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Background: Colorectal cancer (CRC) is a major cause of cancer deaths globally, mainly due to treatment resistance. Neddylation, 
a key post-translational modification, is linked to tumor growth and immune response, offering potential therapeutic targets, though its 
role in CRC is not well-explored.
Methods: We examined neddylation-related genes (NRGs) across cell subtypes using CRC scRNA-seq data from the TISCH 
database. Unsupervised clustering of TCGA and GEO bulk RNA-seq data identified various neddylation patterns. A neddylation- 
related gene signature (NRGS) was developed using ten machine-learning algorithms and validated externally. The study compared 
biofunctions, including functional analysis, immune cell infiltration, genomic mutations, enrichment analysis, and responses to 
immunotherapy and chemotherapy, between high- and low-risk groups defined by the NRGS model.
Results: scRNA-seq analysis showed that the high neddylation score group had more malignant and diverse immune and stromal 
cells, with activated pathways aiding tumor growth and spread. We identified two neddylation patterns: Cluster A and Cluster 
B. Cluster B, associated with worse survival, had more immunosuppressive cells and increased tumor progression. We developed 
a neddylation-related gene signature (NRGS) using ten machine-learning algorithms, which accurately predicted outcomes. Higher risk 
scores correlated with poorer survival, with AUCs of 0.979, 0.989, and 0.996 for 1-year, 2-year, and 3-year OS in the training cohort. 
The NRGS was linked to higher recurrence or metastasis, advanced disease stage, and independently predicted OS risk. Patients with 
high NRGS may resist immunotherapy and standard chemotherapy.
Conclusion: The NRGS could predict outcomes and responses to immunotherapy and chemotherapy in CRC patients, aiding 
personalized treatment, though further validation is needed.
Keywords: colorectal cancer, CRC, neddylation, machine learning, prognosis, immunotherapy

Introduction
Colorectal cancer (CRC) is a major cause of cancer deaths globally, being the third most diagnosed and second deadliest 
cancer.1 Its poor prognosis is mainly due to treatment resistance. Despite advances in surgery, chemotherapy, and targeted 
therapies, survival rates for advanced CRC remain low.2 Immune checkpoint inhibitors (ICIs) like pembrolizumab and 
nivolumab show promise for metastatic CRC with mismatch-repair deficiency (dMMR) and high microsatellite instabil
ity (MSI-H), offering potential long-term remission for these patients.3 However, treating CRC with low immunogeni
city, such as MSI-L/pMMR tumors, remains challenging. Current research aims to refine patient selection and develop 
new combination strategies to boost the effectiveness of immune checkpoint inhibitors.4 Consequently, more studies are 
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urgently needed to identify biomarkers that predict the success of targeted and immune therapies in CRC and to explore 
their underlying mechanisms.

Neddylation is a post-translational modification where NEDD8 is attached to specific proteins via a three-step 
enzymatic process involving E1, E2, and E3 enzymes.5 It targets cullin and non-cullin proteins, activating cullin 
RING ligases and affecting the stability and function of non-cullin proteins.6 This pathway is often overactive in 
cancers.7–9 Inhibiting neddylation with the NAE inhibitor MLN4924 (pevonedistat) shows strong anticancer effects by 
promoting cell death10–13 and enhancing cancer cell sensitivity to various treatments.14–18

Beyond its impact on cancer cells, neddylation significantly influences the tumor microenvironment (TME) by 
modulating the activities of immune cells, such as macrophages, dendritic cells (DCs), and T cells, as well as cancer- 
associated fibroblasts (CAFs), cancer-associated endothelial cells (CAEs), and various other factors.19,20 The inhibition 
of neddylation results in the upregulation of PD-L1 expression and the suppression of cancer-associated immunity,21 

highlighting neddylation as a promising target for cancer therapy. Moreover, neddylation-related patterns and scores offer 
potential for distinguishing TME characteristics, predicting patient prognosis, and guiding personalized treatment 
strategies in oncology.22,23 However, the specific effects of neddylation and neddylation-related genes (NRGs) on 
CRC remain not well-studied.

Bulk RNA sequencing (RNA-seq) is extensively utilized in translational research to ascertain the average transcript 
expression within heterogeneous cell populations.24 In contrast, single-cell RNA sequencing (scRNA-seq), a more recent 
advancement, evaluates gene expression at the individual cell level, thereby elucidating the distribution of expression 
across various cell subtypes.25 The application of machine learning techniques enhances the analysis of data derived from 
both methodologies, thereby refining insights into diseases such as cancer and facilitating their clinical application.26–28

In this study, we conducted a comprehensive mapping of neddylation-related genes (NRGs) across 16 distinct cell 
types in colorectal cancer (CRC) at the single-cell resolution. We performed an analysis of functional variations in 
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neddylation patterns and employed ten machine learning algorithms to develop a gene signature, referred to as NRGS. 
This signature is designed to predict patient prognosis, characterize the tumor microenvironment, and assess responses to 
immunotherapy and chemotherapy, utilizing bulk RNA sequencing data.

Methods
Data Acquisition
Single-cell transcriptome datasets GSE166555 and GSE139555 were accessed from the Tumor Immune Single-cell Hub 
(TISCH) database (http://tisch.comp-genomics.org/home/). Bulk RNA-seq data were obtained from the UCSC Xena 
browser (https://xenabrowser.net/) and the GEO database (https://www.ncbi.nlm.nih.gov/geo/). The TCGA-COADREAD 
datasets, which include RNA-seq expression matrices, clinical data, and masked annotated somatic mutations, were 
acquired from the UCSC repository. Additionally, the GSE39582 dataset, comprising 566 colorectal cancer (CRC) 
samples, and the GSE17538 dataset, containing 238 CRC samples with corresponding clinical information, were 
downloaded from the GEO database. Neddylation-related genes (NRGs) and gene sets from five pathways (Biocarta, 
Hallmark, KEGG, Reactome, and Wiki Pathways) were compiled from the Molecular Signatures Database (MsigDB, 
https://www.gsea-msigdb.org/gsea/msigdb/).

