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Abstract
Colon cancer (CRC) demonstrates significant heterogeneity, and identifying effective biomarkers can advance the devel-
opment of precision therapies. Emerging evidence implicates SUMOylation-regulated genes as pivotal regulators of 
cancer-associated pathways, yet their prognostic potential and therapeutic implications in CRC remain unexplored. A 
comprehensive analysis of SUMOylation-regulated gene expression, clinical and prognostic value in CRC was performed 
using transcriptomic data from TCGA-COAD and GEO datasets. We identified 46 differentially expressed SUMOylation-
regulated genes (33 upregulated, 13 downregulated) in CRC tumors versus normal tissues. Unsupervised clustering 
based on 216 SUMOylation-related genes stratified CRC patients into two distinct subtypes: SUMO Cluster 1 (aggres-
sive phenotype, poor prognosis) and SUMO Cluster 2 (favorable prognosis). Cluster 1 exhibited advanced tumor stages 
(N-stage, p < 0.05) and may present an immunosuppressive microenvironment marked by reduced HLA/immune check-
point gene expression, while Cluster 2 showed enhanced anti-tumor immunity (activated dendritic cells, γδ T cells). A 
five-gene SUMOylation-based prognostic signature (MC1R, LRRC4C, SAGE1, GJB6, HOXC5) was developed, and patients 
were divided into high Riskscore and low Riskscore groups with significant survival differences (log-rank p < 0.05). The 
nomogram integrating risk score, age, and stage demonstrated robust predictive accuracy (C-index = 0.763, AUC = 0.728–
0.785). Nomoscore-high patients exhibited resistance to AMG.706 and ABT.888, suggesting therapeutic vulnerabilities. 
These findings highlight SUMOylation plays a critical role in CRC heterogeneity, immune modulation, and prognosis, 
offering a novel biomarker system for risk stratification and personalized therapy.
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1  Introduction

Colon cancer (CRC) is a major global health challenge, ranking third in diagnosed cancers and second in terms of 
cancer mortality. In 2020, more than 555,477 new cases and 286,162 deaths were reported by the CRC. Both inci-
dence and mortality rates for CRC have shown persistent growth over the last few decades [1]. In China, individuals 
diagnosed with CRC have a 5-year survival rate of approximately 62%, highlighting the importance of improving 
early detection, treatment, and public health efforts [2]. Over the past few years, immunotherapy has been increas-
ingly utilized as a treatment for colon cancer, and NCCN guidelines recommend its use in patients with Microsatellite 
Instability (MSI-H) or Mismatch Repair (dMMR). Nevertheless, this cohort constitutes merely 5% of the total patient 
population. Hence, the identification of new prognostic biomarkers and the exploration of alternative therapeutic 
targets are imperative [3, 4].

Post-translational modifications (PTMs) are covalent modifications that alter the structure and function of proteins 
after they are synthesized. These modifications involve forming or breaking covalent bonds on the protein backbone 
or amino acid side chains. These modifications can significantly influence protein activity, stability, subcellular locali-
zation, and overall functionality. Owing to their close association with disease mechanisms, PTMs hold great potential 
as therapeutic targets for disease diagnosis, treatment, and intervention [5]. SUMO (Small Ubiquitin-like Modifier) 
is a type of PTM analogous to ubiquitination, but it involves the conjugation of SUMO proteins to target substrates.

SUMOylation involves covalent attachment of evolutionarily conserved ~ 12 kDa polypeptides (structurally analo-
gous to ubiquitin) to target lysine residues. The human genome encodes three canonical paralogs (SUMO1-3) and the 
less characterized SUMO4, all phylogenetically conserved across vertebrates. Pathological SUMOylation dysregula-
tion manifests as either hyperconjugation or hypoconjugation, contributing to oncogenic signaling rewiring and 
proteotoxic stress in malignancies. SUMO modification regulates cellular processes, including protein localization, 
interactions, and activity. It plays a critical role in various diseases, such as cancer and neurodegenerative disorders, 
and represents a potential therapeutic target for treatment [6].

