stimulated epithelial 
cells significantly upregulated the expression of FLT1, AKT1, as 
well as the downstream factors EGR1 and MMP9 in endothe-
lial cells, compared to the control medium (Figure 7F). These 
orthogonal validation approaches, including spatial protein de-
tection, transcriptional quantification in clinical samples, and 
functional co-culture assays, consistently support the existence 
and activity of the FLT1-centered network within the ccRCC 
tumor microenvironment.

3.8   |   Exploring the Role of the FLT1-Centered 
Network in Endothelial and Epithelial Cell 
Subpopulations

To investigate the FLT1-centered regulatory network at higher 
resolution, we stratified key cellular populations (endothelial 
and epithelial cells) into subtypes. The endothelial cells were 
categorized into vein, capillary, and artery subtypes, while the 
epithelial cells were divided into PCT (proximal convoluted 
tubule), CFH (complement factor H), CD-ICA (collecting duct-
Type A intercalated cells), and CD-ICB (collecting duct-Type 
B intercalated cells) (Figure  8A,B,E,F). Single-cell projection 

FIGURE 5    |    Functional analysis of FLT1 based on scRNA-seq analysis. (A) Number and strength of interactions between each cell type in nor-
mal tissues. (B) Relative contribution of each ligand-receptor pair to the main signaling pathway network between each cell type in normal tissues. 
(C) Outgoing and incoming signaling patterns of different cell types in normal tissues. (D) The inferred SPP1 signaling pathway networks in normal 
tissues. (E) The inferred MIF signaling pathway networks in normal tissues. (F) Number and strength of interactions between each cell type in tu-
mor tissues. (G) Relative contribution of each ligand-receptor pair to the main signaling pathway network between each cell type in tumor tissues. 
(H) Outgoing and incoming signaling patterns of different cell types in normal tissues. (I) The inferred MIF signaling pathway networks and the 
heatmap showing the relative importance of each cell group based on the computed four network centrality measures of MIF signaling pathway. 
The relative contribution of each ligand-receptor pair to the MIF signaling pathway is also shown. (J) Similar to figure L, describing the VEGF sig-
naling pathway. (K) Elastic net identified the most critical upstream genes of FLT1 (VEGFR1). (L) Naive Bayes identified the most critical upstream 
genes of FLT1 (VEGFR1). (M) KNN identified the most critical upstream genes of FLT1 (VEGFR1). (N) PLS identified the most critical upstream 
genes of FLT1 (VEGFR1). (O) SVM identified the most critical upstream genes of FLT1 (VEGFR1). (P) StepLDA identified the most critical upstream 
genes of FLT1 (VEGFR1). (Q) Venn diagrams showed the most critical upstream genes of FLT1 (VEGFR1). (R) The mRNA expression of VEGFA in 
normal and ccRCC tissues based on the CPTAC database. (S) The protein expression of VEGFA in normal and ccRCC tissues based on the CPTAC 
database. (T) Available pathology images of VEGFA localization and expression in normal and ccRCC were obtained from the HPA database. Scale 
bar = 200 μm. **p < 0.01, and ***p < 0.001.
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analysis revealed that FLT1 and AKT1 are widely distributed 
among endothelial cells, whereas VEGFA is predominantly 
expressed in the PCT and CFH subgroups of epithelial cells in 
ccRCC tissues compared to normal tissues (Figure 8C,D,G,H). 
These cell subpopulations with high expression of the VEGFA/
FLT1/AKT1 axis may be potential malignant cell groups, and 
we will further explore them.

CellChat analysis indicates that, compared with normal tis-
sues, the communication between the epithelial-endothelial 
cell subpopulations in ccRCC tissues is significantly en-
hanced (Figure  8I,J). To further elucidate the interactive 
mechanisms between endothelial cells mediated by FLT1 and 
AKT1, and epithelial cells mediated by VEGFA, we have cat-
egorized the endothelial cells into distinct subsets as follows: 

FIGURE 6    |    Identification of the cellular senescence-related FLT1-centered regulatory network in ccRCC. (A) Cluster dendrogram of the co-
expression network modules. (B) Key module genes-related FLT1. (C) Venn diagrams showed the most relative cellular senescence genes of FLT1. 
(D) Correlation analysis of FLT1, AKT1 and NFATC2. (E) Comparison of AKT1 and NFATC2 expression levels across different clinical characteristic 
groups in ccRCC. (F) KNN, Elastic net, GBM and PLS identified the key gene related FLT1. (G) Available pathology images of AKT1 localization and 
expression in normal and ccRCC were obtained from the HPA database. Scale bar = 200 μm. (H) Different expression level of the FLT1-centered reg-
ulatory network between normal and ccRCC groups. (I) Correlation analysis of the FLT1-centered regulatory and immune cells based on transcrip-
tomics analysis. (J) GO and KEGG enrichment analysis of the FLT1-centered regulatory network based on transcriptomics analysis. (K) Correlations 
analysis of the FLT1-centered regulatory network and certain signaling pathways. (L) The protein expression of the FLT1-centered regulatory net-
work between normal and ccRCC groups. (M) Correlation analysis of the FLT1-centered regulatory network and immune cells based on proteomics 
analysis. (N) Correlation analysis of the FLT1-centered regulatory network and cellular senescence-related genes. (O) Correlation analysis of the 
FLT1-centered regulatory network and RCC-related genes. (P) GO and KEGG enrichment analysis of the FLT1-centered regulatory network based 
on proteomics analysis. (Q) GSEA enrichment analysis of the FLT1-centered regulatory network based on proteomics analysis. *p < 0.05, **p < 0.01, 
and ***p < 0.001.
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FIGURE 7    |     Legend on next page.
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FLT1-positive endothelial cells, AKT1-positive endothelial 
cells, FLT1- and AKT1-double-positive endothelial cells, and 
other. Correspondingly, epithelial cells have been classified into 
Epi_N, Epi_T, and VEGFA-positive epithelial cells. InferCNV 
is a tool that can identify chromosomal region amplifications 

