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Background

Recent research has found a new way of cell death: disulfidptosis. Under glucose starvation, abnormal accumulation of disulfide molecules such as Cystine in Solute Carrier Family 7 Member 11 (SLC7A11) overexpression cells induced disulfide stress to trigger cell death. The research on disulfidptosis is still in its early stages, and its role in the occurrence and development of colorectal malignancies is still unclear.





Method

In this study, we employed bioinformatics methods to analyze the expression and mutation characteristics of disulfidptosis-related genes (DRGs) in colorectal cancer. Consensus clustering analysis was used to identify molecular subtypes of Colorectal Adenocarcinoma (COAD) associated with disulfidptosis. The biological behaviors between subtypes were analyzed to explore the impact of disulfidptosis on the tumor microenvironment. Constructing and validating a prognostic risk model for COAD using diverse data. The influence of key genes on prognosis was evaluated through SHapley Additive exPlanations (SHAP) analysis, and the predictive capability of the model was assessed using Overall Survival analysis, Area Under Curve and risk curves. The immunological status of different patients and the prediction of drug treatment response were determined through immune cell infiltration, TMB, MSI status, and drug sensitivity analysis. Single-cell analysis was employed to explore the expression of genes at the cellular level, and finally validated the expression of key genes in clinical samples.





Result

By integrating the public data from two platforms, we identified 2 colorectal cancer subtypes related to DRGs. Ultimately, we established a prognosis risk model for COAD using 7 genes (FABA4+GIPC2+EGR3+HOXC6+CCL11+CXCL10+ITLN1). SHAP analysis can further explained the positive or negative impact of gene expression on prognosis. By dividing patients into high-risk and low-risk groups, we found that patients in the high-risk group had poorer prognosis, higher TMB, and a higher proportion of MSI-H and MSI-L statuses. We also predicted that drugs such as 5-Fluorouracil, Oxaliplatin, Gefitinib, and Sorafenib would be more effective in low-risk patients, while drugs like Luminesib and Staurosporine would be more effective in high-risk patients. Single-cell analysis revealed that these 7 genes not only differ at the level of immune cells but also in epithelial cells, fibroblasts, and myofibroblasts, among other cell types. Finally, the expression of these key genes was verified in clinical samples, with consistent results.





Conclusions

Our research findings provide evidence for the role of disulfidptosis in COAD and offer new insights for personalized and precise treatment of COAD.
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1 Introduction

Colorectal cancer (CRC) is the third most common malignant tumor in the world, with a mortality rate ranking second globally (1).Colon adenocarcinoma (COAD) accounts for 90% of cases (2), and it is estimated that there will be 3.2 million new cases of COAD worldwide by 2040 (3). Early-stage COAD patients who undergo radical resection can achieve a 5-year survival rate of up to 90%. However, most clinically diagnosed COAD patients are in the advanced clinical stage, and despite new treatment options such as targeted therapy and immunotherapy, the 5-year survival rate for average advanced-stage COAD patients is still not more than 15% due to the complexity of colorectal cancer and various factors such as immune escape and drug resistance (4). Therefore, it is important to explor specific molecular markers related to the prognosis of colorectal adenocarcinoma patients, identifying different subtypes of colorectal adenocarcinoma, and guiding treatment using bioinformatics methods.

A novel and interesting form of cell death that has recently gained attention is called disulfidptosis, characterized by disulfide stress. The occurrence of disulfidptosis is triggered by the inhibition of NADPH synthesis under glucose starvation conditions, which induces high expression of SLC7A11, leading to an increased influx of cysteine into the cell, resulting in abnormal accumulation of intracellular disulfide bonds and subsequent protein misfolding. Disulfidptosis does not belong to any known type of cell death, such as ferroptosis, apoptosis, or pyroptosis, and it cannot be inhibited by conventional drugs used to suppress cell death nor prevented by knocking out key genes for ferroptosis/apoptosis. Reducing agents for disulfide stress, such as dithiothreitol, β-mercaptoethanol, and Tris(2-carboxyethyl) phosphine, can completely inhibit glucose starvation-induced cell death in SLC7A11 high cells. In addition, thiol oxidants (diamine and diethyl maleate) promote cell death in SLC7A11high cells under glucose starvation and lead to a sharp accumulation of disulfide molecules within cells (5).