Single-Cell RNA-Seq Analysis
Two single-cell transcriptomic datasets, GSE166555 and GSE139555, were integrated for subsequent analysis utilizing 
the “Seurat” package,29 which is specifically designed for single-cell RNA sequencing analysis. To address batch effects, 
regularized negative binomial regression was employed. Non-linear dimensionality reduction was performed using 
Uniform Manifold Approximation and Projection (UMAP). Cluster-specific biomarkers were identified using the 
“COSG” package, while differential gene expression for each cell type was determined via the “FindAllMarkers” 
function. Furthermore, hallmark gene enrichment scores were evaluated using single-sample Gene Set Enrichment 
Analysis (ssGSEA) from the “GSVA” package, employing hallmark gene sets sourced from the Molecular Signatures 
Database (MsigDB).

Neddylation Patterns Identified via Unsupervised Clustering
We performed a univariate Cox regression analysis to identify NRGs that significantly impacted overall survival (OS) in 
CRC (p<0.01), utilizing the “survival”, “survminer”, and “ggplot2” packages. Subsequently, we employed the 
“ConsensusClusterPlus” package30 to perform unsupervised consensus clustering on the expression profiles of prognostic 
NRGs. The optimal number of clusters was determined based on the cumulative distribution curve and K-means 
clustering. The robustness of the clustering results was further validated through principal component analysis (PCA).

Signature of Neddylation-Related Genes (NRGS) Obtained Through Integrative 
Machine Learning methods
Based on the Univariate Cox regression analysis with a p-value threshold of <0.05, we identified 52 NRGs with significant 
prognostic value. To develop a robust prognostic NRG signature (NRGS), these biomarkers were subjected to an integrative 
machine learning analysis. This procedure included various algorithms such as random survival forests (RSF), least absolute 
shrinkage and selection operator (LASSO), gradient boosting machine (GBM), survival support vector machine (Survival- 
SVM), supervised principal components (SuperPC), ridge regression, partial least squares regression for Cox (plsRcox), 
CoxBoost, Stepwise Cox, and elastic network (Enet). Notably, RSF, LASSO, CoxBoost, and Stepwise Cox have capabilities 
for dimensionality reduction and variable selection, and they were combined with other algorithms to form multiple machine 
learning algorithm combinations. Similar methodologies have been employed in previous studies.31 The TCGA- 
COADREAD dataset was utilized as the training dataset, while the GSE17538 and GSE39582 datasets served as external 
validation datasets. The concordance index (C-index) for each model across all validation datasets was computed, and the 
model exhibiting the highest average C-index was identified as the optimal model. Following the identification of the optimal 
model, the median risk score derived from the training dataset was employed as the threshold to stratify patients in both the 
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training and validation datasets into high-risk and low-risk groups. Kaplan-Meier survival analysis and the Log rank test were 
conducted on these two groups using the “survival” and “survminer” R packages. Receiver operating characteristic (ROC) 
curves were generated to assess the predictive accuracy of the model.

Gene Set Variation Analysis (GSVA)
The hallmark gene sets associated with neddylation and related pathways were obtained from the MsigDB. The 
enrichment scores of these hallmark genes were assessed using single-sample Gene Set Enrichment Analysis 
(ssGSEA) via the R package “GSVA.”32

Integrated Omics Analysis
The “maftools” package33 was utilized to characterize somatic mutations in genes of CRC patients.

Functional Enrichment Analysis
To explore the potential biological functions of differential expressed genes, Gene Ontology (GO) functions, Kyoto 
Encyclopedia of Genes and Genomes (KEGG) and Reactome pathway enrichment analyses were performed using GSEA 
with R package “clusterProfiler”.34

Immune Infiltration Analysis
The single-sample GSEA (ssGSEA) method was employed with the R package “GSVA” to evaluate immune cell scores. 
Furthermore, the R package “IOBR”35 which integrates eight algorithms (MCPcounter, EPIC, xCell, CIBERSORT, IPS, 
quanTIseq, ESTIMATE, and TIMER), was used to estimate the abundance of immune cells across different risk groups. 
Moreover, we analyzed hub gene expression in immune and non-immune cells within CRC single-cell datasets using the 
TISCH database.

Immunotherapeutic Response Prediction and Drug Sensitivity Analysis
To assess the role of NRGS in predicting the benefits of immunotherapy, we employed the Tumor Immune Dysfunction and 
Exclusion (TIDE) score, accessible via the TIDE website (http://tide.dfci.harvard.edu). Subsequently, we investigated drug 
susceptibility across the two NRGS-defined risk groups by calculating the half-maximal inhibitory concentration (IC50) 
values using the Genomics of Drug Sensitivity in Cancer (GDSC) database (https://www.cancerrxgene.org/) with the 
“oncoPredict” R package.36

Statistical Analysis
Data processing, statistical analyses, and visualization were performed using R software (version 4.2.2). The Pearson 
correlation coefficient was utilized to evaluate the correlation between continuous variables. Chi-square tests were 
applied for comparisons of categorical variables, while Wilcoxon rank-sum tests or T-tests were used for continuous 
variables. The “survminer” package was employed to determine optimal cutoff values. Cox regression and Kaplan-Meier 
analyses were conducted using the “survival” package. Figures were generated with the “ggplot2” package. A p-value of 
less than 0.05 was considered statistically significant (*p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001).

