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A B S T R A C T   

Background: Clear cell renal cell carcinoma (ccRCC) is a highly aggressive cancer associated with 
higher death rates. However, traditional anti-angiogenic therapies have limited effectiveness due 
to drug resistance. Vascular mimicry (VM) provides a different way for tumors to develop blood 
vessels without relying on endothelial cells or angiogenesis. However, the intricate mechanisms 
and interplay between it and the immune microenvironment in ccRCC remain unclear. 
Methods: A PubMed and GeneCards literature review was conducted to identify VM-related genes 
(VMRGs). VMRGs expression profiles were obtained from The Cancer Genome Atlas (TCGA) and 
Gene Expression Omnibus (GEO), developing a novel VM risk score model and nomogram for 
ccRCC. The EBI ArrayExpress database (the validation set) was obtained to validate the prog-
nostic model. The relationship between VMRGs risk score clinical characteristics and immune 
infiltration was investigated. Finally, the expression of six model VMRGs was validated using 
single-cell analysis, GEPIA, Human Protein Atlas (HPA), and quantitative Real-time PCR (qRT- 
PCR). 
Results: Cox regression analysis and nomogram identified L1CAM, TEK, CLDN4, EFNA1, SER-
PINF1, and MALAT1 as independent prognostic risk factors, which could be used to stratify the 
ccRCC population into two risk groups with distinct immune profiles and responsiveness to 
immunotherapy. The results of single-cell analysis, GEPIA, HPA, and qRT-PCR validated the 
model genes’ expression. 
Conclusions: Our novel findings constructed a convenient and reliable 6 gene signatures as po-
tential immunologic and prognostic biomarkers of VM in ccRCC.   
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1. Introduction 

Clear cell renal cell carcinoma (ccRCC) is a prevalent histological subtype of renal cell carcinoma (RCC). Approximately 33 % of 
patients display metastatic lesions as the disease advances [1]. 

The leading causes of mortality among patients with cancer are tumor recurrence and metastasis. Tyrosine kinase inhibitors (TKIs) 
like sunitinib, pazopanib, and axitinib, which are anti-angiogenic drugs, have shown effectiveness in most instances of metastatic RCC. 
Nevertheless, resistance and relapse often emerge in many patients over time, with some individuals inherently resistant to targeted 
therapy [2,3]. This raises the question of whether alternative sources of blood and nutrients exist. 

Vascular mimicry (VM) is a novel pattern of tumor perfusion that differs from typical tumor angiogenesis by creating channels lined 
with cancer cells [4]. Due to its ability to circulate blood from vessels to tumor tissues and facilitate tumor cells into the extracellular 
matrix, VM is crucial in boosting tumor growth and promoting metastasis [5–9]. Nevertheless, no studies have reported the synergistic 
effects of these genes related to VM, known as VM-related genes (VMRGs). Whether VMRGs have the potential to act as prognostic 
markers for ccRCC remains unclear. 

ccRCC development depends on a multifaceted tissue environment to support continuous growth, invasion, and metastasis. 
Additionally, in advanced ccRCC, the tumor microenvironment (TME) may induce drug resistance because it is highly dynamic, 
adaptable, and heterogeneous [10]. Hence, a comprehensive investigation and clarification of the specific communication mechanisms 
between TME and VM is required. 

A thorough literature review of PubMed [11–24] and GeneCards was conducted to identify VMRGs. The investigation of VM in 
ccRCC used resources like The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO). Various VM subgroups were 
identified, and a prognostic scoring model was developed for ccRCC to highlight their significance in TME. This study emphasizes the 
functional importance of the VMRGs signature and provides novel insights into possible targets for therapy. 

2. Material and methods 

2.1. Dataset preparation 

Overall, 294 VMRGs were extracted from GeneCards (https://www.genecards.org) and 24 genes from previous reviews. The du-
plicates were removed, and 300 VMRGs were obtained. RNA-Seq and clinical and survival data were obtained for 533 ccRCC samples 
and 81 tumor-adjacent normal samples from the TCGA database (http://portal.gdc.cancer.gov/). Furthermore, 39 ccRCC specimens 
were acquired from the GEO database (https//www.ncbi.nlm.nih.gov/geo) under the accession code GSE29609. The clinicopatho-
logical features of ccRCC patients are detailed in Supplementary Table 1. Differential gene expression analysis was performed with the 
R package ‘limma.’ This expression profiling of the 53 ccRCC samples with corresponding available clinical information about 
recurrence and prognosis was downloaded from the EBI ArrayExpress databases (https://www.ebi.ac.uk/arrayexpress/), which were 
used as a validation dataset. 