Some studies have provided insights into the potential role of disulfidptosis in cancer biology. For example, disulfidptosis is associated with cellular oxidative stress, where cancer cells under oxidative stress conditions lead to the accumulation of disulfide bonds, a redox state closely related to the survival and proliferation of cancer cells (6) Furthermore, disulfidptosis, by affecting the structure of the actin cytoskeleton, increases memne permeability and disrupts the structural integrity of the cell memne, affecting cancer cell migration, invasion, and may also induce apoptosis and other forms of programmed cell death (7). Disulfidptosis may regulate the activity and function of immune cells, influencing the tumor immune microenvironment, and thus affecting the outcome of tumor patients. These findings emphasize the importance of further exploring the mechanisms of disulfidptosis in various cancers, including colorectal cancer. The study by Liu et al. also proposes strategies for targeting disulfidptosis in cancer treatment (5).

Despite the growing body of research on disulfidptosis, a comprehensive analysis of the expression patterns, potential molecular pathways, clinical significance, and immune correlation of disulfidptosis-related genes in COAD is still required. This study integrated two sets of COAD data from TCGA and GEO using bioinformatics analysis methods, investigated the gene expression and mutation characteristics of DRGs in COAD, identified key genes and subtypes, and subsequently constructed a risk prognosis model. The potential clinical applicability and value of the model for guiding individualized treatment were confirmed through immune infiltration analysis and drug sensitivity analysis. The aim is to contribute to the development of new treatment strategies and the improvement of prognosis for COAD patients.




2 Materials and methods



2.1 Data sources and processing

RNA-seq data and clinical information for colorectal cancer patients were collected from two sources: GSE39582(http://www.ncbi.nlm.nih.gov/geo/) and TCGA-COAD (https://cancergenome.nih.gov/). A total of 969 patients were included in this study. The clinical variables included age, sex, TNM stage, tumor grade, follow-up time, and survival status. Additionally, downloading simple nucleotide variation (SNV) data for TCGA-COAD patients from the UCSC Xena database (http://xena.ucsc.edu/).The FPKM values were transformed into transcripts per kilobase million (TPM), which were treated as comparable to transcripts obtained from the GEO microarray. The measurement of gene expression profiles was achieved by utilizing TPM estimation, followed by log2-based transformation. We utilized Strawberry Perl (version 5.26) to perform ID conversion on the two datasets. Furthermore, we combined and performed batch correction on mRNA expression data from the four datasets using the “limma” and “sva” packages, respectively (8). The twenty-four genes are disulfidptosis-related genes(DRGs)retrieved from the currently available publications, and they include SLC7A11, GYS1, NDUFS1, NDUFA11, NUBPL, NCKAP1, LRPPRC, SLC3A2, RPN1, ACTN4, ACTB, CD2AP, CAPZB, DSTN, FLNA, FLNB, INF2, IQGAP1, MYH10, MYL6, MYH9, PDLIM1, TLN1, and OXSM (5, 9). We downloaded ‘GDSC2_Res.rds’ and ‘GDSC2_Expr.rds’ from the Cancer Cell Line Encyclopedia database (https://sites.broadinstitute.org/ccle/) for drug sensitivity analysis (10).




2.2 Consensus clustering analysis of PRGs

The R package “Consensus ClusterPlus” was used for consensus unsupervised clustering analysis to classify patients into different DRG-related molecular subtypes based on the expression of DRGs (11). The clustering analysis was performed using the “PAM” algorithm with Euclidean distance as the distance measure. Eighty percent of the samples were randomly sampled and repeated 1000 times. The optimal K value was confirmed through the proportion of fuzzy clustering (PAC) and cumulative distribution function (CDF), and K was taken as the number of molecular subtypes.