Numerous clinical studies have revealed that proteins associated with SUMOylation are markedly overexpressed in 
solid tumor tissues and are closely linked to tumor progression [7, 8]. Recent research highlights the role of SUMOyla-
tion in influencing the tumor microenvironment, particularly in modulating immune responses such as macrophage 
activation and CD8 + T cell infiltration. Its impact on the immune microenvironment in bladder and prostate cancers 
presents a promising opportunity to improve the efficacy of immunotherapy [9, 10]. However, the interplay between 
SUMOylation, CRC progression, and immune-related characteristics remains insufficiently elucidated.

In this study, we investigated the correlation between the expression of SUMOylation-regulated genes and the 
progression of CRC, providing valuable data for the development of personalized treatment strategies.

2 � Materials and methods

2.1 � Data source and processing

Transcriptomic profiles and clinically annotated metadata for colon adenocarcinoma (COAD) were retrieved from 
The Cancer Genome Atlas (TCGA) portal. The dataset comprised 480 tumor specimens alongside 41 matched normal 
tissues, with 427 cases having complete demographic and clinicopathological variables (including survival status, 
age, gender, TNM staging, and smoking history) for subsequent analyses.

2.2 � Identification of differentially expressed SUMOylation genes

216 SUMOylation-regulated genes were identified from the MsigDB database (http://​www.​broad​insti​tute.​org/​gsea/​
msigdb/​index.​jsp) (Table S1). The"limma"package” [11] (https://​bioco​nduct​or.​org/​packa​ges/​relea​se/​bioc/​html/​limma.​
html) was used to identify differentially expressed genes (DEGs) between tumor and normal tissues, with criteria set 
at |log2(Fold Change)|> 1 and FDR < 0.05. Gene expression differences were visualized using heatmaps and volcano 
plots generated by the"heatmap"package (https://​cran.r-​proje​ct.​org/​web/​packa​ges/​tidyH​eatmap/​vigne​ttes/​intro​

http://www.broadinstitute.org/gsea/msigdb/index.jsp
http://www.broadinstitute.org/gsea/msigdb/index.jsp
https://bioconductor.org/packages/release/bioc/html/limma.html
https://bioconductor.org/packages/release/bioc/html/limma.html
https://cran.r-project.org/web/packages/tidyHeatmap/vignettes/introduction.html
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ducti​on.​html). Following the identification of DEGs through intersection analysis, univariate Cox regression was 
employed to select those DEGs associated with prognosis, considering p < 0.05 as statistically significant.

2.3 � Immune infiltration analysis

The evaluation of immune cell infiltration was conducted through dual algorithmic validation: the CIBERSORT platform 
(https://​github.​com/​topics/​ciber​sort) and single-sample gene set enrichment analysis (ssGSEA) within the"GSVA"package 
[12]. Correlation between risk scores and immunophenotypic infiltration features was established using a multi-dimen-
sional bioinformatics workflow integrating data restructuring tools (reshape2), visualization systems (ggplot2, v3.4.4), 
and statistical plotting extensions (ggpubr v0.6.0, https://​cran.r-​proje​ct.​org/​web/​packa​ges/​ggpubr/​index.​html).

2.4 � Unsupervised consensus clustering identified of SUMOylation patterns

The SUMOylation regulatory gene set was curated through molecular signatures from the MSigDB database, yielding 216 
genes. To delineate SUMOylation-driven molecular cluster, we implemented an ensemble-based classification framework 
via the"ConsensusClusterPlus package"(v1.70.0, https://​cran.r-​proje​ct.​org/) [13], with transcriptomic inputs normalized 
using variance-stabilizing transformation.

The clustering architecture was configured as follows: Partitioning method: k-means centroid optimization (k = 2); Dis-
tance metric: Euclidean pairwise dissimilarity matrix; Resampling control: 80% subsampling rate with fixed seed (123,456) 
for reproducibility. Cluster stability was rigorously assessed through: Cumulative distribution function (CDF): Optimal k = 
2 determined by delta area threshold > 0.15; Multidimensional validation: Principal component analysis (PCA) using 95% 
variance-explained components. SUMOylation pathway activity was quantified via Gene Set Variation Analysis (GSVA) 
with the"SUMOylation_Process"gene set. The analysis of DEGs was carried out in the same manner as described above.