or deletions by comparing differences in expression levels, 
thereby detecting malignant cells [44]. In our study, we scored 
the copy number variations (CNVs) for both endothelial and 
epithelial cells (Figures  8K–M and S12A). The results showed 
that in epithelial cells, those with high expression of VEGFA 

FIGURE 7    |    The FLT1-centered regulatory network mediates the behavior of endothelial and epithelial cells. (A) Expression of the FLT1-centered 
regulatory network in different cell clusters. (B) The spatial distribution of key cell clusters, FLT1, AKT1, and VEGFA. (C) Immunofluorescence 
images for the localization and the expression of FLT1/AKT1/CD34/VEGFA/KRT8 in HNSCC clinical samples. n = 5 per group. Scale bar = 200 μm 
(upper)/100 μm (lower). (D) Quantitative analysis of FLT1/AKT1/CD34/VEGFA/KRT8 intensity. (E) The relative expression levels of AKT1, CD34, 
VEGFA, and KRT8 in ccRCC clinical samples. n = 5 per group. (F) Endothelial cells were co-cultured with conditioned medium from epithelial cells 
treated with or without VEGFA. The relative expression levels of AKT1, FLT1, EGR1, and MMP9 in endothelial cells were measured by RT-qPCR. 
Groups: VEGFA (epithelial cells stimulated with VEGFA), Con (epithelial cells without VEGFA stimulation). *p < 0.05, **p < 0.01, and ***p < 0.001.

FIGURE 8    |    The key role of the FLT1-centered regulatory network in endothelial and epithelial cell subsets. (A) tSNE of endothelial cells in 
ccRCC. (C) Marker genes in endothelial cell subsets. (C) Expression of the FLT1-centered regulatory network in endothelial cells in normal tissues. 
(D) Expression of the FLT1-centered regulatory network in endothelial cells in ccRCC tissues. (E) tSNE of epithelial cells in ccRCC. (F) Marker genes 
in epithelial cell subsets. (G) Expression of the FLT1-centered regulatory network in epithelial cells in normal tissues. (H) Expression of the FLT1-
centered regulatory network in epithelial cells in ccRCC tissues. (I) CellChat analysis of cell subsets in normal tissues. (J) CellChat analysis of cell 
subsets in ccRCC tissues. (K) tSNE and CNV score of epithelial cells in ccRCC based on VEGFA expression. (L) tSNE and CNV score of endothelial 
cells in ccRCC based on FLT1 and AKT1 expression. (M) Expression of the FLT1-centered regulatory network in epithelial and endothelial cells. 
(N) CellChat analysis of endothelial and epithelial cell subsets. (O) The VEGF signaling pathway network of endothelial and epithelial cell subsets. 
(P) CytoTRACE score of endothelial cell subsets in normal tissues. (Q) Expression of the FLT1-centered regulatory network in endothelial cell sub-
sets in normal tissues. (R) CytoTRACE score of epithelial cell subsets in normal tissues. (S) Expression of the FLT1-centered regulatory network 
in epithelial cell subsets in normal tissues. (T) CytoTRACE score of endothelial cell subsets in ccRCC tissues. (U) Expression of the FLT1-centered 
regulatory network in endothelial cell subsets in ccRCC tissues. (U) CytoTRACE score of epithelial cell subsets in ccRCC tissues. (W) Expression of 
the FLT1-centered regulatory network in epithelial cell subsets in ccRCC tissues.
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had significantly higher CNV scores compared to other cells. 
In endothelial cells, we observed that cells with high expression 
of AKT1, high expression of FLT1, and co-expression of both 
AKT1 and FLT1 had significantly higher CNV scores compared 
to other cells. The CellChat analysis indicated that these malig-
nant cells interact frequently, with the VEGF signaling pathway 
primarily mediating the interactions between epithelial and en-
dothelial cells (Figures 8N,O and S12B,C). Therefore, we believe 
that endothelial cells with high activation of FLT1/AKT1 and 
epithelial cells with high activation of VEGFA are key malig-
nant cell populations in ccRCC, and their frequent interactions 
are a critical reason for the progression of ccRCC. Through copy 
number variation (CNV) scoring, we have further identified the 
subpopulations of endothelial and epithelial cells that mediate 
malignant behaviors, which will aid in the design of more pre-
cise targeted treatment strategies: targeting the suppression of 
cells with high expression levels of VEGFA/FLT1/AKT1.