2.3 The relationship between molecular subtypes and clinical characteristics and prognosis of colorectal cancer

We compared the clinical features (including age, gender, TNM stage) among different molecular subtypes using the ‘pheatmap’ package for visualization. Survival time and status were integrated from two datasets (946 patients), and the overall survival (OS) differences among different subtypes were evaluated based on the Kaplan-Meier method. The ‘Limma’ package in R language was used to screen for differentially expressed genes (DEGs) between different molecular subtypes in terms of double sulfur death.




2.4 Correlation enrichment analysis

We used the ‘c5.go.symbols.gmt’ and ‘c2.cp.kegg.Hs.symbols’ files from the MsigDB database (https://www.gsea-msigdb.org/gsea/msigdb) (12) to perform gene set variation analysis (GSVA) and gene set enrichment analysis (GSEA) (13),analyzing the biological functional differences between high- and low-risk populations and the biological functional differences associated with DRGs. To explore the potential biological functions of DEGs, Gene Ontology (GO) (14) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses (15) were performed using the ‘cluster Profiler’ package (16) with a p-value<0.05 considered statistically significant.




2.5 Construction of disulfidptosis-related prognostic signature in colorectal cancer

Firstly, using the ‘limma’ package, a LASSO-univariate Cox analysis was conducted on the differentially expressed genes (DEGs) to screen for genes associated with prognosis as subsequent genes15. Based on the expression levels of the candidate genes, cluster analysis was performed to classify patients into different subtypes for further analysis. Subsequently, multivariate Cox analysis was conducted to further screen the candidate genes and obtain the target gene. Remove samples with missing expression of target genes, and finally include 920 patients to construct the model. The patients were divided into training set and validation set at a ratio of 1:1. The risk score was calculated using the following formula:

 , where Σ denotes the sum from i=1 to N, and N is the number of selected genes.

The median cut-off value of the risk score was used to divide patients into high and low-risk groups. The ‘pheatmap’ package in R was used to draw risk curves and heatmap, and the ‘survival’ package was used to draw survival curves and ROC curves to evaluate the clinical predictive value of the model. We also performed a drill-down analysis on the impact of each gene on the prognosis model using SHAP value dependence analysis based on single features. SHAP values can quantify the impact of the expression levels of each gene on the patient’s prognosis, thereby making this model more effective in guiding medical practice and medical diagnosis (16). We use the “rms” package to construct a nomogram, which is used to predict the OS of patients at 1 year, 3 years, and 5 years.




2.6 The analysis of tumor microenvironment and immune-related factors

By downloading the source code “CIBERSORT.R” and reference data files from the CIBERSORT website (https://cibersort.stanford.edu/) and combining the gene expression data from two datasets, CIBERSORT R was used to analyze the samples, resulting in an input sample file “CIBERSORT-Results.txt” (showing the infiltration of 22 types of immune cells in each tumor sample). Using the “limma” package, we investigated the differences in 22 immune-infiltrating cells between high and low-risk groups (17). Additionally, based on the gene matrix, the “estimate” package was used to evaluate the stromal, immune, and tumor purity of the tumor tissue (17, 18). Finally, we utilized TISCH (http://tisch.comp-genomics.org/) to investigate the impact of 7 prognostic markers on the tumor microenvironment at the single-cell level.




2.7 Mutation data processing and tumor mutation burden

Using SNV data from 359 Colorectal cancer patients in the TCGA database, the tumor mutation burden (TMB) was calculated for each patient, where TMB = the number of non-synonymous mutations/exome chip size (approximately 38Mb) (19, 20). A Perl script was used to obtain the number of non-synonymous mutations in the sequencing data for each patient, which was then adjusted using the above formula. The “GenVisR” package was used to draw gene mutation waterfall plots for the high and low-risk groups separately. The “survival” package was used to analyze the relationship between the high and low-risk groups, TMB levels, and survival prognosis.




2.8 Drug sensitivity analysis

Using the ‘oncoPredict’ package, sensitivity scores for 198 drugs were calculated for 909 patients, allowing for a comparison of the therapeutic effects of targeted biologics between the high and low-risk groups.