2.5 � Independent prognostic factors and nomogram construction

2.5.1 � Establishment of Riskscore model

TCGA-COAD samples were randomly divided into training and testing sets in a 7:3 ratio. The GSE39582 dataset (N = 562) 
from GEO served as an external validation set. The training set supported model development while both testing and 
validation sets were used for validation. All datasets were normalized for consistency.

In the training set: We first utilized univariate Cox regression to identify differentially expressed genes with prognos-
tic significance (p < 0.05) between SUMO Cluster 1 and SUMO Cluster 2. Potential genes were further refined using the 
Least Absolute Shrinkage and Selection Operator (LASSO) method, implemented with the R package"glmnet"(v4.1–6, 
https://​cran.r-​proje​ct.​org/​src/​contr​ib/​Archi​ve/​glmnet/) [14] retaining those with non-zero coefficients. A risk score model 
was then constructed by weighting the expression levels of these selected genes with their corresponding coefficients 
derived from multivariate Cox regression. The risk score was calculated using the following formula:

βgene represents the LASSO regression coefficient of the gene, and Expgene indicates the relative expression level of the gene 
in the training set.

To enhance clinical applications, patients were divided into two groups, namely high-risk and low-risk, using the 
median risk score as the threshold. Survival analysis was performed with the R package"survival"(https://​cran.r-​
proje​ct.​org/​web/​packa​ges/​survi​val/​index.​html) to evaluate prognostic differences between the groups. The R 
package"survivalROC"(version 1.0.2, https://​cran.r-​proje​ct.​org/​src/​contr​ib/​Archi​ve/​survi​valROC) was utilized to create 
ROC curves and compute AUC values for 1, 3, and 5 years. To confirm the model’s reliability, the TCGA test set and the 
GEO external validation set were computed using identical regression coefficients based on the risk score formula.

2.5.2 � Nomogram construction

Cox regression analyses, including univariate and multivariate, were used to assess independent prognostic fac-
tors, incorporating clinical data from TCGA tumor samples and the previously obtained RiskScore. The predictive 

Riskscore =

∑

�gene × Expgene

https://cran.r-project.org/web/packages/tidyHeatmap/vignettes/introduction.html
https://github.com/topics/cibersort
https://cran.r-project.org/web/packages/ggpubr/index.html
https://cran.r-project.org/
https://cran.r-project.org/src/contrib/Archive/glmnet/
https://cran.r-project.org/web/packages/survival/index.html
https://cran.r-project.org/web/packages/survival/index.html
https://cran.r-project.org/src/contrib/Archive/survivalROC
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performance of the Riskscore was compared with various clinicopathological factors by generating receiver operat-
ing characteristic (ROC) curves.

2.6 � Prediction of drug susceptibility

Pharmacodynamic responsiveness to 129 antineoplastic compounds was computationally predicted using the 
Genomics of Drug Sensitivity in Cancer (GDSC) resource. Drug sensitivity profiling was implemented via the “pRRo-
phetic” package to estimate half-maximal inhibitory concentrations (IC 50) [15].

2.7 � Statistical analysis

Statistical analyses were performed with R software (v4.2.1) using a significance threshold of p < 0.05. For continuous 
variables, parametric (Student’s t-test) and non-parametric (Wilcoxon rank-sum test) tests were applied, whereas 
Pearson’s chi-square test was used for categorical variable comparisons. A schematic representation of the analytical 
workflow is depicted in Fig. 1.

Fig. 1   The workflow of this study



Vol.:(0123456789)

Discover Oncology          (2025) 16:837  | https://doi.org/10.1007/s12672-025-02614-z 
	 Analysis

3 � Results

3.1 � Expression analysis of SUMOylation‑regulated genes in colon cancer

We utilized the TCGA-COAD dataset to analyze 216 SUMOylation-regulated genes identified from the MsigDB database 
(Table S1), comparing tumor tissues to normal tissues in CRC.

Differential expression analysis revealed 46 genes exhibiting significant differences in expression levels between tumor 
and normal tissues (FDR < 0.05, |log2 FC|> 1). Specifically, 33 genes were upregulated in tumor tissues, while 13 genes 
were downregulated (Fig. 2A) (Table S2). Additionally, a heatmap displayed the expression profiles of these 46 genes 
(Fig. 2B), and we conducted an expression correlation analysis for the differentially expressed SUMOylation-regulated 
genes in CRC tumor samples (Fig. 2C).

