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Abstract
Neddylation, as a type of post-translational modification, plays a key role in cancer development. However, the biologi-
cal characteristics and clinical prognosis value of Neddylation-related genes (NRGs) signatures in clear cell renal cell 
carcinoma (ccRCC) remain undetermined. Here, we identified two subtypes of NRGs in ccRCC based on TCGA data and 
constructed a NRGs risk signature (NRGS). Survival analysis, ROC curves, and nomograms showed that NRGS was an 
important predictor of prognosis in patients with clear cell renal cell carcinoma. We further revealed important correla-
tions between NRGS and clinicopathological features, gene mutations, drug sensitivity, and immune cell infiltration. High 
NRGS indicates a poorer prognosis for kidney cancer, but higher remission rates with immunotherapy. Drug sensitivity 
also varies across risk groups. UBB was identified as a hub gene for NRGS and was downregulated in ccRCC, which is 
associated with poor prognosis. In conclusion, this study provides strategies for predicting prognosis and individualizing 
treatment for ccRCC.
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1  Introduction

According to U.S. cancer statistics, the number of new estimated cases of kidney and renal pelvis-related cancers is 
increasing each year. Clear cell renal cell carcinoma (ccRCC) is the most common type of kidney cancer and is the leading 
cause of kidney cancer-related deaths [1–3]. Although localized ccRCC can be treated by surgical resection or ablation, 
treatment options for advanced disease are limited by resistance to radiotherapy and chemotherapy, making the search 
for new therapeutic targets a priority. Therapeutic combinations such as immune checkpoint inhibitors (e.g., pembroli-
zumab) in combination with tyrosine kinase inhibitors (e.g., axitinib) have been shown to be practicable [4–6]. However, 
the impact of these treatments on tumor suppression and patient survival varies, suggesting the need for new regimens 
to improve patient prognosis.
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Post-translational modifications are covalent modifications of proteins after biosynthesis, usually enzymatic. Post-
translational modifications are involved in many biological processes, not only regulating protein degradation, but also 
regulating oncogenic signaling, etc., thus have received increasing attention in cancer research [7, 8]. Neddylation, a type 
of post-transcriptional modification, plays an important role in the development of cancer, as a result, there is increasing 
interest in developing therapies that can specifically utilize ubiquitin and ubiquitin-like pathways to treat cancer. Ned-
dylation is a specific modification of the binding of the ubiquitin-like protein NEDD8 to a substrate protein and consists 
of a series of enzymatic reactions. Enzymes that regulate Neddylation include NEDD8 activase (E1), NEDD8 conjugating 
enzyme (E2), and NEDD8 ligase (E3) [9]. In addition to basic functions in proteome degradation and recycling, Neddyla-
tion is involved in epithelial-mesenchymal transition, transcriptional regulation, and cell death regulation [10]. In breast 
cancer, HER2 is neddylated, which prevents its degradation and thus promotes breast cancer development; therefore, 
inhibition of Neddylation and combination with trastuzumab may be a strategy to inhibit HER2-positive breast cancer 
progression [11]. Zhou et al. reported that MLN4924 inhibits Neddylation by inactivating CRL3-SPOP E3 ligase, which 
protects the glutamine transporter ASCT2/SLC1A5 from degradation, thereby enhancing glutamine intake by breast 
cancer cells [12]. These studies further confirm that targeting Neddylation may be a strategy for tumor therapy. In renal 
cancer, Neddylation inhibition sensitizes renal medullary carcinoma tumor to platinum chemotherapy, which works by 
inhibiting P53-induced DNA damage repair and increasing apoptosis in renal medullary carcinoma cells [13]. Inhibition 
of Neddylation modification triggers DNA damage, inhibits cell growth, and suppresses the migratory and invasive 
capacity of clear cell renal carcinoma by regulating E-cadherin and Vimentin expression [14]. These findings suggest 
that Neddylation is essential for the growth of ccRCC. However, the biological functions and mechanisms of Neddylation 
modification in the pathogenesis of ccRCC remain unclear and need to be further elucidated. In addition, mechanisms 
of protein homeostasis associated with Neddylation have not yet been studied as potential biomarkers of drug efficacy 
or prognosis in ccRCC [7]. A comprehensive investigation of Neddylation-related genes (NRGs) may help to develop 
rational diagnostic and therapeutic strategies for ccRCC.