2.9 Statistical analyses

All data analyses were performed using the following software: R language (version 4.3.0) and Strawberry Perl (version 5.30.0). A p-value less than 0.05 was considered statistically significant.




2.10 Analysis of quantitative reverse transcription polymerase chain reaction

Both colorectal cancer and adjacent non-cancerous tissues used in this study were derived from patients with colorectal cancer after surgery in the Shunde Hospital, during 2022-2023. The acquisition and use of clinical samples used in this study were approved by the Medical Ethics Committee of Shunde Hospital of Southern Medical University (KYL20220125).

We extracted RNA from the specimen using a TRlzol reagent (Ambion, USA) and then reverse-transcribed it into cDNA using a quantitative reverse transcription kit (Promega, USA). Quantitative PCR (qPCR)is a technique for measuring DNA content in sample in real time. Real-time fluorescence quantitative qPCR assay was performed with the help of SYBR-Green (Vazyme, China) and expression levels were standardized to -actin levels. The primers are shown in Supplementary Table S5.





3 Results



3.1 Basic information of colorectal cancer patients

This study included two datasets with a total of 969 patients with rectal cancer (Table 1). Clinical data on survival time and survival status were available for all patients (Table 2).


Table 1 | Information of two datasets.




Table 2 | General information of patients in two datasets.






3.2 Expression and mutation of 24 disulfidptosis-related genes

Figure 1A shows the mutation status of 24 DRGs in CRC patients, with a total mutation rate of 25.33%, with FLNA, MYH9, FLNB, and SLC3A2 having the highest mutation rates. In the copy number variation analysis of DRG (Figure 1C), we observed copy number gain of IQGAP1, ACTB, and DSTN, and copy number loss of CAPZB, PDLIM1, SLC7A11, FLNB, GYS1, and OXSM. Figure 1B shows the chromosomal location of DRG mutations. KM analysis divided the genes into high and low expression groups based on the median gene expression level, and 17 genes showed significant differences in survival between the two groups (P< 0.05) (Supplementary Table S1). Figure 1D illustrates the interaction relationships among 24 DRGs.




Figure 1 | Expression and mutation profile of DRG in COAD. (A) Mutation frequency of 24 DRGs in the TCGA-COAD cohort of 375 patients. (B) The locations of CNV alterations in DRGs across 23 chromosomes, The red dots represent gain, while the blue dots represent loss. (C) The DRGs in TCGA-COAD chohrt show instances of gene copy number gain and gene copy number loss. (D) Interactions among DRGs in COAD. Each node represents a gene, the size of the node corresponds to the significance level (p-value), indicating the strength of the association between the gene and prognosis. The orange and green connecting lines represent positive and negative interactions between genes, respectively.






3.3 Identification of DRG subtypes in COAD

To explore the relationship between the expression of 24 DRGs and Colorectal cancer, we used a clustering analysis to obtain the optimal K value (Figure 2A, Supplementary Figure S1). When k=2, patients were divided into two subtypes, A and B (Figures 2A–D, Supplementary Table S2). Survival analysis revealed that subtype A had a significant survival advantage (Figure 2E), and Figure 2H showed the clinical differences between subtypes A and B, with subtype B patients having higher tumor T and N staging. KEGG enrichment analysis showed that subtype A was mainly related to Propanoate Metabolism and Peroxisome. In contrast, subtype B was significantly enriched in MAPK Signaling Pathway, Pathways In Cancer and Fc Gammar R-mediated Phagocytosis (Figure 2I). GO annotation revealed that subtype B was mainly enriched in Cell Substrate Adhesion, as well as negative regulation of this process, with involvement in Vascular Endothelial Growth Factor Receptor Signaling Pathway, Artery Development, and Bone Development (Figure 2J).