2.2. Identification of robust and prognostic VMRGs 

Screening criteria of p < 0.05 and fold change (FC) > 2 were used to identify genes that were expressed differently. Heatmaps were 
generated using the “pheatmap” R package, while volcano plots were created using the “Ggplot2″ package. Data from TCGA-KIRC and 
GSE29609 datasets were merged, and batch effect correction was performed using the “ComBat” algorithm from the “sva” package 
[25]. Survival analyses of 109 VMRGs, defined as differentially expressed genes, were performed using the “survival” package. The 
network of protein-protein interactions (PPI) created with the STRING platform exposed the connections between these VMRGs. The 
Gene Pattern platform [26] was utilized to evaluate the level of somatic mutations and changes in copy number variation (CNV) for the 
GDC TCGA Kidney Clear Cell Carcinoma (KIRC) cohort (https://xena.ucsc.edu/). 

2.3. Formation of VMRGs cluster 

To explore diverse patterns among VMRGs, the “ConsensusClusterPlus” algorithm was employed [27]. This method segregated 
patients into distinct molecular subgroups based on gene expression profiles. The main parameters of the function were defined as: max 
cluster number (maxK) set to 9; repetitions (reps) at 50; the proportion of items to sample (pItem) at 0.8; the proportion of features to 
sample (pFeature) at 1 [28]; cluster algorithm (clusterAlg) utilizing the k-means algorithm; and distance metric set to Euclidean. 
Subsequently, principal component analysis (PCA) was conducted with the “ggplot2″ R package. Survival analyses were performed to 
assess potential differences in patient survival times among the identified VMRGs subtypes. Differentially expressed VMRGs were 
screened for from these clusters and generated a heatmap. 

2.4. Function enrichment analysis of VMRGs cluster 

To further investigate deeper into the potential mechanism underlying the VMRGs pattern in TCGA-KIRC patients, enrichment 
function annotation analyses were conducted using gene set variation analysis (GSVA) and gene set enrichment analysis (GSEA). The 
“c5. go.symbols.gmt” and “c2. cp.kegg.v6.2. symbols.gmts” datasets from the MsigDB database [29] were utilized for the analysis. 
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2.5. Construction of prognostic prediction mode 

The TCGA-KIRC and GSE29609 cohorts were divided into training and testing sets. The correlation between VMRGs and ccRCC 
survival was determined using a univariate Cox regression analysis in the training set. The testing set was used to validate the signature 
performance. LASSO regression analysis was performed using the R package ‘glmnet’ to discover the important prognostic genes [30]. 
The following formula was used to select candidate genes to build prognostic signatures based on VMRGs using multivariate Cox 
analyses: VM risk score = gene expression [1] × corresponding coefficient [1] + gene expression [n] × corresponding coefficient [n]. 

Patients were categorized into high-risk and low-risk groups based on the median risk score calculated with this formula. Dif-
ferences in survival time between the two groups were estimated using the Kaplan–Meier method. Model accuracy was assessed using 
receiver operating characteristic (ROC) curves. Furthermore, multivariate Cox regression analyses were conducted to investigate 
whether the risk score was independent of the other available clinicopathological features. 

2.6. Construction of predictive nomogram 

A visual nomogram model incorporating risk, TNM stage, and VMRGs risk was developed using the “rms” package. The predictive 
power of this prognostic model was evaluated using the area under the ROC curve (AUC) and concordance index, while calibration 
curve analysis was employed to assess its accuracy. The nomogram model’s clinical utility was evaluated using decision curve analysis 
(DCA). 