In the current study, we downloaded transcriptome data and clinical information about ccRCC from TCGA and genes 
related to Neddylation from online databases. Next, we assessed the DEGs of NRGs across ccRCC tissues and normal tis-
sues. Using these genes, we divided the patients into two groups with the help of “ConsensusClusterPlus” package and 
analyzed the differences between the two groups. A six Neddylation-related genes signature were then constructed 
by applying Lasso and multivariate Cox regression analysis. Combining the NRGs risk score and clinical parameters, we 
also constructed a nomogram to predict prognosis. Besides, we categorized the patients into two subgroups based on 
the median NRGs risk score and noted significant differences between the two subgroups in terms of TME components, 
somatic mutations, immune checkpoint expression profiles, and drug responses. We also found that low expression 
levels of UBB predicted a poorer prognosis. In conclusion, these findings indicate that Neddylation-related genes are 
important in the development of ccRCC, and elucidating the key role of NRGs may ultimately lead to better treatment 
options for ccRCC patients.

2 � Materials and methods

2.1 � Data collection and process

Transcriptome profiles and clinical information for ccRCC were obtained from online database TCGA (https://​portal.​gdc.​
cancer.​gov) by utilizing the R package “TCGAbiolinks”. E-MTAB-1980 queue is available from the online database EMBL-
EBI (https://​www.​ebi.​ac.​uk/). TCGA-ccRCC clinical data were screened by (1) Follow-up time ≥30 days and (2) excluding 
samples without complete OS clinical information. A total of 516 ccRCC patients were included. Differentially expressed 
genes (DEGs) between tumor tissues and normal tissues were identified utilizing the “Limma” package on the R plat-
form. adj. P.val < 0.05,|Log2FC|≥ 0.6 was regarded as statistically significant. Neddylation-related genes (Supplementary 
Table 1) were obtained from the Reactome (https://​react​ome.​org/), GSEA (https://​www.​gsea-​msigdb.​org/​gsea/​msigdb), 
and GeneCards (https://​www.​genec​ards.​org/) databases (relevance score ≥ 1). The ccRCC scRNA-seq dataset (GSE159115) 
was available from the online database Gene Expression Omnibus (GEO) (https://​www.​ncbi.​nlm.​nih.​gov/​gds/?​term=​
GSE15​9115), and analyzed using the online tool SolvingLab (http://​solvi​nglab.​com.​cn/).

https://portal.gdc.cancer.gov
https://portal.gdc.cancer.gov
https://www.ebi.ac.uk/
https://reactome.org/
https://www.gsea-msigdb.org/gsea/msigdb
https://www.genecards.org/
https://www.ncbi.nlm.nih.gov/gds/?term=GSE159115
https://www.ncbi.nlm.nih.gov/gds/?term=GSE159115
http://solvinglab.com.cn/
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2.2 � Functional enrichment analysis

Differentially expressed genes were applied to perform Gene Ontology (GO), Kyoto Encyclopedia of Genes and 
Genomes (KEGG) and gene set enrichment analysis (GSEA) using “ClusterProfiler” package [15]. “GSVA” was accepted 
to carry out Gene Set Variation Analysis.

2.3 � Consensus clustering analysis

Based on differentially expressed Neddylation-related genes, unsupervised hierarchical clustering of the TCGA-ccRCC 
dataset was performed utilizing the “ConsensusClusterPlus” package to identify Neddylation-associated molecular 
isoforms [16]. 1000 iterations were performed to insure the robustness of each clustering. The optimum number of 
clusters was derived using the “proportion of ambiguous clustering” (PAC), with the lowest PAC for K values.

2.4 � Prognostic model construction

The 111 Neddylation-associated DEGs were chosen for performing univariate Cox regression analysis. Next, the 
prognostic genes were utilized to conduct the Least Absolute Shrinkage and Selection Operator (LASSO) Regression 
analysis, and select the minimum penalty term by tenfold cross validation. Then using multivariate Cox regression and 
stepwise regression analyses and following Akaike information criterion (AIC), we derived a Neddylation-related gene 
signature (NRGS). The risk score of NRGS was measured as formula: risk_score = ∑i=1

n (Coefi × Expi); Coefi represents 
the relevant regression coefficient and Expi represents the expressed value of NRGs. According to the median risk 
score, we categorized patients into two different groups. Receptor operator characteristic curves (ROCs) was applied 
to assess the prognosis of the 1-, 3-, and 5-year OS in TCGA- ccRCC, which was validated by applying E-MTAB-1980 
dataset.