Figure 2 | Clinicopathological and biological characteristics associated with two subtypes of DRG identified by consensus clustering analysis. (A) Unsupervised clustering of disulfidptosis-related genes and Consensus matrix heatmaps for k =2. (B) Cumulative Distribution Function (CDF) from k=2 to 9. (C) relative change in area under CDF curve. (D) PCA analysis. (E) Kaplan-Meier curve shows different overall survival (OS) between the two DRG subtypes. (F) Bundance of 23 infiltrating immune cells in the two DRG subtypes (*p< 0.05, **p< 0.01, ***p< 0.001).(G) Differential expression analysis of immune checkpoint genes between two subtypes. (H) Heatmap of clinical pathological features and expression of 24 DRGs in TCGA-COAD, GSE39582 cohorts. (I, J) GO and KEGG enrichment analysis between two subtypes, with orange indicating activation of related pathways and green indicating inhibition of related pathways.



Additionally, we used the CIBERSORT to analyze the immune cell infiltration in subtype B patients, which showed a significantly more abundant immune cell infiltration, including activated B cell, activated CD8 T cell, activated dendritic cell, CD56dim natural killer cell, eosinophil, gamma delta T cell, immature B cell, immature dendritic cell, myeloid-derived suppressor cell(MDSC), macrophage, mast cell, natural killer T cell, natural killer cell, regulatory T cell, T follicular helper cell, and others (Figure 2F). Most of the immune checkpoints, such as PD1, PD-L1, and CTLA-4, were also significantly higher expressed in subtype B (Figure 2G). Taken together, our results suggest that there are significant functional differences and immune microenvironment between the molecular subtypes of COAD based on DRG, which may be related to immune therapy response.




3.4 Identification of gene subtypes based on DEGs

We further explored the potential biological behaviors between the disulfidptosis-related
subtypes and found 744 differentially expressed genes (DEGs) (Supplementary Table S3) between DRG subtypes A and B (Supplementary Table S2). In the molecular function (MF) results of GO annotation, it is worth noting that the DEGs were significantly enriched in sulfur compound binding pathways. In biological processes (BP), they were mainly related to extracellular structures, regulation of leukocyte migration, and positive regulation. In cellular components (CC), they were associated with intracellular structures, extracellular matrix composition, and cell-matrix connections (Figures 3A, B). KEGG enrichment analysis also suggested that DEGs were involved in the regulation of the Regulation of actin cytoskeleton (disulfidptosis can affect this regulation process), as well as pathways related to colon cancer development, including the PI3K-Akt signaling pathway, NF-kappa B signaling pathway, TGF-beta signaling pathway, and pathways related to cell signaling, immune response, cell adhesion, and apoptosis (Figures 3C, D). These results suggest that DEGs may be closely related to disulfidptosis and participate in colon cancer development through the above-mentioned pathways. Based on the expression of DEGs, clustering analysis classified patients into A and B gene subtypes (Figure 3E, Supplementary Figure S2, Table S4), with significant differences in prognosis between different subtypes of patients (Figure 3F). Finally, we analyzed the expression differences of 24 DRGs in different gene subtypes (Figure 3G).




Figure 3 | Gene subtype analysis based on DEGs. (A, B) GO enrichment analyses of DEGs among two DRG subtypes. (C, D) KEGG enrichment analyses of DEGs among two DRG subtypes. (E) The consensus clustering algorithm (k = 2) was used to divide all samples in TCGA-COAD and GSE35982 cohorts into two DRG gene subtypes. (F) Kaplan-Meier survival analysis of two gene subtypes. (G) Differences in the expression of 24 DRGs between two gene subtypes (*p< 0.05, **p< 0.01, ***p< 0.001).