2.7. Immune infiltration level and tumor microenvironment 

The single-sample Gene Set Enrichment Analysis (ssGSEA) algorithm was applied to compute immune cell type scores, estimating 
the abundance of infiltrating immune cells using cell type-specific gene expression profiles from VMRGs clusters [31]. The CIBERSORT 
algorithm quantified levels of 22 immune cell subtypes and immune checkpoints (ICPs) in low- and high-risk groups [32]. To assess the 
Tumor Microenvironment (TME) of ccRCC, the “ESTIMATE” R package was utilized to obtain immune, stromal, and estimate scores 
[33]. 

2.8. Single-cell analysis 

To determine the differential expression of the model genes in cells, scRNA-seq datasets (GSE159115) from TISCH (http://tisch. 
comp-genomics.org/) were used [34]. The expression of model genes in each of the seven cell populations was analyzed based on 
ccRCC marker gene expression, including CD8 T, endothelial, epithelial, erythroblast, malignant, monocyte (Mono)/macrophage 
(Macro), pericyte, and plasma cells. 

2.9. Model gene expression examined by GEPIA and HPA 

The “Expression Analysis- Box Plots” module of the GEPIA database(http://gepia2.cancer-pku.cn/#analysis) was used to further 
confirm differential model gene expression in the ccRCC tissues compared with the corresponding normal tissues from TCGA data-
bases. The Human Protein Atlas (HPA) database includes information regarding the spatial distribution and expression of various 
proteins in human tissues and cells. The levels of the model gene protein expression in various tumor tissues and their corresponding 
normal tissues were analyzed based on the immunohistochemistry data in the HPA database [35]. Survival analysis of the model gene 
from the TCGA database was performed using GEPIA online software. 

2.10. Real-time quantitative PCR (qRT-PCR) 

The ccRCC cell lines, including caki-1 and 786-O, and the immortalized human kidney cell line HK-2, were procured from the 
American Type Culture Collection (ATCC). Cells were cultured in 1640 medium from Biological Industries supplemented with 10 % 
fetal bovine serum (FBS) also from Biological Industries. Authentication of all human cell lines was performed using STR profiling, and 
experiments were carried out using mycoplasma-free cells. Total RNA was extracted using a TRIZOL reagent (Cat# 9108; TaKaRa, 
Dalian, China). The ratio of absorbance at 260 and 280 nm (the A260/280 ratio) was used to evaluate the purity of RNA. Subsequently, 
cDNAs were synthesized using the Transcriptor First Strand cDNA Synthesis Kit from Tiangen (China) according to the manufacturer’s 
instructions. Real-time PCR was conducted using the SYBR Green Master Mix from Yeasen (China) on a QuantStudio 3 Real-Time 170 
PCR system (Thermo Fisher Scientific). Relative expression levels of mRNAs and lncRNAs were calculated using the 2–ΔΔ Ct method 
with GAPDH as the internal control. The primer sequences used for qRT-PCR were as follows: 

L1CAM -forward: 5′- CACTATGGCCTTGTCTGGGA -3′ 
L1CAM - reverse: 5′- ACATACTGTGGCGAAAGGGA -3′ 
CLDN4-forward: 5′- AGAGTGGATGGACGGGTTT -3′ 
CLDN4- reverse: 5′- GAAGGGGCAGAGGACTCA -3′ 
TEK -forward: 5′- TAAACTTGGACACCATCCAAA -3′ 
TEK - reverse: 5′- CCAGATCCCTGTGGATAAACT -3′ 
EFNA1-forward: 5′- CCGCTCATCGTGCAACCTG -3′ 
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EFNA1-reverse: 5′- ATAAGAAGGCATCAGATCG -3′ 
SERPINF1-forward: 5′- TGTCTCCAACTTCGGCTATG -3′ 
SERPINF1- reverse: 5′- AGTAGAGAGCCCGGTGAATG -3′ 
MALAT1-forward: 5′- GCAGGCGTTGTGCGTAGAG -3′, 
MALAT1-reverse: 5′- TTGCCGACCTCACGGATT -3′. 

2.11. Statistical analysis 

Data processing, analysis, and presentation were conducted utilizing R software (version 4.3.1; http://www.Rproject.org). Survival 
correlations were assessed through Kaplan–Meier plots, log-rank tests, and univariate and multivariate analyses using the Cox pro-
portional hazards method. Mann–Whitney-Wilcoxon Test or Student’s t-test was executed to compare the difference between defined 
groups for continuous variables. Categorical clinical variables were assessed using Chi-square or Fisher’s exact tests. Spearman’s 
correlation analysis was used for correlation assessment. A significance level of P < 0.05 was set for statistical significance. 