Results
The Allocation of Various Cell Subsets in CRC According to the scRNA-Seq Atlas
We utilized the scRNA-seq datasets (GSE166555 and GSE139555) and selected 14 samples from CRC patients for 
further investigation. Rigorous quality control procedures were implemented, resulting in the acquisition of 43,725 cells 
from the predetermined samples. Through UMAP analysis and hierarchical clustering, we identified 16 distinct cell 
subgroups, including B cells, CD4+ T cells, CD8+ T cells, endothelial cells, epithelial cells, fibroblasts, dendritic cells 
(DC), malignant cells, mast cells, monocytes/macrophages (Mono/Macro), myofibroblasts, natural killer (NK) cells, 
plasma cells, Th17 cells, proliferating T cells (Tprolif), and regulatory T cells (Treg) (Figure 1A). Subsequently, we 
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examined the expression patterns of marker genes across these 16 cell types and presented the top three genes in a heat 
map (Figure 1B). Using the FindAllMarkers function, we identified differentially expressed genes for each of the 16 cell 
types. Figure 1C illustrates the top five up-regulated and down-regulated genes for each cell type. The GSVA R package 
was employed to compute the gene set variation analysis scores for 50 hallmark pathways across the cell types, revealing 
significant enrichment in endothelial, epithelial, fibroblasts, myofibroblasts, DC, Mono/Macro, and malignant cells 
(Figure 1D).

The NRGs Status Across Various Cell Subsets as Determined by the scRNA-Seq Atlas
Utilizing the MSigDB database, a total of 250 neddylation-related genes (NRGs) were identified. Figure 2A illustrates 
the expression patterns of these 250 NRGs across 16 distinct cell types. Gene Set Variation Analysis (GSVA) was 
employed to compute the neddylation gene set scores for each cell type, categorizing them into high-score and low-score 
groups. The results were visualized using Uniform Manifold Approximation and Projection (UMAP) plots (Figure 2B). 
Notably, cell types such as Mono.Macro, DC, NK, malignant, endothelial, fibroblasts, myofibroblasts, and Tprolif 
exhibited relatively higher neddylation scores (Figure 2C). Figure 2D presents the composition of cell types within the 
two groups and across individual samples. Significant differences in cell type composition were observed between the 
high-score and low-score groups. The high-score group demonstrated increased proportions of malignant, Mono.Macro, 
fibroblasts, endothelial, myofibroblasts, DC, NK, Tprolif, and Treg cells, whereas the low-score group contained 

Figure 1 Different cell clustering based on scRNA-seq data of CRC and further analysis. (A) Cluster annotation and 16 cell types identification by means of UMAP. (B) Heat 
map of marker genes for the 16 cell types. (C) Differential expression genes for the 16 cell types. (D) Heat map of the scores of HALLMARK pathways for the 16 cell types. 
scRNA-seq, single cell RNA sequencing; UMAP, Unified Flowform Approximation and Projection.
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relatively higher proportions of CD4 T, B, and CD8 T cells. These findings were further elucidated through linear plots 
and UMAP plots, offering a comprehensive visualization of cell type distribution (Figure 2E and F).

The HALLMARK Pathways Between High-and Low-Score Groups Based on 
scRNA-Seq Atlas
We subsequently conducted an analysis of the differential enrichment of hallmark pathways between groups with high and low 
scores. The findings indicated that nearly all pathways were significantly enriched in the high-score group, including the MYC 
targets pathway, MTORC1 signaling pathway, TGF-beta signaling pathway, KRAS signaling pathway, PI3K-AKT-MTOR 
signaling pathway, DNA repair, and oxidative phosphorylation pathways (Figure 3A). Furthermore, we examined the 
correlation between the neddylation score and hallmark pathways across various cell types. The results demonstrated that 
the neddylation score was positively correlated with almost all pathways in 16 cell types, particularly in endothelial, epithelial, 
fibroblast, dendritic, malignant, mast, monocyte/macrophage, myofibroblast, plasma, and proliferating T cells (Figure 3B). 
The most significant pathways included the MYC targets pathway, MTORC1 signaling pathway, PI3K-AKT-MTOR signaling 
pathway, DNA repair, and oxidative phosphorylation pathways.

Discovery of Various Neddylation Patterns in CRC Using Bulk-RNA Sequencing Data
Subsequently, we conducted a univariate Cox regression analysis on 250 NRGs in CRC samples, which led to the 
identification of 27 NRGs with significant prognostic value (p<0.01) that exhibited inter-correlation (Figure 4A). 
Utilizing a consensus clustering algorithm, optimal clustering was achieved at k=2 (Figure 4B), allowing us to categorize 
the CRC samples into two distinct neddylation patterns, designated as Cluster A (n=701) and Cluster B (n=455). Notably, 
patients in Cluster B demonstrated poorer overall survival compared to those in Cluster A (Figure 4C). Furthermore, 

Figure 2 The status of NRG in different cell subsets based on scRNA-seq atlas. (A) The expression patterns of 250 NRG in 16 cell types. UMAP plots (B) and Box plots (C) 
showed differential NRG scores in 16 cell types. (D) Box plots showed the composition of the 16 cell types in high and low NRG score groups and in each sample. Linear 
plots (E) and UMAP plots (F) providing a comprehensive visualization of the 16 cell types distribution in two NRG score groups.
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there were significant differences in the expression levels of all prognostic NRGs, with the exception of COPS7A, 
between the two clusters (Figure 4D). Specifically, Cluster A exhibited higher expression levels of CISH, CCNF, BIRC5, 
PSME3, PSMB8, FBXW9, PSMA5, BRCA1, PSMA7, PSME1, DCAF7, PSMD3, PSMB10, and PSMB2, whereas 
Cluster B showed elevated expression of SOCS5, KLHL20, CCDC8, FBXL7, WSB1, FEM1B, COPS8, FBXO30, RNF7, 
COPS2, FBXO15, and FBXO32. Subsequently, we generated a heat map to visualize the clinicopathological factors and 
the expression of the 27 prognostic NRGs across the two clusters in CRC patients (Figure 4E). These findings support the 
hypothesis that distinct neddylation patterns are indicative of varying prognoses and clinical characteristics.