3.5 Construction of disulfidptosis-related prognostic signature in ovarian cancer

Seven genes were identified for constructing the risk model through Lasso regression analysis (Figures 4A, B). Risk score =(0.200*expression of FABA4)+(-0.182*expression of GIPC2)+(0.249*expression of EGR3)+(0.133*expression of HOXC6)+(-0.120*expression of CCL11)+(-0.192*expression of CXCL10)+(-0.056*expression of ITLN1). Prognostic and risk analyses were performed for the risk models constructed for the total cohort (n=920), training set (n=460), and validation set (n=460). The results of the three datasets were consistent, with better prognosis for low-risk patients (Figure 4C, Supplementary Figures S3A, Figure S4A). The model had a certain value in predicting the prognosis of patients at 1, 3, and 5 years (Figure 4D, Supplementary Figure S3B, Figure S4B). As the risk increased, the number of deaths from COAD also increased (Figures 4G-I, Supplementary Figures S3B-E, Figures S4B-E). By combining the clinical feature score and risk score, a column chart could predict the survival time of patients. For example, a patient with a risk score of 363 had a 90.5% probability of surviving for 1 year, a 67.6% probability of surviving for 3 years, and a 58.5% probability of surviving for 5 years (Figure 4L). Additionally, we found that DRG subtypes, gene subtypes, and high/low-risk groups were closely related (Figures 4E, F, K), with better prognosis for DRG subtype A, gene subtype B, and low-risk group, while worse prognosis for DRG subtype B, gene subtype A, and high-risk group, with consistent results. Figure 4J showed the expression differences of 24 DRGs between high and low-risk groups.




Figure 4 | Construction of disulfidptosis-related prognostic signature. (A, B) The LASSO path plot shows the feature selection process. (C) Kaplan-Meier curve shows different overall survival (OS) between high and low-risk score groups. (D) ROC curves to predict the sensitivity and specificity of 1-, 3- and 5-year survival according to the Risk score. (E, F) Differences in Risk score between the two DRG clusters and the two gene clusters. (G) Expression of 7 DEGs in the high and low-risk groups. (H, I) Ranked dot and scatter plots showing the Risk score distribution and patient survival status, respectly. (J) Expression of 24 DRGs in the high and low-risk groups. (K) Alluvial diagram of subtype distributions in groups with different DRG_scores and survival outcomes (*p< 0.05, **p< 0.01, ***p< 0.001). (L) Nomogram can integrate patients’ clinical features and risk scores to predict patient prognosis.






3.6 SHAP(SHapley Additive exPlanations)analysis

SHAP analysis can rank the impact of these 7 target genes on prognosis (Figure 5A) and quantify their positive or negative impact on prognosis based on gene expression levels (Figures 5B-H). The upward trend and downward trend on the curve respectively indicate a positive and negative impact on patient prognosis. For example, the expression level of HOXC6 tends to stabilize with a certain degree of expression, indicating a stable impact on patient prognosis (Figure 5B). CCL11 and GIPC2 are primarily expressed on the upward curve (Figures 5C, D), indicating a positive impact on patient prognosis. When the expression of FABP4 is greater than 2.5, it begins to have a negative impact on patient prognosis (Figure 5E). EGR3 is mainly expressed on the downward trend curve (Figure 5F). TLIN1 and CXCL10 also have different effects on patient prognosis at different expression ranges (Figures 5G, H). By combining the COX risk coefficients, we can intuitively judge the specific impact of these genes on the prognosis of COAD patients based on the changes in their expression range.




Figure 5 | SHAP feature importance analysis. (A) Ranking of the impact of the 7 feature genes on patient prognosis. (B–H) Prediction of patient prognosis based on the relationship between SHAP values and the expression levels of the seven target genes.






3.7 TMB analysis and survival analysis of TMB

Using the CIBERSORT analysis, we observed that naive B cells, resting dendritic cells, M1 macrophages, plasma cells, memory activated CD4+ T cells, memory resting CD4+ T cells, CD8+ T cells, and regulatory T cells (Tregs) were negatively associated with the Risk score. In contrast, memory B cells, M0 macrophages, activated mast cells, and neutrophils were positively associated with the risk score (Figure 6A). Figure 6B shows the close relationship between the 7 DRGs and the levels of immune cell infiltration. In addition, the high-risk group had a higher immuneScore and a lower stromalScore (p<0.05) (Figure 6C). The overall mutation rate and TMB were higher in the high-risk group compared to the low-risk group (Figures 6D-G), and patients with high TMB had poorer prognosis than those with low TMB (Figure 6H). Combining patient survival data, we further analyzed and found that patients with high risk and high TMB levels had the worst prognosis, followed by patients with low TMB levels in the high-risk group, consistent with the previous findings. However, in the low-risk group, there was no statistically significant impact of TMB levels on the prognosis of these patients (Figure 6I). Correspondingly, high-risk score was associated with MSI-H and MSI-L status, while low-risk score was associated with MSS status (P<0.05) (Figure 6J). Figure 6K also showed that the proportion of MSI-H and MSI-L was higher in the high-risk group, indicating that patients in the high-risk group may be more sensitive to immunotherapy. Finally, stem cell-related analysis showed a negative correlation between patient risk score and stem cell index, which means that colon cancer cells with lower risk scores have more obvious stem cell characteristics and lower cell differentiation levels (Figure 6L).