3. Results 

3.1. Expression and mutation of VMRGs in ccRCC 

A total of 300 VMRGs were incorporated in this study based on a previous study and GeneCards. Among these, 109 genes with 
differential expression between normal and tumor tissues were identified (Fig. 1A and B). Samples from the TCGA-KIRC and GSE29609 
cohorts were combined to explore the survival implications of VMRGs. Out of the 109 differentially expressed genes, 44 VMRGs 
showed significant prognostic value (Fig. 1C). The network of protein-protein interactions (PPI) (Fig. 1D) created with STRING showed 
connections between these VMRGs, which were enriched in phosphatidylinositol 3-kinase binding,promoter-specific chromatin 
binding, protease binding, and growth factor activity(strength>1). Furthermore, somatic mutations were detected in VMRGs, with 55 
out of 411 samples exhibiting mutant VMRGs, resulting in a mutation rate of 13.38 %. Notably, KDR, FLT1, ARHGAP25, and EGFR 
exhibited the highest mutation rates (Fig. 1E). Furthermore, our study substantiated the occurrence of CNV in the VMRGs of patients 
with ccRCC. Substantial upregulation was observed in FLT4, EFNA1, and PECAM1, whereas WNT5A, TLP3, and FLT1 were notably 
downregulated (Fig. 1F). Fig. 1G shows the CNV loci of the 44 VMRGs on 23 chromosomes. This revealed significant disparities in the 
expression and mutation of VMRGs between normal and ccRCC samples, implying the potentially crucial involvement of VMRGs in 
ccRCC. 

3.2. Formation of VMRGs clusters in ccRCC 

Fig. 2A illustrates the interactions and risk/favorable factors associated with VMRGs in ccRCC, demonstrating the intricate 
crosstalk among these prognosis-related VMRGs. To further explore the expression patterns of VMRGs in ccRCC, we performed a 
consensus clustering analysis, grouping patients from k = 2 to k = 9 (Supplementary Fig. 1). The findings indicated that k = 2 was the 
most suitable clustering variable (Fig. 2B). Survival analysis unveiled that VMRGs cluster A had more favorable survival outcomes (P 
< 0.001; Fig. 2C). Additionally, PCA confirmed a notable difference in the distributions of the two VMRGs clusters (Fig. 2D). Forty 
genes exhibited differential expression between the two VMRGs clusters (Fig. 2E and F). 

3.3. Difference in biological characteristics and tumor immune infiltration between two VMRGs clusters 

In VMRGs cluster A, the KEGG-based GSEA analysis indicated significant enrichment of the calcium signaling pathway, neuroactive 
ligand-receptor interaction, proximal tubule bicarbonate reclamation, and vascular smooth muscle contraction. In contrast, VMRGs 
cluster B showed enrichment of the ribosome (Fig. 3A). Furthermore, the results of Go-related GSVA indicated that catalytic activity 
(serine hydrolase, endopeptidase, and cysteine-type endopeptidase inhibitor activity), keratinization, and lipoprotein particles were 
more abundant in cluster B. Cluster A was enriched in endothelial cell development and migration, negative regulation of signal 
transduction, protein diacylation, protein ubiquitination, and transcription factor binding (Fig. 3B). 

ssGSEA was employed to assess immune cell infiltration levels in the two VMRGs clusters, revealing notable differences in 
enrichment. The correlation between these clusters and the 23 tumor-infiltrating immune cells (TIICs) was analyzed using CIBERSORT 
(Fig. 3C). VMRGs cluster B is characterized by robust immune infiltration involving activated B cells, activated CD4/CD8 T cells, 
activated dendritic cells (DCs), CD56bright natural killer (NK) cells, γ.δ. T cells, myeloid-derived suppressor cells (MDSCs), mono/ 
macro cells, and type 17 T helper cells suggest potential immunotherapy benefits. Conversely, VMRGs cluster A exhibits enrichment in 
eosinophils, immature DCs, mast cells, neutrophils, and NK cells. 