The Enrichment of Pathways Between the Two Neddylation Patterns
We subsequently acquired five pathway gene sets from the MSigDB database, specifically Biocarta, Hallmark, KEGG, 
Reactome, and WikiPathways. The R package “GSVA” was employed to score these pathways, and the R package 
“pheatmap” was utilized to generate a heatmap for comparing the two groups. Within the Biocarta pathway, Cluster 
A exhibited enrichment in pathways related to MCM, P27, G2, cell cycle, mitochondrial function, P53, MHC, Fas, and 
TNFR1. Conversely, Cluster B demonstrated enrichment in pathways associated with NK cells, CD40, TCRA, IL-6, 
ERK5, BCR, IL-10, IL-4, IL-3, MET, TCR, CXCR4, IL1R, IGF1, IL-7, PTEN, ECM, ALK, B lymphocytes, CCR5, 
TGF-β, LYM, and monocytes. Regarding the Hallmark pathway, Cluster A was enriched in MYC targets, G2M 
checkpoint, oxidative phosphorylation, DNA repair, and MTORC1 signaling. In contrast, Cluster B was enriched in IL6- 
JAK-STAT3 signaling, apoptosis, IL2-STAT5 signaling, NOTCH signaling, hypoxia, inflammatory response, TNFA 
signaling via NFKB, KRAS signaling, TGF-β signaling, angiogenesis, and EMT. In the context of KEGG pathways, 
Cluster A demonstrated significant enrichment in pathways related to DNA replication, mismatch repair, base excision 
repair, the cell cycle, and oxidative phosphorylation. Conversely, Cluster B exhibited enrichment in pathways associated 
with B cell receptor signaling, chemokine signaling, cytokine-cytokine receptor interactions, MAPK signaling, adherens 
junctions, TGF-β signaling, focal adhesion, and ECM receptor interactions. Regarding Reactome pathways, Cluster 
A was enriched in processes such as DNA replication, mismatch repair, G2-M checkpoints, base excision repair, cell 

Figure 3 The HALLMARK pathways enrichment analysis in two NRG risk score groups based on scRNA-seq atlas. (A) The HALLMARK pathway enrichment between high 
and low NRG score groups. (B) Correlation of NRG score with HALLMARK pathways in 16 cell types. * p<0.05, ** p<0.01, *** p<0.001, **** p<0.0001.
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Figure 4 Identification of two neddylation patterns of CRC based on bulk-RNA sequencing data. (A) The correlation network of 27 NRG with significant prognostic value 
in CRC identified by univariate Cox analysis with p-value <0.01 as the cut off. In the right half, purple denotes a prognostic risk factor, and green signifies a protective factor. 
Circle size reflects the P value magnitude. A line indicates a correlation between related genes with p < 0.05. (B) The optimal number of clusters based on k=2. (C) Kaplan- 
Meier analysis of prognosis between the two patterns. (D and E) Differences in clinical characteristics and prognostic NRG expression between the two patterns. * p<0.05, 
*** p<0.001, ns, not significant.
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cycle checkpoints, G2-M DNA damage checkpoints, stabilization of P53, DNA repair, cellular response to hypoxia, 
regulation of TP53 activity, apoptosis, and MTORC1-mediated signaling. In contrast, Cluster B was enriched in path
ways involving IL-3, IL-5, and GM-CSF signaling, IL-27 signaling, IL-21 signaling, PI3K-AKT signaling in cancer, 
RET signaling, IL-15 signaling, AKT signaling in cancer, and the IL-6 signaling pathway. In the WikiPathway analysis, 
Cluster A exhibited significant enrichment in pathways related to DNA replication, DNA mismatch repair, base excision 
repair, metabolic reprogramming in colon cancer, the cell cycle, and ATM signaling. Conversely, Cluster B demonstrated 
enrichment in pathways associated with TGF-β signaling, B cell receptor signaling, T cell receptor signaling, NOTCH 
signaling, chemokine signaling, IL-3 signaling, Wnt signaling, IL-4 signaling, MAPK signaling, RAS signaling, IL-10 
anti-inflammatory signaling, PI3K-AKT signaling, focal adhesion, TGF-β receptor signaling, CCL18 signaling, and 
angiogenesis. These findings indicate distinct immune activities and proliferative statuses between the two risk groups, 
potentially explaining the observed differences in survival rates (Figure 5).

Figure 5 Pathways enrichment analysis in two neddylation patterns. The pathways enrichment of Biocarta (A), Hallmark (B), KEGG (C), Reactome (D) and wiki pathway 
(E) between the two patterns.
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Analyses of Somatic Mutation in Two Neddylation Patterns
We subsequently examined the differences in genomic mutations associated with the two neddylation patterns. The 
somatic mutation landscape of each CRC sample within the cluster A and B groups was visualized using a waterfall 
diagram. It was observed that the top ten mutant genes in the two subgroups were largely consistent (Figure 6A and B). 
In the cluster A group, the genes with the highest mutation frequencies were APC (61%), TP53 (57%), TTN (50%), 
KRAS (46%), and MUC16 (28%). Similarly, in the cluster B group, the most frequently mutated genes were APC (60%), 
TP53 (55%), KRAS (42%), TTN (40%), and SYNE1 (27%). Regarding the classification of variations, missense 
mutations, nonsense mutations, and multi-hit mutations were the three most prevalent types across all mutations. We 
further analyzed the differential mutant genes between the two groups. Figure 6C illustrates the top ten genes with higher 
mutation frequencies in the cluster A group compared to the cluster B group, namely RIMS1, SPEN, FAT1, FSIP2, 
YTHDC1, ZNF516, MXRA5, ASTN2, PCNT, and PCDHGA6. Additionally, tumor mutational burden (TMB) was 
compared between the two groups, and no significant difference was observed (data not shown).