3.2 � Identification of different SUMOylation patterns in colon cancer

To explore the expression patterns of SUMOylation in CRC patients, we analyzed clinical data from 427 samples with 
survival information in the TCGA database using unsupervised consensus clustering based on a set of 216 SUMOylation 
regulatory genes. We employed the cumulative distribution function (CDF) curve alongside a scree plot to assess the 
validity of the clustering, (Fig. 2D, Supplement Fig. 1 A, B). Our analysis determined that the optimal number of clusters 
was 2 (K = 2), leading to the classification of patients into two distinct groups: SUMO Cluster 1, comprising 221 cases, 
and SUMO Cluster 2, which included 206 cases.

We calculated the enrichment scores of the SUMOylation-regulated gene sets using the GSVA algorithm to validate 
the distinction between the identified clusters. A subsequent t-test comparison between SUMO Clusters 1 and 2 revealed 
significant differences (Fig. 2E).

Fig. 2   Identification of SUMOylation regulatory subtypes in colon cancer. A Volcano plot showing differential gene expression of SUMOyla-
tion regulatory genes. B Heatmap of differential gene expression of SUMOylation regulatory genes. C Correlation between differential 
SUMOylation regulatory genes. D Unsupervised clustering results based on SUMOylation regulatory genes (Pam Pearson k = 2). E Compari-
son of enrichment scores of SUMOylation regulatory gene sets between different subtypes. F Kaplan–Meier curves showing prognosis cor-
relation between molecular subtypes of SUMOylation regulatory genes
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The prognostic differences between SUMO Cluster 1 and SUMO Cluster 2 were assessed utilizing Kaplan–Meier survival 
analysis. As illustrated in Fig. 2F, SUMO Cluster 1 exhibited a significantly poorer prognosis compared to Cluster 2. (p = 0.009).

3.3 � Clinical correlation analysis between two different SUMOylation patterns

Moreover, we conducted a comparative analysis of the distribution of various clinical characteristics among CRC patients. 
Two SUMOylation patterns showed statistically significant differences in tumor stage (p < 0.01, Supplement Fig. 2 A), with 
SUMO Cluster 1 having 32.7% of patients in stage II and 37.4% in stage III, while SUMO Cluster 2 showed higher proportions 
of stage II patients at 45.5% and a lower representation of stage III patients at 21.8%. Further analysis of the TNM staging sys-
tem indicated that only the N stage exhibited significant differences between the subtypes (p < 0.001, Supplement Fig. 2B), 
while no significant discrepancies were noted in the T and M stages (Supplement Fig. 2 C, D). Additionally, age and gender 
distributions were found to be comparable across both subtypes (Supplement Fig. 2E, F).

3.4 � Gene expression differences between SUMOylation patterns

Differential gene expression analysis was conducted to compare SUMO Cluster 1 and Cluster 2. The analysis revealed that, 
relative to Cluster 1, Cluster 2 demonstrated a significant upregulation of 48 genes and a significant downregulation of 412 
genes. (Supplement Fig. 3 A).

Furthermore, the Wilcoxon test was utilized to compare the expression data of immune checkpoint genes and HLA family 
genes across the two distinct SUMOylation patterns. The analysis identified significant differential expression in 16 immune 
checkpoint genes, such as TNFSF14, TNFRSF8, TNFRSF4, TNFRSF25, and TNFRSF14, as well as in seven genes from the HLA 
family, including HLA-G, HLA-E, HLA-DQB2, and HLA-DPB1 (p < 0.05) (Supplement Fig. 3B, C).

3.5 � Comparison of immune microenvironment between SUMOylation patterns

To investigate the impact of SUMOylation on the CRC immune microenvironment, we used CIBERSORT to analyze immune 
cell infiltration. The analysis revealed that the infiltration of neutrophils, eosinophils, activated dendritic cells, resting dendritic 
cells, γδ T cells, activated CD4 memory T cells, and resting CD4 memory T cells was significantly higher in the SUMO-Cluster 
2 compared to SUMO-Cluster 1. Conversely, the SUMO-Cluster 1 group exhibited significantly increased infiltration of M0 
macrophages and Treg cells (Supplement Fig. 4 A).