Pseudo-time analysis, based on the “CytoTRACE” algorithm, 
illustrates the differentiation process of cellular subgroups. In 
normal tissue, artery endothelial cells have higher CytoTRACE 
scores, indicating greater differentiation potential and grad-
ually differentiating towards vein and capillary directions 
(Figure  8P). During this process, FLT1 fluctuates upwardly, 
while AKT1 and VEGFA are almost not expressed (Figure 8Q). 
In normal epithelial tissue, CD-ICA has higher CytoTRACE 
scores and better differentiation potential, gradually differen-
tiating towards CD-ICB, CFH, and PCT (Figure  8R). During 

this differentiation, the expression of VEGFA, AKT1, and 
FLT1 rises progressively (Figure  8S). In the ccRCC tissue, 
a distinct abnormal cell differentiation trend was observed, 
along with the gene expression pattern of the VEGFA/FLT1/
AKT1 axis. Endothelial cells differentiate from vein towards 
artery and capillary directions, and epithelial cells differenti-
ate from PCT towards CFH, CD-ICA, and CD-ICB directions 
(Figure 8T,V). Venous endothelial cells are the starting point 
for tumor angiogenesis [45], and our results indicated that in 
ccRCC, endothelial cell subpopulations were differentiating 
from venous endothelial cells to other subpopulations, suggest-
ing that there was a significant amount of new tumor blood 
vessel formation in ccRCC. Furthermore, as the cells of origin 
for ccRCC, PCT cells are observed to be differentiating into 
other cell populations within ccRCC [46]. Furthermore, during 
the differentiation process, a continuous increase in FLT1 ex-
pression, fluctuating VEGFA expression, and a slow increase 
in AKT1 expression were observed in the endothelial cell sub-
populations, which were different from those in normal tissues 
(Figure 8U). Among the epithelial cell subgroups, as differenti-
ation proceeds, it was observed that the expression of VEFGA 
gradually decreases, while AKT1 and FLT1 show almost no 
significant expression, which were also different from that in 
normal tissues (Figure 8W). Therefore, by understanding the 
differentiation process of ccRCC cell subpopulations and in-
hibiting the trend of cell subpopulations differentiating into 
malignant cells, it may help to reverse the poor outcomes asso-
ciated with the prognosis of ccRCC.

FIGURE 9    |    Identification of the conserved FLT1-centered regulatory network in ccRCC across species through mouse scRNA-seq analysis. 
(A, B) tSNE representation of major cell types identified by scRNA-seq. (C) Bar graph of relative cell proportions. (D) Marker genes expressed in 4 
major cell types. (E) Cellular senescence level of various cell types using the “AUcell” algorithm. (F) Heatmap of cellular senescence-related genes. 
(G) Expression of Flt1 is shown in tSNE. (H) Expression of Akt1 is shown in tSNE. (I) Expression of Vegfa is shown in tSNE. (J) CellChat analysis 
in normal and ccRCC groups.
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3.9   |   Conservation of the FLT1-Centered 
Regulatory Network in ccRCC Across Species

To investigate whether the FLT1-associated regulatory network 
identified in human ccRCC is evolutionarily conserved, we an-
alyzed single-cell RNA-seq data from a mouse ccRCC model. 
Compared with normal tissues, a group of epithelial cells and 
endothelial cells were significantly present in the tumor tissues 
(Figures  9A–D and S13). The cellular senescence-related gene 
set showed a globally higher projection in the tumor samples, 
although the specific genes exhibited different expression pat-
terns between the two groups (Figure  9E,F). Focusing on the 
key components (Vegfa, Flt1, and Akt1), we observed conserved 
expression patterns: Flt1 and Akt1 were predominantly local-
ized to endothelial cells, while Vegfa was mainly expressed in 
epithelial cells within mouse ccRCC (Figure 9G–I). In ccRCC, 
close interactions were also directly observed between the epi-
thelial cells and the endothelial cells, as well as between these 
cells and other cell types (Figure 9J).