The Immune Landscapes Differ Between the Two Neddylation Patterns
Principal Component Analysis (PCA) demonstrated that the various subtypes were heterogeneous and potentially 
indicative of differing levels of neddylation modifications (Figure 7A). Furthermore, these findings were corroborated 
using single-sample Gene Set Enrichment Analysis (ssGSEA), revealing that the cluster A group typically exhibited 
a lower abundance of immune cells, including activated B cells, activated dendritic cells, macrophages, mast cells, 
Myeloid-derived suppressor cells (MDSCs), NK cells, NKT cells, regulatory T cells, and type 1 T helper cells 
(Figure 7B). Subsequently, eight algorithms were employed to investigate the variations in the tumor microenvironment 
(TME) status across the two neddylation patterns. The analysis indicated that the cluster A group had lower immune, 
stromal, and ESTIMATE scores, but a higher tumor purity score. This group also showed a relatively low abundance of 

Figure 6 Somatic mutation analysis in two neddylation patterns. (A) The top 10 mutated genes in the cluster A group. (B) The top 10 mutated genes in the cluster B group. 
(C) Differences in mutated genes between the two patterns. ** p<0.01, *** p<0.001.
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infiltrated immune cell types (Figure 7C). In summary, both analytical approaches suggested that cluster A exhibited 
reduced levels of immune infiltration, which may contribute to tumor immune evasion.

Development and Verification of Prognostic Signatures Associated with 
Neddylation-Related Genes (NRGS)
Utilizing a Univariate Cox regression analysis with a p-value threshold of <0.05, we identified 52 NRGs with significant 
prognostic implications, comprising 24 risk-associated genes and 28 protective genes. These 52 potential prognostic 
biomarkers were subsequently subjected to an integrative machine-learning procedure involving 10 previously mentioned 
methods. We computed the average concordance index (C-index) for each algorithm across all cohorts and selected the 
StepCox[both]+RSF algorithm, which exhibited the highest average C-index of 0.71, as the optimal model (Figure 8A). 
Subsequently, we calculated the risk score for each sample within the cohort based on the expression profiles of the 26 
NRGs included in the StepCox[both]+RSF model, namely PLAB2, DCAF7, PSMA5, ASB9, COPS7A, FBXO15, 
COPS8, FBXL16, RNF7, CCDC8, PSMD12, FBXL19, BIRC5, BTRC, PSME1, TRIM40, FBXL7, DCAF5, CCNF, 
CUL4B, NAE1, KLHL21, SOCS3, DCUN1D3, FBXO32, and OBSL1 (Figure 8B). Kaplan-Meier survival analysis for 
overall survival (OS) demonstrated that the high-risk score group exhibited significantly poorer survival outcomes in the 
training cohort (TCGA-CRC) (Figure 8C). Importantly, the area under the receiver operating characteristic (ROC) curve 
(AUC) for 1-year, 2-year, and 3-year OS was 0.981, 0.987, and 0.987, respectively, in the training cohort (Figure 8D). 
Moreover, we showed the changes in AUC at different time points in the training cohort and found that the AUC is all 
close to 1 (Figure 8E). High-score group also had poorer overall survival in the testing cohort (GSE17538 and 
GSE39582) and all combined cohorts (Figure 8F–H).

We also investigated the differences in genomic mutations between the high- and low- risk groups. TP53 (60%), APC 
(53%), KRAS (52%), TTN (45%) and SYNE1 (29%) were the top 5 genes with the highest mutation frequencies in the 
high-risk group (Figure S1A), while APC (61%), TP53 (56%), TTN (46%), KRAS (43%) and SYNE1 (27%) in the low 
risk groups (Figure S1B). Missense mutation, nonsense mutation and multi hit are also the top 3 across all mutation 

Figure 7 Different immune landscapes of two neddylation patterns. (A) PCA in two patterns. (B) Abundance of 23 immune cells based on ssGSEA algorithm in two 
patterns. (C) Eight immune infiltration algorithms exhibit different numbers of immune cells between the two patterns. * p<0.05, ** p<0.01, *** p<0.001, ns, not significant.
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types. Figure S1C showed the top 10 higher mutant genes (ENPEP, DLCK1, DCAF12, GAREML, USP12, SUN2, CD74, 
LYNX1, ADORA3 and GAGNG3) in high-risk group compared with low-risk group.

We utilized the TISCH database to investigate the distribution of the top ten genes (ASB9, CCDC8, COPS7A, 
COPS8, DCAF7, FBXL16, FBXO15, PALB2, PSMA5, and RNF7) associated with the RSF model at the single-cell level 
(Figure S2). Our analysis revealed that the distributions of COPS7A, COPS8, DCAF7, PSMA5, and RNF7 were 
widespread across most detected cell types, particularly in Tprolif cells.

Correlation Between Clinical Features and NRGS
Furthermore, significant differences were observed in the distribution of high and low-score groups concerning recurrence or 
metastasis, stage, and tumor type (Figure 9A–D). Subsequently, we categorized all patients based on various clinical 
characteristics and found that the risk score significantly increased with recurrence or metastasis, advanced stage, and 
COAD (Figure 9A–D). Notably, as illustrated in Figure 9E and F, both univariate and multivariate Cox regression analyses 
demonstrated that the NRGS-based risk score served as an independent risk factor for the overall survival rate of CRC.