To delineate immune heterogeneity between the SUMO-cluster subtypes, we implemented ssGSEA quantifying 23 leu-
kocyte subsets via Wilcoxon rank-sum testing. SUMO-Cluster2, exhibiting significant enrichment of γδT cells, CD4 + effector 
memory T lymphocytes, memory B cells, immature dendritic cells, and type II helper T cells. Comparatively, SUMO-Cluster1 
demonstrated a pronounced accumulation of myeloid-derived suppressor cells, CD56 dim natural killer cells, and activated 
B cell compartments (p < 0.05) (Supplement Fig. 4B).

3.6 � Prognostic significance of the riskscore model

To evaluate the prognostic value of SUMOylation patterns in CRC and to develop a personalized prognostic model for indi-
vidual patients, we initially conducted univariate Cox regression analysis using 70% of the samples from the TCGA COAD 
database as the training cohort to identify genes with significant prognostic relevance. This analysis identified 20 prognosis-
related genes from the differentially expressed genes of SUMO Cluster 1 and Cluster 2 (Fig. 3A). Next, we applied LASSO 
regression to select the best variables, narrowing it down to 8 prognosis-associated genes (Fig. 3B, C). Finally, multivariate 
Cox regression analysis identified 5 key genes linked to prognosis: MC1R, LRRC4 C, SAGE1, GJB6, and HOXC5. These genes 
were used to construct a SUMOylation-based prognostic signature model (Riskscore model) (Fig. 3D). The risk score calcula-
tion formula was set as follows:

Patients with Riskscore above the median experienced significantly worse survival outcomes compared to their lower-
scoring counterparts (p < 0.05) (Fig. 4A). The AUC values for predicting 1-year, 3-year, and 5-year survival rates were 0.693, 
0.695, and 0.689, respectively (Fig. 4D).

Riskscore = MC1R × 0.304907298 + LRRC4C × 0.231643319 + SAGE1 × 0.225151075

+ GJB6 × 0.34961565 + HOXC5 × 0.14103721
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Fig. 3   Gene selection for the 
riskscore prognostic model. 
A Univariate Cox regres-
sion analysis of differentially 
expressed genes between 
subtypes. B LASSO selection 
of prognostic-related genes. 
LASSO Regression analysis. C 
LASSO Coefficient distribu-
tion map-LASSO coefficient 
distribution of all variables. D 
Multivariate Cox regression 
analysis
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Fig. 4   Correlation analysis between riskscore and prognosis. Kaplan–Meier curves in (A) TCGA training set; B TCGA testing set; C GEO exter-
nal validation set and ROC curve in D TCGA training set; E TCGA testing set; F GEO external validation set
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The prognostic accuracy of the Riskscore model was validated in both a TCGA test cohort (30% of TCGA-COAD) and 
an independent GEO validation cohort. Results consistently demonstrated a significantly worse prognosis for the high-
Riskscore group compared to the low-Riskscore group (p < 0.05) (Fig. 4B, C). The predictive accuracy of the Riskscore 
model was assessed by calculating AUC values for 1-, 3-, and 5-year survival. In the TCGA test cohort (Fig. 4E), AUCs were 
0.658, 0.629, and 0.785, respectively. The GEO validation cohort (Fig. 4F) yielded AUCs of 0.622, 0.626, and 0.603.

3.7 � Construction and validation of a nomogram

Univariate Cox regression analysis demonstrated that the risk score, along with age, stage, and TNM classification (AJCC_T, 
AJCC_N, and AJCC_M stages), were independent prognostic factors (Fig. 5A). Multivariate Cox regression analysis con-
firmed that the risk score, age, and stage were independent prognostic factors (p < 0.05) (Fig. 5B). A nomogram incorpo-
rating the risk score, age, and stage was developed, demonstrating good performance with a C-index of 0.763 (Fig. 5C).

Based on this nomogram, we calculated the clinical risk scores (Nomoscore) for TCGA COAD tumor samples. The median 
Nomoscore served as a threshold to categorize samples into the Nomoscore-high group (Nomoscore > median) and 
Nomoscore-low group (Nomoscore ≤ median). A comparison of the prognostic outcomes revealed that patients in the 
Nomoscore-high group had a significantly worse prognosis than those in the Nomoscore-low group (p < 0.0001) (Fig. 6A).