2.5 � Drug response prediction

Drug responses were estimated using the Genomics of Drug Sensitivity in Cancer (GDSC) [17] containing 809 cell lines 
and 198 compounds using the “oncoPredict” software package [18]. Half-maximal inhibitory concentrations (IC50) were 
calculated for patients between the two risk groups using a ridge regression model.

2.6 � Somatic mutation analysis

The total somatic mutation burden between different risk score subgroups of TCGA- ccRCC was estimated using the R 
package “TCGAmutations”. The Waterfall diagram was drawn utilizing the online website Sangerbox [19] to show the 
mutations between the different groups.

2.7 � Construction of Nomogram

Nomograms predicting the prognosis of 1-, 3-, and 5-year overall survival of ccRCC suffers according to the TCGA-
ccRCC dataset were plotted using the “rms” software package based on the NRGs risk score and other relevant clinical 
parameters. Decision curve and calibration curve were conducted to confirm the clinical credibility of this Nomogram 
model.

2.8 � Analysis of the tumor immune microenvironment

The R packages “ESTIMATE”, “MCPcounter” and “CIBERSORT” were used to predict immunity scores, ESTIMATE score and 
immune cell infiltration. Six NRGS genes were assessed for correlation with lymphocytes using the online website: TIMER 
(Tumor Immune Estimation Resouse). In addition, the expression of common immune checkpoints (TIGIT, IDO1, CD274, 
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CD276, CD44, PDCD1LG2, PDCD1, CTLA4, LAG3) was analyzed between the two groups. Predicting immunotherapy 
response using the IMvigor210 renal cancer cohort (http://​resea​rch-​pub.​gene.​com/​IMvig​or210​CoreB​iolog​ies/).

2.9 � Cell culture

RCC cell lines 786-O and ACHN were obtained from the Stem Cell Bank of the Chinese Academy of Sciences.786-O and 
ACHN were cultured in 1640 medium containing 10% FBS, and the cell lines were cultured in a humidified environment 
at 37 °C with 5% CO2.

2.10 � Transfection and RT‑qPCR

The UBB plasmid vector was constructed by inserting the full-length cDNA of UBB into the pcDNA3.1 vector: CMV-MCS-
3fag-polyA-EF1A-zsGreen-sv40-puromycin. Lipofectamine 3000 was purchased from Invitrogen (L3000015) and used 
for transfection of the plasmid according to the manufacturer’s recommendations. Total RNA was extracted using TRIzol 
reagent (Invitrogen, USA), reverse transcribed using a PrimeScript RT kit (Takara, Japan), and quantified by qRT-PCR using 
SYBR green (Takara, Japan) on a Bio-Rad CFX96 system. The expression of UBB was normalized to β-actin (mRNA) using 
the2−ΔΔCt method.

2.11 � Cell proliferation

Cell proliferation was detected using the Cell Counting Kit-8 (K1018-5 ml, APEXBIO) according to the manufacturer’s 
instructions. Briefly, cells were cultured in 96-well plates (2000 cells/well). After cell attachment, add 100ul of serum-free 
medium containing 10% CCK-8 to each well and incubate for 2 h at 37 °C in an incubator. Finally, the optical density (OD) 
at 450 nm was detected using a microplate reader (EXL800, BioTek Instruments).

2.12 � Statistical analyses

Statistical analysis was carried out on the platform R 4.1.3 (https://​www.r-​proje​ct.​org/). Continuous variables were 
utilized to analyze the Mann–Whitney-Wilcoxon test. Using the "Survival" package, log-rank test computations were 
used to generate Kaplan–Meier survival curves. Spearman’s correlation analysis was used to test the correlation analysis. 
P-value ≤ 0.05 was taken as the threshold for statistical significance.