Figure 8 A prognostic NRGS developed by machine learning analysis. (A) The C-index of 107 kinds of prognostic models constructed by 10 machine learning algorithms in 
training and testing cohort. (B) Error rate curve of random forest tree model. (C) Kaplan-Meier analysis of different NRGS score in training cohort (TCGA-COADREAD). 
(D) The area under the ROC curve (AUC) for the 1-year, 2-year, and 3-year OS in the training cohort. (E) The changes in AUC value of different time points. Kaplan-Meier 
analysis of different NRGS score in testing cohort (GSE17538) (F), (GSE39582) (G) and in merge cohort (H).
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Functional Enrichment Analysis of NRGS
GSEA was employed to further elucidate the biological functions and signaling pathways associated with NRGS. 
Initially, we examined the genes correlated with the NRGS-based risk score in CRC. Figure 10A and B illustrate the 
top 50 genes demonstrating positive and negative correlations with the risk score, respectively. Regarding GO terms, 
genes related to the NRGS risk score were enriched in processes such as extracellular matrix organization, extracellular 
structure organization, collagen metabolic process, blood vessel development, angiogenesis, negative regulation of tumor 
necrosis factor production, cell-substrate adhesion, cell-matrix adhesion, and negative regulation of tumor necrosis factor 
superfamily cytokine production (Figure 10C). In terms of the KEGG pathways, genes associated with the NRGS risk 
score were enriched in ECM-receptor interaction, phagosome, focal adhesion, cell adhesion molecules, leukocyte 
transendothelial migration, protein digestion and absorption, calcium signaling pathway, and proteoglycans in cancer 
(Figure 10D). For Reactome pathways, NRGS risk score-related genes showed enrichment in extracellular matrix 

Figure 9 Correlation between Clinical Features and NRGS. The differences in risk scores across clinical subgroups, including gender (A), recurrence or metastasis (B), 
stage (C) and tumor type (D). Univariate (E) and multivariate Cox regression analysis (F) illustrated that the NRGS could be used as an independent prognostic factor for 
CRC patients (P< 0.001).
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organization, amplification of signal from the kinetochores, mitotic spindle checkpoint, G2/M checkpoints, and DNA 
strand elongation (Figure 10E).

The TME Status Differ Between the Two NRGS Risk Groups
We employed eight algorithms to investigate the variations in the TME status between high-risk and low-risk groups. The 
findings from the ESTIMATE algorithm indicated that stromal, immune, and ESTIMATE scores were significantly 
elevated in the high-risk group compared to the low-risk group, whereas tumor purity was notably higher in the low-risk 
group. Additionally, cell populations such as activated dendritic cells (aDC), cancer-associated fibroblasts (CAFs), 
central memory CD4+ T cells (CD4-Tcm), conventional dendritic cells (cDC), cytotoxic lymphocytes, dendritic cells 
(DC), endothelial cells, immature dendritic cells (IDC), macrophages, M0 macrophages, M2 macrophages, major 
histocompatibility complex molecules (MHC), monocytes, mesenchymal stem cells (MSC), myeloid dendritic cells, 
neutrophils, and CD8+ T cells were more prevalent in the high-risk group. Conversely, cell types such as CD4+ memory 
T cells, CD4+ naive T cells, immunosuppressive cells (SC), immune checkpoint pathways (IPS), resting natural killer 
(NK) cells, natural killer T (NKT) cells, plasmacytoid dendritic cells (pDC), T helper 1 (Th1) cells, T helper 2 (Th2) 
cells, and azurophilic granules (AZ) were more predominant in the low-risk group (Figure 11A).

Subsequently, we conducted an analysis of the differential expression levels of chemokines and their receptors, 
interleukins and their receptors, interferons and their receptors, as well as other cytokines between high- and low-risk 
groups. Regarding chemokines and their receptors, the expression levels of CCL5, CCL8, CCL17, CCL18, CCL21, 
CCL22, CCR1, CCR2, CCR5, CCR10, CXCL12, CXCL16, and CXCR4 were elevated in the high-risk group, whereas 
CCL20, CCL28, CCR6, and CXCL11 exhibited higher expression in the low-risk group. In terms of interleukins and 

Figure 10 Functional Enrichment Analysis of NRGS. (A) The top 50 genes positively correlated with NRGS score. (B) The top 50 genes negatively correlated with NRGS 
score. (C) GO functional enrichment analysis of NRGS score related genes. (D) KEGG pathway enrichment analysis of NRGS score related genes. (E) Reactome pathway 
enrichment analysis of NRGS score related genes.

https://doi.org/10.2147/ITT.S532644                                                                                                                                                                                                                                                                                                                                                                                                                                                                    ImmunoTargets and Therapy 2025:14 944

Yang et al                                                                                                                                                                            

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Figure 11 Correlation between immune microenvironment and NRGS in CRC. (A) The correlation between NRGS and the immune cell infiltration is based on eight 
algorithms. (B) The expression of chemokines and receptors, interieuknes and receptors, interferons and receptors, and other cytokines in CRC patients with different 
NRGS scores. * p<0.05, ** p<0.01, *** p<0.001.
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their receptors, IL1R1, IL1R2, IL4R, IL6, IL10, IL10RA, IL10RB, IL11, IL17B, IL17D, and IL21R showed increased 
expression in the high-risk group, while IL1A, IL5, IL12A, and IL26 were more highly expressed in the low-risk group. 
For interferons and their receptors, IFNAR2 and IFNGR2 were more highly expressed in the high-risk group. Among 
other cytokines, CSF1, CSF2RB, PDGFC, PDGFD, PDGFRA, PDGFRB, TGFB3, TGFBR1, TGFBR2, TNF, VEGFB, 
VEGFC, and EPOR exhibited higher expression levels in the high-risk group, with EGF being the only cytokine with 
elevated expression in the low-risk group (Figure 11B).