Similarly, we further conducted an analysis on the subgroups 
of endothelial cells and epithelial cells. Endothelial cells were 
classified into three subtypes: artery, capillary, and vein, with 
Flt1 and Akt1 widely distributed in each of these subtypes 
(Figure 10A–D). There are frequent interactions among differ-
ent endothelial cell subsets in ccRCC (Figure 10E). The pseudo-
time and CytoTRACE analyses of the differentiation potential 
of endothelial cells revealed that capillary cells exhibited the 
highest differentiation potential among the three types of cells, 
which seems to be inconsistent with the results obtained from 
human samples (Figure  10F–H). However, we also observed 
that the expression of Flt1 in mouse endothelial cells showed 
a significant change as well, and its expression peak occurred 
in the capillary subpopulation, which is highly consistent with 
the findings in human samples (Figure  10I). Epithelial cells 
are classified into three subtypes: EMT_epi, Proximal_tubule, 
and T_epi (Figure 10J–L). Among them, Vegfa is predominantly 
highly expressed in T_epi (Figure 10M). Proximal_tubule and 
T_epi maintain a close interaction relationship with EMT_epi in 
ccRCC (Figure 10N). The pseudo-time and CytoTRACE analy-
ses revealed the differentiation trend and direction from T_epi 
to Proximal_tubule and finally to EMT_epi in mouse epithelial 
cells (Figure  10O–Q). Vegfa, as a key gene in the previously 
identified epithelial cell subgroups, was found to be increasingly 
expressed during the differentiation process (Figure 10R).

Collectively, the mouse ccRCC data support the conservation of 
a FLT1-centered regulatory network involving Vegfa and Akt1, 
with similar cellular expression patterns and evidence of active 
epithelial-endothelial crosstalk, underscoring its potential fun-
damental role in ccRCC pathobiology across species.

3.10   |   Drug Sensitivity and Immunotherapeutic 
Analysis of the FLT1-Centered Regulatory Network

Having elucidated the role of the FLT1-centered regulatory net-
work in senescence-related pathways, we further investigated its 
clinical implications regarding drug sensitivity and immunother-
apy response, aiming to inform personalized treatment strate-
gies for ccRCC patients exhibiting dysregulation of this network. 

We first compared the immune phenotype score (IPS) between 
patient subgroups defined by high versus low expression of the 
FLT1-associated gene signature (including FLT1, VEGFA, and 
AKT1). Results indicated that patients with low expression of 
this signature consistently exhibited higher IPS across all eval-
uated subgroups (CTLA4-PD1-, CTLA4-PD1+, CTLA4+ PD1-, 
and CTLA4+ PD1+), suggesting a potentially better response to 
immune checkpoint blockade therapy. Conversely, patients with 
high expression of this network may require alternative or com-
binatorial therapeutic approaches (Figure  11A). Subsequently, 
we screened the ChEMBL database for drugs known to inhibit 
targets within this FLT1-centered network and clinically vali-
dated in cancer therapy (Figure 11B). Ten drugs targeting FLT1 
demonstrated excellent binding stability (Figure 11C). The bind-
ing structure of the FLT1-associated gene signature with key 
drugs was visually presented (Figure 11D–O). In order to verify 
the molecular docking simulation results of FLT1 and the tar-
geted drugs, molecular dynamics simulations were conducted 
for the five most stable complexes. Gibbs energy landscapes and 
RMSD curves of the complexes formed by the five drugs and 
FLT1 are shown (Figure 11P–T). In the Gibbs energy landscape, 
the dark blue regions represent areas of lower energy, which 
are the stable states of FLT1-drug binding. During the simu-
lation, the FLT1-Lenvatinib and FLT1-Pazopanib complexes 
mainly adopt two primary low-energy conformations, while 
the FLT1-Fruquintinib, FLT1-Regorafenib, and FLT1-Sorafenib 
complexes mainly adopt one primary low-energy conformation. 
This indicates that they have relatively stable binding modes in 
the sampled conformational landscape. RMSD analysis revealed 
all five complexes achieved stable binding after a brief fluctu-
ation, which was confirmed in the MMGBSA (Figure  11U,V). 
Supplementary analyses of solvent-accessible surface area 
(SASA), gyration radius (Rg), RMSF, and hydrogen bonding 
number provided further structural insights. Conversely, they 
all exhibit reliable binding with FLT1, especially Sorafenib, 
Regorafenib, and Lenvatinib (Figure 11W–Z).

4   |   Discussion

ccRCC is the most common type of kidney cancer, and its ris-
ing incidence poses an increasingly serious challenge to global 
human health [47]. Previous cancer research has mainly focused 
on the tumor cells themselves, without fully considering the 
complex interactions between tumor cells and their surrounding 
microenvironment, which has limited our in-depth understand-
ing of tumor heterogeneity. Senescent cells, once considered 
“zombie cells,” neither proliferate nor undergo death but persist 
in tissues, absorbing nutrients from the microenvironment and 
excreting waste through metabolism [48]. As a result, senescent 
cells have not received enough attention in previous research. 
However, recent studies have found that they play an active role 
in various physiological processes, including natural aging, em-
bryonic development, wound healing, tissue regeneration, and 
the occurrence of tumors [49]. Especially in the field of cancer, 
the introduction of cellular senescence therapy has opened up 
new avenues for cancer treatment. Senescence dissolution ther-
apy can selectively eliminate senescent cells, while senescence 
morphology therapy inhibits the production and secretion of 
SASP, disrupting the pro-inflammatory characteristics of senes-
cent cells and promoting the normalization of the SASP process 
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FIGURE 10    |     Legend on next page.
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in the senescent microenvironment [50]. With the rapid devel-
opment of omics technologies in recent years, we can now more 
comprehensively examine the complexity of the tumor micro-
environment and deeply analyze the interactions and dynamic 
changes between tumor cells [27, 51, 52]. In this study, we have 
preliminarily confirmed the negative role of cellular senescence 
in ccRCC using transcriptomics and single-cell analysis tech-
niques. The study found that the expression of multiple genes 