3 � Results

3.1 � Identification of two distinct patterns of ccRCC based on Neddylation‑related genes

To identify features of Neddylation-related genes, we collected 504 NRGs from the GSEA database, Reactome database 
and GeneCards (correlation score ≥ 1). We then assessed the DEGs of TCGA-ccRCC dataset. As illustrated in Fig. 1A, 111 
differentially expressed genes were obtained. Enrichment analyses showed that these differentially expressed NRGs are 
involved in the progression of various cancers and are mainly enriched in regulating the proteasome and ubiquitin-like 
related protein activity (Fig. 1B, C). Furthermore, based on the 111 DEGs associated with Neddylation, we divided ccRCC 
patients into multiple subgroups using consensus clustering (Fig. 1D). Determination of the optimal k-value using the 
Cumulative Distribution Function and the PAC algorithm (Fig. 1E, F). As shown in the tSNE plot, patients with ccRCC based 
on NRGs can be well categorized into two groups (Fig. 1G). We further analyzed the survival rates of the two clusters and 
found that the prognosis of cluster 2 is poorer (Fig. 1H).

3.2 � Differences in tumor microenvironment and biological function between the two clusters

To investigate the characteristics between the two clusters, we analyzed the DEGs between clusters using the 
limma package. We got 265 differentially expressed genes (|logFC|≥ 1, P < 0.05) (Fig. 2A). GO term analysis was uti-
lized to evaluate the biological functions of these differentially expressed genes. The results indicated that these 
DEGs participate in energy derivation by oxidation of organic compounds, apical part of cell, and endopeptidase 

http://research-pub.gene.com/IMvigor210CoreBiologies/
https://www.r-project.org/
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regulator activity (Fig. 2B). Furthermore, KEGG and GSEA revealed that these DEGs involve in various cancer related 
pathways, including Oxidative phosphorylation, Cell adhesion molecules, and Focal adhesion (Fig. 2C, D). In order to 
identify the potential mechanisms that may explain the differences between the two subsets, we further conducted 
GSVA. Remarkably, many of the signaling pathways involved in oncogenesis and intercellular communication are 
altered, including adherens junctions, oxidative phosphorylation, and tyrosine metabolism (Fig. 2E, F). To further 
characterize the immune profile of different NRGs patterns, we estimated the immune infiltration profile of immune 
cell ratios by ssGSEA analysis. Compared to Cluster 2, the infiltration levels of immunocytes in Cluster 1(such as 
macrophages and activated CD4 T cells) are significantly higher (Fig. 2G, H). This suggests that the response to 
immunotherapy may differ between these two clusters, which has significant implications for the clinical practice 
and research of ccRCC.

3.3 � Construction of Neddylation‑related genes prognostic signature

In order to further analyze the potential prognostic function of NRGs, we established a prognostic signature. Based 
on 111 NRGs, with the assistance of univariate Cox regression analysis and lasso regression analysis, we generated 
12 genes according to the least partial likelihood bias (Fig. 3A, B). Next, prognostic risk was modeled for these six 
genes using the Akaike Information Criterion (AIC) in multivariate Cox regression analysis (Fig. 3C). Based on the 
risk model, the patients with clear cell renal cancer was separated into two subsets according to the median risk 
score (Fig. 3D). We used the ROC curve to evaluate the predictive value of the risk model, with areas under the ROC 
curve at 1, 3, and 5 years being 0.756, 0.722, and 0.763, respectively (Fig. 3E). In addition, compared to the high-risk 
group, K-M plot shows that the low-risk group has a better prognosis (Fig. 3F). These findings indicated that the 
model performs well in predicting the prognosis of ccRCC.

Fig. 1   Characterization of 
Neddylation-related genes 
and patterns of NRGs in 
ccRCC. A Volcano map of 
differentially expressed 
NRGs in the TCGA dataset. B 
Enrichment of GO terms for 
Neddylation-related DEGs. 
C Dot plot showing KEGG 
pathway enrichment of Ned-
dylation DEGs. D Consensus 
matrices of the TCGA-ccRCC 
cohort for k = 2. E Consensus 
values range from 0 to 1. F 
The corresponding area under 
the cumulative distribution 
function (CDF), optimal k = 2. 
G tSNE analysis of the two 
subgroups. H Survival analysis 
of patients between cluster-1 
and cluster-2
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3.4 � Establishment of nomograms combining clinical factors and risk scores