Analysis of Predicted Responses to Immunotherapy of NRGS
We assessed the Tumour Immune Dysfunction and Exclusion (TIDE) scores of CRC patients using the TIDE database. 
Our analysis revealed that the high-risk group exhibited significantly higher TIDE scores (Figure 12A). Bar plots 

Figure 12 Prediction of immunotherapy effects of NRGS in CRC. (A) The TIDE score in high- and low-risk groups. (B) The immunotherapy response rate in high- and low- 
risk groups. The T-cell exclusion score (C) and T-cell dysfunction score (D) in high- and low-risk groups.
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depicting the distribution of responders and non-responders within both high- and low-risk groups indicated that 75% of 
individuals in the high-risk group were non-responders, while 25% were responders. In contrast, the low-risk group 
comprised 51% non-responders and 49% responders (Figure 12B). Furthermore, the high-risk group demonstrated an 
increased propensity for tumour immune exclusion (Figure 12C) and dysfunction (Figure 12D).

Drug Sensitivity of NRGS
Subsequently, the oncoPredict algorithm was employed to estimate the IC50 values, facilitating the prediction of 
differential chemotherapy responses between high-risk and low-risk patient groups. A significant variance in the 
sensitivity to numerous chemotherapeutic agents was observed between these groups. Specifically, the results indicated 
that patients in the high-risk group exhibited lower sensitivity to oxaliplatin (p<0.0001), 5-Fluorouracil (p<0.01), KRAS 
G12C inhibitor (p<0.0001), sorafenib (p<0.0001), trametinib (p<0.05), dabrafenib (p<0.01), afatinib (p<0.0001), cispla
tin (p<0.05), and crizotinib (p<0.001) compared to those in the low-risk group, as illustrated in Figure 13.

Figure 13 Prediction of drug sensitivity of NRGS in CRC. The Y-axis showed the IC50 value, which was negatively correlated with drug sensitivity. *p<0.05, ** p<0.01, 
****p < 0.0001.
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Discussion
Patients with advanced metastatic colorectal cancer (mCRC) frequently miss the opportunity for surgical intervention, 
rendering pharmacological treatment the primary therapeutic strategy. In recent years, immune checkpoint inhibitors 
(ICIs) have demonstrated remarkable and sustained survival benefits in a limited subset of patients characterized by high 
immunogenicity, specifically those with microsatellite instability-high (MSI-H) or mismatch repair-deficient (dMMR) 
tumors.3 Conversely, the majority of colorectal cancer (CRC) patients exhibit low immunogenicity, such as microsatellite 
instability-low (MSI-L) or proficient mismatch repair (pMMR), and consequently show resistance to ICIs. Furthermore, 
numerous studies have sought to identify several distinct CRC subtypes to predict the prognosis and efficacy of ICIs 
treatment, including those classified by the Consensual Molecular Subtype (CMS) classification, as well as mutations in 
DNA polymerase D1 (POLD1) or DNA polymerase E (POLE), and Lynch syndrome (LS), among others.4 Therefore, 
there remains a critical and unmet need to identify molecular subtypes or biomarkers that can enhance the selection of 
patients likely to respond to specific treatments. Neddylation, a post-translational modification, is frequently hyperactive 
in cancer and significantly impacts the tumor microenvironment (TME) by modulating immune cell activities, position
ing it as a promising target for cancer therapy.19,20 However, systematic investigations into neddylation-related genes 
(NRGs) in CRC are currently lacking. Therefore, we conducted a systematic analysis of NRGs in CRC to elucidate their 
potential roles in tumor progression, prognosis, the TME and treatment responses. This was achieved through the 
characterization of the single-cell landscape and the integration of bulk transcriptome data.

Initially, we integrated single-cell data from the GSE166555 and GSE139555 cohorts to analyze cellular heterogeneity in 
CRC. Our analysis indicated that the group with a high neddylation score exhibited increased proportions of malignant cells, 
monocytes/macrophages, fibroblasts, endothelial cells, myofibroblasts, DC cells, NK cells, and Tprolif cells, all of which are 
essential components of the tumor microenvironment (TME). These TME components are instrumental in facilitating in 
tumor progression, and targeting these cells could be crucial in influencing tumor outcomes. Notably, Tprolif cells exhibited 
the highest neddylation scores and were characterized by elevated expression levels of immunological exhaustion markers, 
including PDCD1, HAVCR2, CTLA4, LAG3, and TIGIT.37 Importantly, an increasing body of research underscores the 
significant role of neddylation in regulating the TME.19,20 These findings suggest that neddylation may significantly influence 
tumor-stroma interactions in CRC.38

In a subsequent analysis, we identified 27 neddylation-related genes (NRGs) with significant prognostic value 
(p<0.01) through univariate Cox regression analysis. Employing a consensus clustering algorithm, we further delineated 
two distinct neddylation patterns, termed Cluster A and Cluster B. Notably, differential expression was observed in all 
prognostic NRGs, with the exception of COPS7A, between these two clusters. Cluster B was associated with a poorer 
prognosis. Single-sample Gene Set Enrichment Analysis (ssGSEA) indicated that Cluster B exhibited a higher abundance 
of immune cells, including B cells, T cells, and natural killer (NK) cells. However, it also exhibited an increased presence 
of cells functioning as immunosuppressive regulators in cancer, such as myeloid-derived suppressor cells (MDSCs),39 

regulatory T cells (Tregs),40 natural killer T (NKT) cells,41 and tumor-associated macrophages (TAMs).42–44 

Interestingly, Treg cells have been observed to enhance TAM activity, thereby inducing a suppressive TME through 
the inhibition of CD8+ T cells.45 This cellular composition may contribute to a more aggressive cancer phenotype and 
a less favorable prognosis for patients. Additionally, Cluster B demonstrated a significant enrichment in several signaling 
pathways, including TGF-β, IL6-JAK-STAT3, PI3K-AKT, NOTCH, MAPK, RAS, and angiogenesis pathways. 
Extensive research has established that the aberrant activation of these pathways plays a pivotal role in the proliferation, 
migration, and invasion of CRC, thus altering the TME and contributing to a poorer prognosis.46–51 Notably, neddylation 
is crucial in modulating the TME by influencing various signaling pathways, such as TGF-β, PI3K-AKT-mTOR, and 
EGFR pathways.52 These findings suggest that neddylation may facilitate tumor growth and metastasis by modulating the 
TME through the regulation of numerous signaling pathways in CRC.