Fig. 1. Expression and mutation of vasculogenic mimicry-related genes (VMRGs). (A) The differential expression of VMRGs between tumor tissue 
and normal tissue. (B) Heatmap showing the 109-differential expression VMRGs between normal and tumor tissues based on the expression. (C) The 
Cox survival analyses of differential expression VMRGs in the TCGA-KIRCC cohort and GSE29609 cohort. (D) The protein-protein interaction (PPI) 
network of the 44 VMRGs. (E) The incidence of somatic mutations of 44 VMRGs in ccRCC patients. (F) The CNV frequency of 44VMRGs. (G) The 
locus of CNV alterations of 44 VMRGs on 23 chromosomes. 
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3.4. Construction and validation of the prognostic VMRGs risk score model 

A VMRGs scoring system was devised based on distinct VMRGs expressions to assess the prognosis of individual patients with 
ccRCC. Fig. 4A depicts the patient distribution across two clusters and risk score groups. Notably, VMRGs cluster B exhibited a 
heightened risk score (Fig. 4B). All patients with ccRCC were randomly divided into training (n = 286) and testing (n = 286) cohorts. 
Subsequently, LASSO and multiCox analyses were conducted on 40 prognosis-related VMRGs within the training cohort to establish 
the prognostic model (Fig. 4C). Ultimately, six genes (L1CAM, SERPINF1, MALAT1, CLDN4, TEK, and EFNA1) were linked to ccRCC 
survival based on minimum partial likelihood deviation and multivariate Cox regression analysis. The VMRG risk score was calculated 
using the formula: Risk score = (0.144 × L1CAM expression) + (0.264 × SERPINF1 expression) + (0.302 × MALAT1 expression) +
(− 0.288 × CLDN4 expression) + (− 0.174 × TEK expression) + (− 0.226 × EFNA1 expression). In the high-risk group, levels of L1CAM, 
SERPINF1, and MALAT1 were elevated, while those of CLDN4, TEK, and EFNA1 were reduced (Fig. 4D). As shown in Fig. 4E, patients 
at low risk survived significantly longer than those at high risk across the training, testing, entire cohorts, and the E-MTAB-3267 
validating cohort. (P < 0.05). In the training group, the AUC values for the ROC curves of survival rates at 1, 3, and 5 years were 0.720, 
0.737, and 0.757. Similar analyses were performed on the testing, and the entire cohorts validated the risk-score model’s accuracy. In 
the E-MTAB-3267 validating cohort, the AUC values for the ROC curves of survival rates at 1 and 3 years were 0.616 and 0.831 
(Fig. 4F). Collectively, our results indicated a good performance of the 6-gene signature for survival prediction. 

3.5. Construction and validation of a nomogram to predict survival 

Cox regression analysis of the risk score alongside clinical characteristics such as age and stage demonstrated the VMRGs risk 
score’s independence as a prognostic factor among patients with ccRCC (Fig. 5A). Recognizing the VMRGs risk score’s pivotal role in 
the prognostic model, it was integrated with age and stage to develop a nomogram for predicting clinical outcomes at 1, 3, and 5 years 
(Fig. 5B). Patients with high VMRGs risk exhibited significantly lower survival rates than those with low VMRGs risk (P < 0.001; 
Supplementary Fig. 2). The calibration curve verified the nomogram’s prediction accuracy (Fig. 5C). Furthermore, the decision curve 
analysis (DCA) values were assessed for predicting outcomes at 1, 3, and 5 years, highlighting the superior predictive performance of 
the nomogram combining VMRGs risk score, age, and stage (Fig. 5D). 

3.6. VMRGs risk was correlated with immune infiltration and TME 

A notable discrepancy in the abundance of innate and adaptive immune cells was evident between the distinct risk groups (Fig. 6A 
and B). As depicted in Fig. 6C, the VMRGs risk score positively correlated with naïve B, Macro M0, activated mast cells, activated CD4 
memory T cells, follicular helper T cells, and regulatory T cells. However, the opposite relationship was observed with Macro M1 and 
M2, resting mast, resting mono, resting NK, and resting CD4 memory cells. Additionally, we assessed the expression of ICPs across 
different risk groups, revealing a correlation between CTLA4, PDCD1, CD274, and PDCD1LG2 ICPs with the high-risk group, while 
IDO1 correlated with the low-risk group (Fig. 6D). Upon comparing the TME scores of these groups, we noted higher estimated and 
immune scores in the high-risk group, indicating elevated immunogenicity (Fig. 6E). Furthermore, we investigated the association 
between selected model genes in the prognostic signature and immune cell abundance (Fig. 6F). Based on these insights, the high-risk 
group can be characterized by increased immune cell infiltration and heightened responsiveness to immunotherapy. 