To evaluated the clinical function of NRGs risk scores in ccRCC, the relationship between risk score and clinical 
characteristics was assessed. We found a positive correlation between the risk score and tumor stage; the higher 
tumor the grade, the higher the risk score (Fig. 4A, B). The risk score for males is higher than that for females (Fig. 4C). 
Furthermore, using univariate and multivariate Cox regression analysis, we verified that the NRGs risk score is an 
independent prognostic factor for ccRCC, as confirmed by the E-MTAB-1980 dataset (Fig. 4D, E, S1). To better predict 
the survival rate of ccRCC patients, we created a nomogram using tumor stage, Gender, Age, and NRGs risk scores of 
ccRCC patients (Fig. 4F). The calibration curve was used to assess the consistency between the predicted probabilities 
and the actual probabilities of occurrence of this nomogram, we found that the predicted probabilities closely match 
the actual probabilities (Fig. 4G). The ROC curve also indicates that the nomogram has good performance in predict-
ing survival rates (Fig. 4H). The DCA curve further confirms the good predictive efficacy of the nomogram (Fig. 4I).

3.5 � The potential functional mechanisms between different risk groups

In order to clarify the potential mechanisms in different groups, DEGs were calculated using “Limma” package. 222 
differentially expressed genes (|logFC|≥ 1, P < 0.05) (Fig. 5A) were used to perform GO term enrichment analysis. The 
results showed that these DEGs are primarily involved in immunoglobulin production, immunoglobulin complexes, 
and antigen binding (Fig. 5B). KEGG and GSEA analyses further revealed that these DEGs are primarily involved in 
primary immunodeficiency, cytokine-cytokine receptor interaction, and fatty acid metabolism (Fig. 5C, D). In addition, 
GSVA showed that these DEGs in the risk signature focused on fatty acid metabolism, primary immunodeficiency, 
and citrate cycle TCA cycle (Fig. 5E). To explore the immune characteristics of NRGs risk types, we detected the 
relationship between tumor microenvironment (TME) and NRGs risk score through ssGSEA. The findings indicated 
that, compared to the low-risk group, the overall infiltration level of TME cells in the high-risk group is significantly 
higher (Fig. 5F). All of this suggests that these two risk subtypes have distinct biological characteristics and immune 
microenvironments, and may identify new therapeutic targets due to these differences.

3.6 � Predicting immune infiltration and gene mutations based on risk scores

We further analysed the frequencies of somatic mutated genes in different risk groups. Among the top five genes, 
there were remarkable differences in the mutation frequencies of PBRM1, BAP1, and ARIDIA (Fig. 6A, B). The two 
groups of genes have different mutation frequencies, which may account for the functional differences between 
the two groups. In addition, compared to the low-risk group, the total mutational burden (TMB) was higher in the 
high-risk group (Fig. 6C). Mutations in cellular genes produce new antigens that lead to changes in the infiltration 
level of immunocytes in tumor tissue. Using the ESTIMATE algorithm, we discovered that the scores of estimation, 
stromal and immune are higher in the high-risk group (Fig. 6D–F). MCPcounter found that the infiltration levels of 
lymphocytes (such as T-cell B lymphocytes) are higher in high-risk group (Fig. 6G). CIBERSORT analysis also showed 
that the levels of lymphocyte infiltration differ between these two risk groups (Fig. 6H, S2). To better understand the 
association between NRGS and immune cell infiltration, we analyzed six NRGS genes and lymphocyte infiltration 
using TIMER and found that tumor lymphocyte infiltration levels were positively correlated with gene expression 
(Fig. S3). In summary, these finding indicated that the differences in prognosis and biological functions among dif-
ferent groups may be related to distinct tumor microenvironments, which may guide the search for new potential 
therapeutic approaches.