Figure 6 | TMB analysis and immune microenvironment analysis. (A) Correlations between Risk score and immune cell types. (B) The correlation between immune cell abundance and three genes in the risk model. (C) Comparison of StromalScores, ImmuneScores, and ESTIMATE Scores between high-risk and low-risk patients. (D, E) mutation status of all genes in high-risk and low-risk groups of patients is displayed separately. (F) Comparison of TMB levels between high-risk and low-risk patients. (G) The linear variation of tumor mutational burden (TMB) influenced by risk scores. (H) The KM curve graph indicates the impact of high and low TMB on patient survival. (I) The KM analysis assessed the differences in survival among patients with different TMB levels and risk scores. (J) The relationship between different MSI statuses and risk scores. (K) The proportion of different MSI statuses in the high-risk and low-risk groups. (L) The relationship between Stemness Scores and risk score.






3.8 Drug susceptibility analysis

We analyzed the sensitivity of 198 drugs using the “oncoPredict” package and found
that 66 drugs had differences in sensitivity between high-risk and low-risk patients (Supplementary Figure S5). Of note, first-line chemotherapy drugs for colon cancer, 5-Fluorouracil (Figure 7A) and Oxaliplatin (Figure 7B), as well as targeted molecular drugs Gefitinib (Figure 7C), Erlotinib (Figure 7D), Nilotinib (Figure 7E), and Sorafenib (Figure 7F) were more effective in low-risk patients. On the other hand, IGF1R_3801 (Figure 7G), Luminespib (Figure 7H) and Staurosporine (Figure 7I) were more effective in high-risk patients. These results may help us in future risk stratification and individual treatment selection for patients.




Figure 7 | (A–I) Relationships between DRG_score and Drug susceptibility.






3.9 Single-cell level research

Through the analysis of dataset EMTAB8107, it was found that CCL11 is mainly expressed in fibroblasts (Figure 8G), CXCL10 is expressed at the highest level in macrophages (Figure 8H), EGR3 is expressed in both macrophages and mast cells (Figure 8I), ITLN1, GIPC2, and FABP4 are mainly expressed in epithelial cells (endothelial and epithelial), and FABP4 is also expressed in myofibroblasts (Figures 8E, F, J). These results suggest that in addition to immune cells, these genes may also play a role in stromal cells outside of cancer cells. The expression levels of 7 genes across different cell types were obtained (Figure 8A), along with Uniform Manifold Approximation and Projection (UMAP) plots (Figures 8B, C), and a pie chart (Figure 8D).




Figure 8 | Single-cell level analysis. (A) Violin diagram shows the distribution of 7 feature genes expression in different cells. (B) Single-cell type map of major-lineage. (C) Single-cell cluster map. (D) Sunburst plot for single-cell classification. (E-J) The cell type map shows the expression of 7 feature genes at different single-cell levels.






3.10 Real-time quantitative reverse transcription PCR

To determine whether 7 disulfidptosis prognostic genes are differentially expressed in colorectal cancer tissues, we used qRT-PCR to analyze the expression of each gene in 15 pairs of clinical COAD tissues and adjacent normal tissues. The results showed that the expression level in COAD tissues was different from that in normal tissues (Figures 9A-G).




Figure 9 | (A–G) The expression of each gene in 15 pairs of clinical COAD tissues and adjacent normal tissues. (ns p>0,05, *p< 0.05, **p< 0.01).