To improve the accuracy of risk stratification in CRC patients, a neddylation-related gene signature (NRGS) was 
developed. This signature demonstrated high predictive accuracy, with patients exhibiting higher risk scores experiencing 
significantly poorer outcomes across the training, validation, and combined cohorts. The area under the curve (AUC) for 
1-year, 2-year, and 3-year overall survival (OS) in the training cohort was 0.979, 0.989, and 0.996, respectively. The NRGS- 
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based risk score was associated with an increased likelihood of recurrence or metastasis, more advanced disease stages, and 
functioned as an independent prognostic factor for overall survival (OS) in CRC. Genetic mutation analysis indicated that 
patients with elevated risk scores exhibited a higher mutation frequency compared to those with lower risk scores, suggesting 
that an increase in genetic mutations may lead to cellular physiological dysfunction and promote tumor metastasis. Notably, 
the group characterized by elevated NRGS demonstrated a higher prevalence of immunosuppressive cells, including myeloid- 
derived suppressor cells (MDSCs), mesenchymal stem cells (MSCs), and M2-tumor-associated macrophages (TAMs). 
Furthermore, this group exhibited an upregulation of chemokines and their corresponding receptors. The intricate interactions 
among dysregulated cytokines, chemokines, growth factors, and matrix-remodeling enzymes play a critical role in to the 
pathogenesis of CRC and elicit systemic responses that influence disease outcomes.53 The upregulation of CCR/CCL5 
expression has been correlated with the infiltration of immune cells that are associated with poor prognosis, including 
regulatory T cells (Tregs), M1 and M2 macrophages, myeloid-derived suppressor cells, and cancer-associated fibroblasts.54 

Additionally, increased CCR/CCL5 expression levels are associated with a wide array of immunosuppressive proteins, such as 
PD-1, PD-L1, PD-L2, CTLA4, CD80, CD86, TIM3, IDO1, LAG3, and IFN-γ, suggesting potential mechanisms by which 
CRC circumvents anti-cancer immune responses.54 Macrophage-derived CCL5 facilitates the immune evasion of colorectal 
cancer cells via the p65/STAT3-CSN5-PD-L1 pathway.55 Moreover, the neddylation pathway enhances CCL2 transactivation 
and tumor-associated macrophage (TAM) infiltration,56 which are critical for tumor immunosuppression, thereby creating 
a microenvironment that supports to cancer development and progression.

Significantly, the cohort exhibiting elevated NRGS demonstrated a low IPS score, a low TIDE score, and increased scores 
for tumor immune exclusion and dysfunction. The IPS has been identified as a superior predictor of response to anti-CTLA4 
and anti-PD1 antibodies, with a low IPS score suggesting a diminished response to immunotherapy.57 Conversely, a low TIDE 
score indicates a reduced likelihood of immune escape and an enhanced response to immunotherapy.58,59 Furthermore, the 
high NRGS group exhibited resistance to standard colorectal cancer therapies, including oxaliplatin, 5-Fluorouracil, KRAS 
G12C inhibitors, and sorafenib. Therefore, this signature could help clinicians identify patient subgroups for tailored 
immunotherapy and chemotherapy, but larger patient groups are needed for validation.

Limitations of the Study
This study represents the inaugural effort to identify prognostically significant neddylation-related genes in colorectal 
cancer (CRC) through the utilization of scRNA-seq and bulk RNA sequencing data. Nonetheless, several limitations are 
evident: firstly, the sample size for scRNA-seq was insufficient, and there was notable heterogeneity between scRNA-seq 
and bulk RNA-seq data. Secondly, although the Neddylation-Related Gene Signature (NRGS) demonstrated efficacy in 
predicting prognosis in CRC patients, further validation with larger and more diverse clinical samples is necessary to 
enhance the reliability of the model’s predictive capacity. Additionally, the study’s reliance on public databases without 
the inclusion of clinical samples, the absence of validation of gene expression in CRC tissues, and the lack of cellular or 
animal experiments to evaluate the genes’ impact on CRC behavior, constitute significant limitations. Consequently, 
further research is warranted to elucidate the roles and mechanisms of these genes in CRC progression. Despite these 
constraints, the identified markers provide valuable guidance for future investigations and hold potential for informing 
novel therapeutic targets and clinical strategies for CRC.

Conclusion
This study conducted a comprehensive investigation into the roles of neddylation-related genes (NRGs) in the progres
sion of colorectal cancer (CRC), as well as their impact on responses to immunotherapy and chemotherapy. Our results 
indicated that patients with a high neddylation score exhibited a greater presence of malignant cells and diverse immune 
cell populations, alongside activation of critical pathways associated with tumor proliferation and immune evasion. We 
developed a neddylation-related gene signature (NRGS), which effectively characterizes the immunological landscape of 
CRC patients and provides a reliable prognostic tool. This signature can aid clinicians in identifying specific patient 
subgroups that may derive benefit from tailored immunotherapy and chemotherapy regimens. Future research should 
prioritize the validation of these findings in larger patient cohorts and investigate the therapeutic potential of targeting 
NRGs in the treatment of CRC.
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