related to cellular senescence was abnormal in ccRCC, and the 
increase in the level of cellular senescence is closely related to 
poor clinical prognosis in ccRCC. In addition, we further ana-
lyzed the interrelationships between cellular senescence and 
various components of the tumor microenvironment, and we 
found that the level of cellular senescence is not only related to 
the expression level of immune cells but also closely connected 
to the activation status of multiple signaling pathways. These 

FIGURE 10    |    The key role of the Flt1-centered regulatory network in endothelial and epithelial cell subsets in mouse. (A) tSNE of endothelial 
cells. (B) Bar graph of relative endothelial cell proportions. (C) Marker genes in endothelial cell subsets. (D) Expression of the Flt1-centered regulato-
ry network in endothelial cells in ccRCC tissues. (E) CellChat analysis of endothelial cells in ccRCC. (F, G) Pseudo-time analysis of endothelial cells 
in ccRCC. (H) CytoTRACE score of endothelial cell subsets in ccRCC tissues. (Q) Expression of the Flt1-centered regulatory network in endothelial 
cell subsets in ccRCC tissues. (J) tSNE of epithelial cells. (K) Bar graph of relative epithelial cell proportions. (L) Marker genes in epithelial cell sub-
sets. (M) Expression of the Flt1-centered regulatory network in epithelial cells in ccRCC tissues. (N) CellChat analysis of epithelial cells in ccRCC. 
(O, P) Pseudo-time analysis of epithelial cells in ccRCC. (Q) CytoTRACE score of epithelial cell subsets in ccRCC tissues. (R) Expression of the Flt1-
centered regulatory network in epithelial cell subsets in ccRCC tissues.

FIGURE 11    |    Integrations of drug sensitivity data with in molecular docking analyses to identify candidate drugs targeting the FLT1-centered 
regulatory network. (A) IPS score of patients with ccRCC with low- and high-VEGFA/FLT1/AKT1 axis expression in the CTLA4- PD1-, CTLA4- 
PD1+, CTLA+ PD1-, and CTLA+ PD1+ subgroups. (B) Candidate FDA-approval drugs of the FLT1-centered regulatory network. (C) Binding energy 
of FLT1-related drugs. (D-O) Molecular docking simulating the combine effects of drugs between the FLT1-centered regulatory network and key 
drugs. (P) Gibbs Energy landscape diagrams show the stability of FLT1–Fruquintinib complexes. (Q) Gibbs Energy landscape diagrams show the 
stability of FLT1–Lenvatinib complexes. (R) Gibbs Energy landscape diagrams show the stability of FLT1–Pazopanib complexes. (S) Gibbs Energy 
landscape diagrams show the stability of FLT1–Regorafenib complexes. (T) Gibbs Energy landscape diagrams show the stability of FLT1–Sorafenib 
complexes. (U) MMGBSA of FLT1-related drugs. (V–Z) Line plots present dynamic simulation metrics (e.g., RMSD, Gyrate, hydrogen bond numbers, 
RMSF, SASA) over time. *p < 0.05, **p < 0.01, and ***p < 0.001.
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findings suggest that cellular senescence may affect the progres-
sion of ccRCC through various mechanisms, such as immune 
evasion, promoting angiogenesis, and enhancing the invasive-
ness of tumor cells, and the specific mechanisms still need fur-
ther exploration.

Given the importance of cellular senescence in ccRCC, we 
have constructed a prognostic signature related to senescence-
associated genes to assess the prognosis of ccRCC patients. We 
found that multiple immune response pathways are activated 
in the low-risk group, while multiple cancer-related pathways 
are activated in the high-risk group. Additionally, we discov-
ered that patients in the low-risk group have a lower TMB and 
a higher rate of immune cell infiltration. These findings suggest 
that patients in the low-risk group may respond better to immu-
notherapy, while those in the high-risk group require further ex-
ploration of other effective therapeutic targets [53]. We have used 
a variety of machine learning algorithms to identify the most 
critical gene, FLT1. FLT1, also known as VEGFR1, is a vascular 
endothelial growth factor receptor that promotes angiogenesis 
upon binding with vascular endothelial growth factor, which 
is crucial for tumor angiogenesis. Beyond its role as a receptor 
for vascular endothelial growth factor, FLT1 also modulates the 
vascular endothelial growth factor signaling pathway through 
different mechanisms [54]. For instance, FLT1 can form an in-
effective VEGF-FLT1 complex to compete with VEGFR2 for 
VEGF binding, thereby regulating the intensity and duration of 
VEGF signal transduction [55]. The expression of FLT1 is closely 
related to the aggressiveness and prognosis of tumors, with high 
expression levels usually associated with a poorer prognosis [56]. 
Our study also confirmed FLT1 is highly expressed in tumor tis-
sues and is a good potential regulatory target.