The model’s performance was further assessed using time-dependent ROC curves, with AUC values of 0.774, 0.785, and 
0.728 for predicting 1-year, 3-year, and 5-year survival, respectively. (Fig. 6B). The Nomoscore model was further evaluated 
by plotting calibration curves as well as DCA decision curves, and as shown in Fig. 6C–F, the Nomoscore model performed 
well in predicting prognosis than clinical model (including age, clinical stage, and TNM stage) (Supplement Fig. 5 A, B).

3.8 � Prediction of chemotherapy drug sensitivity between Nomoscore groups

Using the GDSC data, we assessed the sensitivity of each sample to chemotherapeutic drugs by analyzing mRNA expres-
sion levels in CRC tumor tissues. We calculated the IC50 values for 129 chemotherapeutic agents using the pRRophetic 
package and classified patients into different Nomoscore groups. Our analysis indicated that the Nomoscore-low group 
exhibited greater sensitivity to AMG.706 and ABT.888, with significant differences in IC50 values compared to Nomoscore-
high groups (p < 0.05) (Supplement Fig. 6 A, B).

4 � Discussion

In this study, we investigated the roles of SUMOylation-regulated genes in CRC, revealing their distinct expression pat-
terns, clinical relevance, and prognostic implications. Our findings highlight the critical involvement of SUMOylation in 
shaping tumor progression, immune microenvironment modulation, and therapeutic responses in CRC, and could serve 
as both a biomarker and a therapeutic target.

Post-translational modifications (PTMs) exert a profound influence in fine-tuning cellular functions, but their dys-
regulation contributes to pathological processes including carcinogenesis. Among PTMs, SUMOylation has emerged as 
a critical regulator of tumor biology, though its dual roles in cancer progression remain context-dependent. SENP1 is a 
deSUMOylating enzyme that interacts with c-Myc to stabilize its levels and activity by reducing its polyubiquitination and 
degradation. Studies suggest that inhibiting SUMOylation may be a potential therapeutic strategy for Myc-driven can-
cers, as decreased SAE1/2 activity leads to the death of Myc-dependent tumor cells [16, 17]. PIAS1 is a chromatin-bound 
coregulator of the androgen receptor in prostate cancer, influencing the expression of a specific subset of AR-regulated 
genes and affecting AR chromatin occupancy, thereby impacting VCaP cell proliferation and unveiling additional genes 
to androgen regulation [18]. MANF acts as a crucial link between endoplasmic reticulum stress and liver inflammation by 
inhibiting the NF-κB/Snail signaling pathway, thereby suppressing epithelial-mesenchymal transition and hepatocellular 
carcinoma progression, suggesting its potential as a therapeutic target for HCC [19]. However, there were serval studies 
investigating the role of SUMOylation in CRC.

In comparative transcriptomic profiling of CRC and paired normal tissues in the TCGA-COAD cohort, we identified 46 
SUMOylation-associated differentially expressed genes, comprising 33 significantly upregulated genes and 13 down-
regulated genes. This distinct expression pattern underscores the pivotal role of SUMOylation in modulating CRC patho-
genesis, potentially through the dysregulation of key cellular processes.
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Then we using NMF clustering according to the expression level of these SUMOylation-related genes divide the 
patients from the TGCA-COAD cohort into two SUMOylation patterns. The molecular rationality of this subtyping was 
validated by significant differences in SUMOylation pathway enrichment scores (GSVA, p < 0.05) and prognostic diver-
gence (log-rank p = 0.009) between clusters. Patients in Cluster 1 demonstrated a 37.4% prevalence of stage III tumors 
and significantly inferior survival outcomes, in contrast to Cluster 2, which was characterized by a predominance of stage 
II tumors (45.5%) and a more favorable prognosis. Gene expression analysis identified a set of differentially expressed 
genes between SUMO Clusters 1 and 2. Notably, immune checkpoint genes and HLA family genes showed significant 
differences in expression between subtypes. Dysregulation of immune checkpoints and alterations in the HLA system 
have been extensively studied in the context of cancer immunotherapy [20].