3.7. Model gene expression and cells in ccRCC were examined by single-cell analysis, TCGA, IHC staining, and qRT-PCR 

Using the scRNA-seq data of human ccRCC from GSE159115, 27,669 cells from eight patients were divided into 32 clusters [36] 
(Fig. 7A). The mRNA expression of CLDN4 was highest in malignant cells, with epithelial cells showing the next highest level. EDNA1 
and TEK mRNA were mainly expressed in endothelial cell clusters. The mRNA expression of SERPINF14 predominated in mono- and 
macrocellular clusters. MALATI mRNA was predominantly expressed in CD8 + T cells, endothelial cells, epithelial cells, erythroblasts, 
malignant cells, monocyte/macrophages, pericytes, and plasma cells. (Fig. 7B and C). 

Differential expression analysis of six key genes showed higher expressions of EFNA1, SERPINF1, and MALAT1 and lower ex-
pressions of L1CAM, TEK, and CLDN4 in ccRCC than adjacent normal tissues. (Fig. 8A). Meanwhile, IHC staining from HPA showed 
higher expressions of EFNA1 and SERPINF1 and lower expressions of L1CAM, TEK, and CLDN4 relative to RCC tumor tissues than 
normal kidney tissues (Fig. 8B). Since MALAT1 is a long non-coding RNA (lncRNA) and does not encode a protein, it is likely not 
included in the HPA database. Analysis of TCGA data using GEPIA revealed that high expression of L1CAM, SERPINF1, and MALAT1 
were significantly associated with poor survival prognosis in patients with RCC. Conversely, low expression of CLDN4, TEK, and 
EFNA1 were significantly associated with poor survival prognosis (Fig. 8C). 

Fig. 2. Formation of vasculogenic mimicry-related genes clusters (VMRGs clusters). (A) The network of interactions between 44 VMRGs in the 
TCGA-KIRCC cohort and GSE29609 cohort, where the line thickness indicates the correlation strength. (B) All samples from the TCGA-KIRC cohort 
and GSE29609 cohort were divided into 2 clusters using the consensus clustering algorithm (k = 2). (C) Kaplan-Meier curves show the different 
overall survival (OS) between the two VMRGs clusters. (D) Principal component analysis (PCA) showed significant differences between the two 
VMRGs clusters. (E) VMRGs expression levels in two VMRGs clusters. (F)The heatmap showed the differences between the clusters in 
VMRGs expression. 
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Fig. 3. Analysis of biological features and tumor immune infiltration in two VMRGs clusters. (A) KEGG-related GSEA analysis showing the bio-
logical pathways of two VMRGs clusters. (B) GO-related GSVA analysis showing the biological pathways of two VMRGs clusters. (C) ssGSEA analysis 
showing the infiltration of 23 types of immune cells in two VMRGs clusters. Adjusted p-values were shown as insignificant, **P<0.01, ***P<0.001. 
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Furthermore, the expression of six VMRGs risk-associated genes was assessed using qRT-PCR in normal renal tubular epithelial cells 
(HK-2) and ccRCC cell lines, namely 786-O and Caki-1 cells. Compared to HK-2 cells, 786-O and Caki-1 cells showed significantly 
increased expression of EFNA1, SERPINF1, and MALAT1. Conversely, the expression of L1CAM, TEK, and CLDN4 was notably reduced 
in 786-O and Caki-1 cells (Fig. 9). The expression trend of the six key genes was consistent with the findings in this study. 