To further elucidate the specific regulatory mechanisms of 
FLT1 in the development of ccRCC, we applied a multitude of 
machine learning methods and multi-omics analyses. Through 
this approach, we identified FLT1 as a central regulator within 
a network that also involves VEGFA and AKT1, which appears 
to govern endothelial-epithelial cell behavior in the context of 
cellular senescence in ccRCC. Immunofluorescence co-staining 
and RT-qPCR have corroborated the multi-omics findings, in-
dicating that this FLT1-centered network is highly activated in 
ccRCC tissues and mediates malignant cellular behavior and 
interactions between endothelial and epithelial cells. Previous 
studies have confirmed that AKT1 functions as a downstream 
gene of FLT1, and the VEGFA/FLT1/AKT1 regulatory axis 
can affect cell survival [57–59]. Moreover, VEGFA, FLT1, and 
AKT1 have all been proven to be genes related to cellular se-
nescence [60–62]. In particular, AKT1 is involved in multiple 
processes of cellular senescence, such as regulating cell cycle-
related proteins, participating in the cell's response to oxidative 
stress, affecting telomere length, and regulating intracellular 
metabolism and energy balance [57]. This leads us to propose 
a model wherein epithelial-derived VEGFA activates the FLT1-
centered regulatory network on endothelial cells to foster a pro-
tumorigenic microenvironment. Our in vitro functional studies 
provide direct experimental support for this model. siRNA-
mediated knockdown of FLT1 in 786-O cells not only attenuated 
their malignant phenotypes but also significantly downregu-
lated the expression of key senescence markers (e.g., CDKN1A/
p21, CDKN2A/p16) and SASP factors [63, 64], functionally 

linking FLT1 activity to the senescence program in ccRCC. 
To validate the predicted epithelial-endothelial crosstalk, we 
established a co-culture system. We found that conditioned 
medium from VEGFA-stimulated epithelial cells specifically 
upregulated the expression of FLT1, AKT1, and their down-
stream effectors EGR1 and MMP9 in endothelial cells [65, 66]. 
This result provides direct evidence that an epithelial-derived 
signal (VEGFA) can activate the FLT1/AKT1 expression levels 
in neighboring endothelial cells. Collectively, these data position 
the FLT1-centered network as a key functional mediator in the 
senescence-associated microenvironment of ccRCC, moving be-
yond correlative observation to mechanistic insight.

We further explored the key roles of the FLT1-associated gene 
signature in endothelial and epithelial cells. Tumor endothe-
lial cells are considered a key cell population in promoting 
angiogenesis, and anti-angiogenic therapy is a main strategy 
for the treatment of advanced ccRCC. Endothelial cells are het-
erogeneous, and different subsets of ECs may respond differ-
ently to anti-angiogenic drugs [67]. This could mean that some 
drugs are only effective against specific cell subsets. Therefore, 
a thorough understanding of the characteristics of different 
endothelial cell subsets is necessary to develop more precise 
drugs that target the cells that play a crucial role in tumor an-
giogenesis. Previous studies have suggested that endothelial 
cells compete for the position of migratory tip cells (guiding 
and navigating the vessel sprout) based on the relative levels of 
VEGFR1 (FLT1) and VEGFR2 [68]. Previous studies have also 
confirmed that tumor angiogenesis begins with venous endo-
thelial cells [45]. Our pseudo-time analysis results revealed 
that endothelial cell subpopulations gradually differentiate 
from venous endothelial cells towards other subpopulations, 
with the expression of AKT1 and FLT1 gradually increasing 
during the differentiation process. Combined with the CNV 
scoring results, it was shown that as the expression of AKT1 
and FLT1 increases, endothelial cell subpopulations gradually 
exhibit malignant behaviors. We believe that in ccRCC, venous 
endothelial cells are actively differentiating into other cells, 
leading to a large amount of tumor angiogenesis, and the cell 
behavior is gradually transforming towards malignancy. By in-
hibiting endothelial cell subpopulations with high expression 
of AKT1 and FLT1, it is possible to precisely target malignant 
cell subpopulations, and by inhibiting the expression of AKT1 
and FLT1, it may be possible to block the malignant differenti-
ation process of endothelial cell subpopulations, preventing the 
progression of ccRCC.