Fig. 2   Molecular characterization and immune cells of different NRGs subgroups. A Volcano plot of DEGs between two subgroups in the 
TCGA dataset. B, C Dot plot showing GO and KEGG pathway enrichment of DEGs. D Top 5 GSEA results between Cluster 1 and 2. E, F KEGG 
pathway analysis of GSVA in two subgroups. G The ssGSEA analysis of the immune cell infiltration level in the two subgroups. H Boxplot of 
the abundance of immune cells in the two subgroups. *P < 0.05, **P < 0.01, ***P < 0.001, ns not significant

▸
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Fig. 3   Construction of NRGs prognostic risk score model. A Neddylation-related genes were penalized by LASSO Cox regression analysis. B Ten-fold 
cross-validation for the optimal parameter selection in the LASSO Cox regression. C A six-gene model was constructed by stepwise regression mod-
eling using the Akaike Information Criteria (AIC) method. D Risk score distribution, OS status, and six-gene expression trends in the TCGA ccRCC 
dataset. E ROC curves for the performance of prognostic models in the ccRCC dataset at 1, 3, and 5 years over time. F Kaplan–Meier survival analysis 
of NRGS in ccRCC​



Vol.:(0123456789)

Discover Oncology          (2025) 16:859  | https://doi.org/10.1007/s12672-025-02547-7 
	 Research

3.7 � Predicting immunotherapy response and drug sensitivity

Since we found that NRGS risk scores correlated with immunocyte infiltration, we sought to determine the associa-
tion between NRGS risk scores and immune responses. We utilized the CIBERSORT algorithm to evaluate several 
common immune checkpoints. In the correlation analysis, we found a positive correlation between the expression of 
immune checkpoints and risk score. The high-risk group had higher levels of expression of most immune checkpoints 
compared to the low-risk group (Fig. 7A, B), meaning that the high-risk group may be more sensitive to immune 
checkpoint inhibitors. Using the IMvigor210 cohort, we analyzed the responses to immunotherapy among different 
NRGS risk groups and determined that the NRGS risk scores for renal cancer in the CR/PR group were higher. How-
ever, the statistical results were not significant, which may be related to the sample size. In addition, combined with 
immunotherapy, the prognosis of the high-risk group was better (Fig. 7C, D). Since chemotherapy is one of the clini-
cal treatment options for patients with ccRCC, we calculated the IC50 values of several chemotherapy drugs based 
on the GDSC database to assess chemotherapy sensitivity through the pRRophetic package and compared the IC50 
values between the two risk groups. The results showed that Epirubicin, Cytarabine, Docetaxel, and Cisplatin had 
significantly lower estimated IC50 values in the high-risk group (Fig. 7E–H), suggesting that high-risk groups may 
be more susceptible to the effects of these drugs. In the correlation analysis, we found that NRGS risk score related 
to drug susceptibility was associated with DNA replication (Leflunomide, Pyridostatin and topotecan) and WNT sin-
gling pathway (WIKI4 and XAV939), etc. Drug resistant to NRGS risk score was associated with cell cycle (RO-3306), 
Chromatin histone acetylation (OF-1), and RTK (SB505124) (Fig. 7I, J).

3.8 � Identification of NRGS hub gene UBB

Using the “mgeneSim” algorithm, we found that UBB is a hub gene of NRGS [20] (Fig. 8A). By analyzing the TCGA-ccRCC 
dataset, we found that UBB was downregulated in ccRCC (Fig. 8B, C), and low UBB expression was associated with 
poorer disease-free survival and overall survival (Fig. 8D, E), suggesting that UBB may play a key role in cancer progres-
sion. Meanwhile, we found that the methylation of the UBB promoter was upregulated in renal cancer, which may be 
responsible for the downregulation of UBB in ccRCC (Fig. 8F). In addition, the expression of UBB in the ccRCC-immunized 
microenvironment was determined using the ccRCC single-cell dataset (GSE159115). The results showed that UBB was 
mainly highly expressed in pericytes and endothelial cells, and less in malignant cells in the microenvironment (Fig. 8G–I). 
CCK8 assays showed inhibition of kidney cancer cell proliferation after overexpression of UBB (Fig. 8J–L). This result is 
consistent with the finding that UBB mediates resistance to pazopanib by modulating angiogenesis in ccRCC [21]. These 
results demonstrate that UBB plays a critical role in renal cancer and warrants further investigation.