Furthermore, we investigated the differences in the immune microenvironment between the two SUMOylation-
regulated gene subtypes. Cluster 1 showed increased infiltration of M0 macrophages and Tregs. M0 macrophages can 
polarize into either anti-tumor M1 or pro-tumor M2 types [21], suggesting their elevated presence may indicate a specific 
polarization pathway that requires further investigation. Although Tregs are generally associated with poor prognosis in 
many caners [22, 23], they correlate with better outcomes in CRC [24]. Thus, elevated M0 macrophages and Tregs in Cluster 
1 may influence CRC prognosis through unique mechanisms. In contrast, Cluster 2 exhibited higher levels of activated 
dendritic cells, gamma delta T cells, and memory CD4⁺ T cells, which are linked to anti-tumor immunity [25]. SUMOylation 
dysregulation has previously been implicated in immune modulation and the evasion of immune surveillance in cancer 
[26, 27]. These immune differences likely contribute to the prognostic disparities between clusters. Future research should 
elucidate the specific roles of these immune cells within SUMOylation patterns to fully understand their functions in CRC.

To determine the clinical relevance of the findings, a risk score prognostic model using 70% of TCGA COAD samples 
identified 5 key prognostic genes—MC1R, LRRC4 C, SAGE1, GJB6, and HOXC5—through regression analyses. This model 
effectively predicted survival across the training cohort (70% TCGA-COAD cohort), testing cohort (30% TCGA cohort), 
and external validation cohort (GEO cohort). Furthermore, a nomogram incorporating risk score, age, and tumor stage 

Fig. 5   Independent prognostic factor analysis. A Univariate Cox analysis of riskscore and clinical indicators. B Multivariate Cox analysis of 
riskscore and clinical indicators. C Construction of a nomogram for the clinical risk model
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was developed to provide a comprehensive tool for predicting individual patient outcomes. The nomogram performed 
well in predicting prognosis and may aid clinical decision-making and patient counseling. Given that the liver and lungs 
are the most common metastatic sites of colon cancer and are associated with poor prognosis, the genes in our model 
may serve as early predictors of these risks, allowing for timely interventions. Future studies should validate their abil-
ity to forecast organ-specific metastases, thereby enhancing personalized treatment strategies and improving patient 
outcomes. Importantly, the Nomoscore group’s sensitivity to AMG.706 and ABT.888 suggests that SUMOylation patterns 
may guide chemotherapy selection. AMG.706 (a multi-kinase inhibitor) and ABT.888 (a PARP inhibitor) target pathways 
potentially dysregulated in SUMOylation-high tumors, such as angiogenesis and DNA repair [28–31].

While our study provides valuable insights, several limitations should be acknowledged. First, the retrospective nature 
of the TCGA and GEO datasets may introduce selection bias, and the exclusion of the READ (rectum adenocarcinoma) 
cohort further limits the generalizability of our findings. Prospective validation in independent cohorts is necessary to 
confirm the clinical utility of the SUMOylation signature. Second, the use of CIBERSORT and ssGSEA for immune cell 
infiltration analysis has limited reliability compared to immunohistochemistry-based methods, further validation of the 
immune analysis results is needed. Mechanistic studies using both in vitro and in vivo models are needed to elucidate 
the contribution of SUMOylation to tumorigenesis and therapy resistance. Finally, the interplay between SUMOylation 
and other post-translational modifications in shaping the CRC microenvironment warrants further investigation.

5 � Conclusion

In this study, we identified differentially expressed SUMOylation-regulated genes in colon cancer and demonstrated their 
association with clinical outcomes. These findings highlight the role of SUMOylation in molecular subtyping, prognosis, 
and the immune microenvironment of colon cancer. The risk score prognostic model and nomogram provided additional 
tools for assessing patient outcomes. However, further experimental and clinical studies are required to elucidate the 
underlying mechanisms and validate the clinical implications of SUMOylation dysregulation in colon cancer.

Fig. 6   Correlation analysis between Nomoscore and prognosis. A Kaplan–Meier curves showing prognosis correlation with Nomoscore. B 
ROC curve. C Calibration curve. D–F Decision curve analysis (DCA) curves for 1, 3, and 5-year survival
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