Epithelial cells also play a key role in the development of ccRCC 
[69]. The proximal tubular epithelial cells are considered to be 
the cells of origin for ccRCC, but the mechanism of their transi-
tion from normal to malignant is not yet clear [46, 70]. Gaining 
insights into the tumor's genesis and its developmental trajec-
tory is crucial for crafting targeted therapeutic approaches 
[71]. Pinpointing the cell of origin and the sequence of events 
leading to malignancy not only enhances our comprehension 
of cancer progression but also opens avenues for early interven-
tion. Our research indicated that in normal tissue, the differen-
tiation potential of proximal renal tubular epithelial cells was 
relatively low, but it significantly increased in ccRCC. These 
proximal renal tubular epithelial cells were actively transform-
ing into other epithelial cell subpopulations. Additionally, we 
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have observed that the proximal renal tubular epithelial cells 
in ccRCC highly express VEGFA, which is associated with the 
highest degree of malignancy. The transition of proximal tu-
bular epithelial cells from a normal state to a malignant state 
makes ccRCC more aggressive. Therefore, we believe that these 
proximal tubular epithelial cells with high VEGFA expression 
are the frontier cells in the malignant progression of ccRCC. By 
monitoring the expression of VEGFA, we can accurately identify 
the malignant origin of ccRCC. Inhibiting VEGFA may prevent 
the malignant progression of ccRCC and improve the progno-
sis of patients with ccRCC. Interestingly, we identified the con-
served expression of the FLT1-centered regulatory network in 
mouse single-cell data, where this axis similarly plays a pivotal 
role in regulating malignant behaviors between endothelial and 
epithelial cells in mice. However, we observed that the expres-
sion dynamics of this signaling axis during the differentiation 
processes of endothelial and epithelial cell subsets exhibited 
an opposite trend compared to that in human tissue samples. 
These findings suggest that further in-depth exploration of the 
functional role of the FLT1-centered regulatory network should 
focus on human tissue samples to better understand its context-
specific mechanisms.

The therapy suitable for each ccRCC patient may depend on the 
individual clinical and molecular characteristics of the tumor. 
Patients with ccRCC that have low expression of the FLT1-
centered regulatory network may achieve a better therapeutic 
response from immunotherapy, while those with high expres-
sion of the FLT1-centered regulatory network will require 
finding other more effective treatment strategies [72]. A single 
targeted drug may be very effective initially, but it can quickly 
lead to drug resistance in patients, resulting in reduced effi-
cacy. Combination therapy can help avoid drug resistance [73]. 
Therefore, we have designed a combined targeting treatment 
strategy for the FLT1-centered regulatory network, which can 
inhibit the malignant progression of ccRCC through various 
pathways by inhibiting the expression of VEGFA, FLT1, and 
AKT1, respectively. We identified FDA-approved drugs target-
ing the FLT1-centered regulatory network from the ChEMBL 
database and validated their binding stability through molecu-
lar docking and molecular dynamics simulations. The selected 
drugs included FLT1 inhibitors (sorafenib, regorafenib, and 
lenvatinib, an AKT1 inhibitor (capivasertib), and a VEGFA 
inhibitor (bevacizumab)). These are all clinically approved 
anti-cancer drugs that target distinct nodes within the FLT1-
centered regulatory network. They have demonstrated clear 
anti-angiogenic or anti-tumor activity in a variety of solid tu-
mors [74–78]. Therefore, as part of a “drug repurposing” strat-
egy [79], the combined targeting of this signaling axis holds 
promise for providing more effective synergistic therapeutic 
approaches for ccRCC patients with abnormal overexpression 
of the FLT1-centered regulatory network.
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Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Figure S1: Identification of cell clus-
ters with diverse annotations revealing high cellular heterogeneity in 
ccRCC based on single-cell analysis. (A) The variance diagram showing 
the variation of gene expression in all cells, where the red dots represent 
highly variable genes and the black dots represent non-variable genes. 
(B) PCA and harmony analysis showing a clear separation of all cells. (C) 
Harmony analysis identifying the top 20 PCs at p < 0.05 in all cells. (D) 
Classification of cell clusters in all cells. (E) Identification of core cells 
after quality control of scRNA-seq in normal tissue cells. (F) Variance 
diagram showing the variation of gene expression in normal tissue cells. 
(G) PCA and harmony analysis showing a clear separation of normal 
tissue cells. (H) Harmony analysis identifying the top 50 PCs at p < 0.05 
in normal tissue cells. (I) Classification of cell clusters in normal tissue 
cells. (J) Identification of core cells after quality control of scRNA-seq in 
tumor cells. (K) The variance diagram showing the variation of gene ex-
pression in tumor cells. (L) PCA and harmony analysis showing a clear 
separation of tumor cells. (M) Harmony analysis identifying the top 50 
PCs at p < 0.05 in tumor cells. (N) Classification of cell clusters in tumor 
cells. (O–R) GO and KEGG analysis showing the pathways affected by 
marker genes in tumor. Figure S2: WGCNA analysis and cellular se-
nescence subtypes. (A) Consensus heatmap defining the two clusters 
(k = 2). (B) Relative change in area under the CDF curve from k 2–9. (C) 
Consensus CDF in consistent clustering (k = 2–9). (D) Tracking plot of 
the ccRCC samples (k = 2–9). (E-F) Analysis of the scale-free index for 
various soft-threshold powers (β). (G) Clustering of module eigengenes. 
MEDissThres = 0.5. Figure S3: Construction and validation of the cel-
lular senescence-related signature. (A) Survival curve, survival status, 
and heatmaps showing the expression of signature genes of patients 
with ccRCC in TCGA-all subset. (B) K–M survival analysis showing a 
significant survival difference between low- and high-risk ccRCC in the 
TCGA-all subset. (C) ROC analysis showing the stable prediction abil-
ity of the cellular senescence-related signature in TCGA-all subset. (D) 
PCA showing the clear separation of low- and high-risk ccRCC of the pa-
tients in TCGA-all subset. (E–H) Similar to D–G, but the patients with 
ccRCC were in TCGA-test subset. (I–L) Similar to D–G, but the patients 
with ccRCC were in TCGA-training subset. (M) GSEA identifying the 
top 10 gene sets in high-risk ccRCC. (N) GSEA identifying the top six 