4. Discussion 

ccRCC is a solid tumor that is characterized by significant vascularization [37]. Despite the current recommendations for surgery as 
the primary treatment for ccRCC, there is persistent recurrence and metastasis in patients who have undergone resection, posing a 
significant challenge. In situations where ccRCC is inoperable, at an advanced stage, recurrent, or has metastasized, the conventional 
therapeutic approach typically includes anti-angiogenic TKIs and immunotherapies [2,38]. Nonetheless, the efficacy of 
anti-angiogenic therapy is limited due to the emergence of drug resistance. Therefore, there is an urgent need to identify new ther-
apeutic targets and prognostic factors for patients with ccRCC. VM serves as a mechanism for tumor vasculature replenishment, 
providing an alternative pathway for resistance to anti-angiogenic therapy [39]. Recent research has highlighted VM as an inde-
pendent and significant predictor of disease-free survival [40,41]. However, the precise mechanisms and the correlation between VM 
and immune cell infiltration remain unclear. In this investigation, multiple subgroups of the VM were successfully identified, and a 
prognostic scoring model specifically for ccRCC was constructed, thereby emphasizing the crosstalk between the VM and TME. 

In this study, a panel of six-gene signatures comprising L1CAM, TEK, CLDN4, EFNA1, SERPINF1, and MALAT1 was finally selected 
to generate a risk score model that can be exploited for predicting survival in ccRCC. The predictive performance of the signature was 
mutually verified in internal TCGA-KIRC, GSE29609, and external E-MTAB-3267 datasets. Patients with higher risk scores exhibited 
poorer survival rates at 1, 3, and 5 years than those with lower scores. A nomogram integrated with both the 6-gene-based signature 
and clinicopathological risk factors demonstrated that the model can accurately predict patients’ overall survival (OS). Data from 
TCGA, HPA, and qRT-PCR showed higher expressions of EFNA1, SERPINF1, and MALAT1 and lower expressions of L1CAM, TEK, and 
CLDN4 in ccRCC than adjacent normal tissues. Combining traditional anti-angiogenic therapies with the identified anti-VM targets, 
including L1CAM, TEK, CLDN4, EFNA1, SERPINF1, and MALAT1, could enhance outcomes for patients with ccRCC. 

Interestingly, these six genes, which were used to establish our risk signature model, have been shown to be involved in tumor 
development and thus may be promising therapeutic targets for ccRCC. EFNA1 expression is elevated in ccRCC and could be stimulated 
under hypoxic conditions via a HIF-dependent pathway, thereby enhancing tumor angiogenesis [42]. SERPINH1 was the strongest 
association with poor prognosis and regulation on the expression levels of epithelial-to-mesenchymal transition markers in ccRCC in a 
previous study [43]. The secreted protein encoded by SERPINF1 strongly inhibits effects on angiogenesis [44]. Growing evidence 
shows that high MALAT1 expression in RCC tissues is inversely correlated with overall survival, and downregulation of MALAT1 
inhibits ccRCC tumor growth by miR-182-5p regulation [45]. LncRNA MALAT1 was first recognized as a marker for metastasis 
development in the early stages of lung adenocarcinoma [46]. L1CAM, an axonal glycoprotein classified within the immunoglobulin 
supergene family, facilitates VM by upregulating hexokinase 2 expression in glioma [39]. It has been reported that LICAM plays a 
crucial role in the invasive ability of RCC [47]. TEK encodes a receptor belonging to the Tie2 family of protein tyrosine kinases that 
cooperate with VEGFs as critical regulators of vascular development [48]. In ccRCC, our data implied that TEK downregulation was 
associated with a poor prognosis, which was also demonstrated in previous studies [49]. Since Tie2 signaling influences vascular 
permeability, low expression of Tie2 may potentiate inflammatory cell migration into the tumor microenvironment. It has been re-
ported that CLDN4, as a tight junction protein, might have implications in preserving the tumor microenvironment and could be 
involved in the aggressive characteristics of RCC [50]. Therefore, these model genes might be potential therapeutic targets for ccRCC. 