4 � Discussion

ccRCC is a common urologic tumor with an insidious onset, and approximately 25–30% of patients already have 
metastases at diagnosis. Although the 5-year relative survival rate for ccRCC improves with improved treatment, the 
overall prognosis remains unsatisfactory [22–24]. Therefore, it is worthwhile to find new prognostic biomarkers for 
diagnosis and individualized treatment. Previous studies have shown that post-translational modifications play a key role 
in several activities such as cell death, cell metabolism, and cancer development. The mechanisms are widely recognized 
for their effects on human disease. With the understanding of the mechanism of post-translational modification, scholars 
have been able to molecularly classify a variety of cancer types and construct prognostic models [25, 26]. Nevertheless, 
the clinical significance and prognostic potential of Neddylation-related genes in ccRCC are still largely unexplored.

In this study, a bioinformatics investigation was performed to systematically study the biological function and 
clinical relevance of NRGs in ccRCC. We developed a risk model that included six Neddylation-related genes: LMO7, 
UBB, ANKRD13D, SOCS2, CDKN1A, and BAG2. Significant differences in biological characteristic were observed in 
different risk groups. Of these six genes, LMO7 (LIM structural domain-only protein 7) is expressed in a variety of 
tissues and cells and is involved in multiple processes, such as maintenance of epithelial structure, ubiquitination, 
and macrophage polarization and metabolism [27, 28]. This indicates that LMO7 may function in the ccRCC process 
by affecting cell adhesion and immune cell regulation. UBB, or ubiquitin B, has an influential function in the targeted 
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degradation of cellular proteins and is involved in many biological functions [29, 30]. Studies have shown that UBB 
can affect angiogenesis by regulating vascular endothelial growth factor through direct interaction with SP1 [21]. 
Consistent with this study, we found that UBB was downregulated in ccRCC and higher UBB expression was associated 
with better prognosis, suggesting that UBB is a protective factor. We also found that UBB is relatively highly expressed 
in pericytes and endothelial cells, which are critical for cancer angiogenesis. The critical function of UBB in pericytes 
and endothelial cells deserves a step forward. ANKRD13D (ankrin repeat structural domain 13D) is a member of the 
ankrin repeat structural domain (ANKRD) 13 family, which binds specifically to the ubiquitin chain attached to Lys-63 
on membrane-bound proteins, resulting in rapid internalization of these proteins [31, 32]. In ccRCC, up-regulation of 
ANKRD13D expression predicts poor prognosis [33]. Studies have shown that SOCS2 plays a role in many biological 
activities, such as cell apoptosis, proliferation, and inflammation [34, 35]. In ccRCC, SOCS2 may be a protective gene 
associated with immune cell infiltration [36]. CDKN1A is a potent cell cycle protein-dependent kinase inhibitor, and 
low CDKN1A is associated with a worse prognosis in patients with chromophobe renal cell carcinoma [37]. BAG2 
has been reported to drive chemoresistance in breast cancer by exacerbating polymerization of mutant p53 [38], 
to promote hepatocellular carcinoma progression by activating P38/MAPK signaling [39]. Its role in ccRCC requires 
further research.

In addition, we performed enrichment analysis of differentially expressed genes in the two risk groups. The results 
suggest that these genes are involved in many signaling pathways that play key roles in tumor progression. For example, 
targeting cytokine-cytokine receptor interactions has been reported to prevent ulcerative colitis [40] and modulate the 
activation of naïve T cells [41]. Moreover, by analyzing the relationship between NRGS risk scores and TMB, we found 
that TMB was higher in the high-risk group compared to low-risk group. Tumorigenesis is a multi-step process in which 
oncogenic mutations in normal cells confer clonal dominance as an initial event. In general, the more mutations, the 
higher the degree of malignancy of the tumor, resulting in a poor prognosis for patients [42], which is further confirmed 
by our results (Fig. 3D). However, somatic cell mutations have been reported to be implicated in the generation of new 
antigens [43]. The production of neoantigens drives immune cell infiltration, which is associated with the sensitivity 
of cancer immunotherapy [44]. Therefore, high mutational burden in cellular genes produce new antigens, leading 
to changes in the level of immunocytes infiltration in tumor tissues, resulting in a better tumor response to immune 
checkpoint inhibitors and ultimately a better patient prognosis [45, 46]. Here, we found that the low-risk subgroup had 
lower levels of immune cell infiltration and immune checkpoint expression than the high-risk subgroup. Consistent with 
these results, an analysis of the IMvigor210 population showed that high-risk groups responded better to immunotherapy. 
Beyond immunotherapy, we evaluated the relationship of NRGS risk scores to drug response. These findings suggest that 
the drugs that are sensitive to patients in high-risk group are those that target signaling pathways like DNA replication 
and WNT, whereas in low-risk group are mainly targeting cell cycle, Chromatin histone acetylation, and RTK. These findings 
propose that NRGS may be able to provide new directions for treatment options for patients with ccRCC. However, 
athough we utilized multi-dimensional analysis with multi-omics data, there are some unavoidable limitations to our 
study. First, the number of validated datasets is limited. Although external validation was performed in a separate dataset, 
a large prospective multicenter study will be needed to test these discoveries in the future. Second, in our model, a more 
detailed basic experimental study of the underlying molecular mechanisms of Neddylation-related genes is necessary.