gene sets in low-risk group. (O) Overall description of the TCGA-KIRC 
patient mutation landscape. Figure S4: Clinical character analysis 
and nomogram. (A–F) Correlation analysis of risk scores with clinical 
characteristics showing relationship between age, sex, M stage, N stage, 
T stage, and tumor stage with the analysis model. (G) Univariate Cox 
analysis and multifactorial Cox analysis of risk scores and clinical char-
acteristics in the training subset. (H) Univariate Cox analysis and multi-
factorial Cox analysis in the test subset. (I) Heatmap of clinical features 
and senescent gene expression levels of TCGA subset. (J) Construction 
of the nomogram model. (K) The calibration curve of the nomogram. 
(L) ROC curves showing the predictive effect of the models. Figure S5: 
K–M survival analysis presenting the significance of prognosis between 
low- and high-risk ccRCC in subgroups of (A, B) female, male, (C, D) 
age ≥ 65, age < 65, (E, F) M0, M1, (G, H) clinical stage I–II, clinical stage 
III–IV, (I–L) clinical stage I, clinical stage II, clinical stage III, clini-
cal stage IV, (M–P) T1–2, T3–4, T1, T2, and T3. Figure S6: (A) Elastic 
net algorithm for the importance of the five genes. (B) Naive Bayes al-
gorithm for the importance of the five genes. (C) StepLDA algorithm 
for the importance of the five genes. (D) SVM algorithm for the impor-
tance of the five genes. Figure S7: Enrichment analysis of FLT1. (A) 
The immune infiltration status of patients with high and low expression 
of FLT1. (B) Correlation analysis of FLT1 and immune cells. (C) GSEA 
identifying the enriched functions of FLT1. Figure S8: Expression of 
FOXM1, GADD45G, GNMT, and NDRG1. (A) The differential expres-
sion of five genes between normal and tumor tissues. (B) Expression 
of FOXM1 in different cell clusters. (C) The immune infiltration status 
of patients with high and low expression of FOXM1. (D) Correlation 
analysis of FOXM1 and immune cells. (E) Expression of GADD45G 
in different cell clusters. (F) The immune infiltration status of patients 
with high and low expression of GADD45G. (G) Correlation analysis 
of GADD45G and immune cells. (H) Expression of GNMT in different 
cell clusters. (I) The immune infiltration status of patients with high 
and low expression of GNMT. (J) Correlation analysis of GNMT and im-
mune cells. (K) Expression of NDRG1 in different cell clusters. (L) The 
immune infiltration status of patients with high and low expression of 
NDRG1. (M) Correlation analysis of NDRG1 and immune cells. Figure 
S9: Machine learning. (A) Elastic net algorithm for the importance of 
PGF, VEGFB, and VEGFA. (B) SVM algorithm for the importance of 
NFATC2, and AKT1. (B) Naive Bayes algorithm for the importance 
of NFATC2, and AKT1. (B) StepLDA algorithm for the importance of 
NFATC2, and AKT1. Figure S10: Correlation of the FLT1-centered 
regulatory network and cellular senescence-related genes. (A) ROC 
analysis of the FLT1-centered regulatory network. (B–E) Correlation of 
AKT1 and cellular senescence-related genes. (F–K) Correlation of FLT1 
and cellular senescence-related genes. (L–P) Correlation of VEGFA and 
cellular senescence-related genes. Figure S11: Expression of VEGFB 
and PGF. (A) The relative expression levels of VEGFB in ccRCC clinical 
samples. n = 5 per group. (B) The relative expression levels of PGF in 
ccRCC clinical samples. n = 5 per group. Figure S12: Single-cell anal-
ysis of endothelial and epithelial cell subsets. (A) The CNV quantities 
of cells in different clusters. (B) Relative contribution of each ligand-
receptor pair to the main signaling pathway between each cell cluster. 
(C) Relative contribution of each ligand-receptor pair in the VEGF sig-
naling pathway between each cell cluster. Figure S13: Single-cell anal-
ysis of ccRCC in mice. (A) The variance diagram showing the variation 
of gene expression in all cells, where the red dots represent highly vari-
able genes and the black dots represent non-variable genes. (B) PCA and 
harmony analysis showing a clear separation of all cells. (C) Elbow Plot. 
(D) Different sample in tSNE. (E) Classification of cell clusters. 
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