There is mounting evidence that cell cycle processes are not only linked to tumor development but also play a role in immune 
escape and immunotherapy [51,52]. VM, an alternative mechanism of vasculature, is involved in the resistance to anti-angiogenic 
therapies. The concurrent implementation of anti-angiogenesis and immunotherapy has shown potential to improve clinical effec-
tiveness [53,54]. The correlation between the VMRGs risk score and various immune cell subtypes highlights its significant role in 
modulating the tumor immune microenvironment. Its positive correlation with activated immune cells, such as activated mast cells 
and CD4 memory T cells, suggests that this signature may promote immune activation, supporting the immune system’s response to 
tumors [55]. The upregulation of the VMRGs risk score in ccRCC was also concomitant with increased immune infiltration, as indicated 
by the elevated stromal, immune, and ESTIMATE scores. In addition, TLA4, PDCD1, CD274, and PDCD1LG2 ICPs were correlated with 
a high-risk group for VM. We imputed that once these immune checkpoint molecules were activated, they may promote tumor cells 
and other “bad cells” to escape the immune system. These results showed the great effectiveness of our six-gene-based risk signature in 
distributing patients with ccRCC into subtypes, which may benefit from different ICIs-based treatments. It might serve as a biomarker 
in tailoring individualized immunotherapy. 

Considering the intra- and inter-tumor heterogeneity of ccRCC tumors, we sought to find variables in transcriptional levels that are 

Fig. 4. Construction and validation of the prognostic VMRGs score model. (A) Alluvial plot shows the distribution of patients in two VMRGs 
clusters, two risk groups, and their survival status. (B) The differences in risk score of two VMRGs clusters. (C) Significant differences in and 
expression of 6 prognosis-related genes between high-risk and low-risk groups. (D) Prognostic value of VMRGs in the training set. Multivariate Cox 
regression via LASSO is presented, and six candidate VMRGs were selected in the training cohort. (E) Survival analysis of the overall survival (OS) 
for high-risk and low-risk patients in the training, testing, entire cohorts, and the E-MTAB-3267 validating cohort. (F) The ROC curves for 1-,3-, and 
5-year survival of ccRCC patients in the training, testing, entire cohorts, and the E-MTAB-3267 validating cohort. 
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Fig. 5. Construction and validation of a nomogram. (A) Multivariate Cox regression analysis of risk scores and clinicopathological factors. (B) 
Nomogram construction for predicting the 1-,3-, and 5-year OS of ccRCC patients. (C) Calibration curve analysis for predicting patients’ survival at 
1-,3-,5-year. (D) Decision curve analysis (DCA) for predicting the clinical utility of the nomogram at 1-,3-,5-year. 
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more suitable to explain the complex interplay between tumors and the immune system compared to models using only clinical pa-
rameters. By integrating datasets from GEO, TCGA, and EBI ArrayExpress through rank aggregation analysis, a robust gene signature 
was identified. Recognizing that ccRCC comprises diverse molecular subtypes with varying prognoses and therapeutic responses, our 
six-gene signature, combined with clinicopathological parameters, may improve the predictive power and the possibility of clinical 
use. Our findings also suggest a link between VM risk and immune cells, indicating that VM may influence ccRCC pathogenesis and 
metastasis via immune modulation. However, the accuracy and effectiveness of the risk model need to be further confirmed in sub-
stantial clinical trials. Also, in vivo studies investigating the role of the six genes are needed to verify our results in the future. 

Fig. 6. Assessment of immune infiltration and tumor microenvironment (TME) characteristics between risk groups. (A-B) Differences in immune 
cell abundance. (C)Correlations between risk scores and immune cell abundance. (D) Expression levels of immune checkpoints (ICPs) in high-risk 
and low-risk groups. (E) Differences in Stromal score, Immune score, and ESTIMATE score between the two risk groups. (F) Correlations between 6 
model genes in prognostic model and immune cell abundance. Adjusted p-values were shown as *P<0.05; **P<0.01; ***P<0.001. 
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Fig. 7. Model genes mRNA expression of the single-cell-type clusters.  
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Fig. 8. Validation of model gene expression identified in ccRCC. (A) Differential expression of six key genes between the kidney normal tissue and 
ccRCC using GEPIA online software. (B) Relative protein expressions of six key genes in the kidney normal tissue and ccRCC were measured by IHC 
staining from the HPA database. (C) Survival analysis of TCGA data using GEPIA online software. 
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5. Conclusions 

In summary, our study identified a novel signature that would be applied as a prognosticator and a promising biomarker in 
individualized immunotherapy for patients with ccRCC. This study underscores the functional importance of VMRGs signatures and 
offers novel perspectives for potential anti-angiogenesis and therapeutic targets. 
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