5 � Conclusion

This study suggests that NRGs are associated with the development of ccRCC. This study utilizes bioinformatics methods 
to deepen our understanding of the function of NRGs in patients with ccRCC. On the basis of NRGs, we established a six-
gene prognostic signature that performed well in predicting the prognosis of patients with ccRCC. Using the NRGS risk 
score, we can adjust the patient’s treatment plan to some extent. This study may offer new insights into the search for 
prognostic biomarkers and the construction of therapeutic targets, which will be a valuable resource for further research.

Fig. 4   Correlations between risk models and clinical characteristics based on the TCGA ccRCC dataset. Violin plot shows different NRGs risk 
score between different pathological stage (A), clinical staging (B), and gender (C). Univariate (D) and multivariate (E) Cox regression anal-
ysis were used to explore the prediction of NRGs risk. F Nomogram predicting the probability of patient survival using NRG-related risk 
scores, age, sex, p_staging, and staging. G The calibration curves of the nomogram. H ROC curve of the prognostic model. I Decision curve 
analysis (DCA) of the nomogram
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Fig. 5   Functional enrichment analysis between Risk Types. A Volcano plot of DEGs between high- and low-risk groups. Dotplot showing GO 
terms (B) and KEGG pathways (C) of differentially expressed genes between different risk types. D GSEA results between high-risk and low-
risk groups. E The heatmap shows KEGG pathway analysis of GSVA in two subgroups. F The ssGSEA analysis of the immune cell infiltration 
level in the two subgroups
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Fig. 6   Mutation frequency and immune cell infiltration in ccRCC patients in the TCGA database. Waterfall plot of the top 15 somatic muta-
tion signatures for groups with high (A) and low (B) NRGs risk scores. C TMB between the low- and high-risk subgroups based on NRGS. Cor-
relations between NRG risk score and both Estimate (D), immune (E) and stromal scores (F). MCPcounter (G) and CIBERSORT (H) were used 
to analyze the degree of immune cell infiltration in the two groups (ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.001)
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Fig. 7   Relationship between NRGS risk score and immune response and drug sensitivity. A Correlation analysis of Immune checkpoints and 
NRGS risk score. B Differences in immune checkpoint genes between high- and low-risk groups. C Risk score level between CR/PR and SD/
PD group. D KM curves for high/low risk types of kidney cancer based on the IMvigor210 cohort. IC50 of E Epirubicin, F Docetaxel, G Cyta-
rabine, and H Cisplatin between different NRG risk groups. I The correlation between NRGS risk score and drug sensitivity (AUC values of 
GDSC) examined by the Spearman analysis. J Putative targets or functional pathways of the drugs that are sensitivity to the NRGS risk score 
(ns not significant; **P < 0.01; ****P < 0.001)
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Fig. 8   Identifying the hub gene of NRGS. A The “mgeneSim” function reveals the hub gene UBB in the NRGS. B The boxplot shows the UBB 
expression level among renal cancer, normal tissues and C different tumor stages. D, E K-M plot show the overall and DFS survival possibility 
between high and low level of UBB. F Promoter methylation level of UBB in ccRCC. G, I UMAP and barplot plot show the expression of UBB 
in different cell types. J RT-qPCR demonstrates the overexpression efficiency of UBB. (K&L) CCK8 shows proliferation of RCC after overexpres-
sion of UBB
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