4 Discussion

Colorectal cancer exhibits high heterogeneity, with different populations having different treatment sensitivity and clinical prognosis. Although many molecular biomarkers have emerged for predicting patient survival and treatment response, the existing biomarkers still have poor clinical validation. New key markers and treatment strategies are continuously being explored. Meanwhile, disulfidptosis has become a hot topic in recent years. Current research finds that under conditions of oxidative stress, certain cysteine residues in proteins of tumor cells can form disulfide bonds. If this crosslinking is too severe, it can lead to abnormal folding and assembly of proteins, resulting in the loss of normal biological function. The redox state is one of the important mechanisms for the occurrence and development of tumors (21), such as some tumor cells increase their survival and tolerance by changing the intracellular redox protein (22). Studies have shown that disulfidptosis may have potential applications in tumor therapy. For example, some anticancer drugs, such as cisplatin and paclitaxel, exert their anticancer effects by reacting with intracellular disulfides (23).

To explore strategies for guiding personalized treatment for COAD patients, our study comprehensively analyzed the expression and mutation status of 24 DRG in COAD and identified two distinct subtypes. Patients with subtype B had poorer prognosis and were significantly enriched in cancer-related pathways in KEGG analysis and a marked enrichment in immune cell phagocytosis and extracellular matrix adhesion in GO annotation. CIBERSORT analysis suggested significant differences in the tumor microenvironment between subtypes, with subtype B having a higher composition of immune cells, including macrophages. Macrophages are a component of the MPS and play a crucial role in maintaining innate immune responses, tissue homeostasis, and inflammation (24). Tumor-associated macrophages (TAMs) can be polarized from macrophages and are the most abundant immune cells in CRC. TAMs can interact with tumor cells through the secretion of exosomes or various cytokines, promoting tumor cell proliferation, migration, and angiogenesis. TAMs also recruit regulatory T cells (Tregs) through the CCL2, which inhibits T cell immune (25)response function, leading to an immunosuppressive microenvironment in CRC (24, 25). Additionally, subtype B had a higher abundance of MDSCs, which may inhibit the activity of immune cells, leading to immune escape and tumor progression (26).

Further analysis of DEGs between subtypes revealed significant enrichment in sulfur compound binding and regulation of the actin cytoskeleton. Current research suggests that during the process of apoptosis, actin undergoes a transition from a polymerized state to a depolymerized state, affecting the cytoskeletal structure within cells, leading to changes in cell morphology and restricted cell movement. In addition, changes in actin polymerization can also affect intracellular signal transduction, thus affecting cell metabolism and survival, ultimately leading to cell death (5).

In the end, we conducted a screen of the differentially expressed genes (DEGs) and, through LASSO regression, identified seven key genes associated with prognosis. These genes were used to construct a risk prognosis model related to disulfidptosis, which can stratify COAD patients into high-risk and low-risk groups. The nomogram can predict individualized clinical outcomes. During the model construction, we obtained risk coefficients for each gene. A positive risk coefficient indicates that the higher the expression level of this gene, the higher the patient’s risk score. Conversely, a negative risk coefficient suggests that the higher the expression level of the gene, the lower the patient’s risk score. Additionally, we further employed SHAP feature importance analysis to address the black-box issue inherent in machine learning. We not only ranked the genes based on their impact on prognosis but also validated and explained how specific expression levels of each gene contribute to patient prognosis.

FABP4 is a fatty acid-binding protein that plays a complex role in the development, progression, and prognosis of COAD. Previous studies have shown that the expression of FABP4 is significantly associated with advanced tumor staging, poorer disease-free survival, and overall survival in colorectal cancer, consistent with our findings (27). Further research has explored the underlying mechanisms and discovered that the expression of FABP4 increases ROS (reactive oxygen species) levels, leading to the activation of the ERK (extracellular signal-regulated kinase) pathway, which in turn activates mTOR (mammalian target of rapamycin), thereby promoting tumor cell growth.GIPC2 is an important member of the PDZ domain family, and previous studies have suggested that GIPC2 may play a critical role in tumor development and embryonic development by promoting interactions between G protein heterotrimers and Wnt receptors or receptor tyrosine kinases (28). Whole-genome sequencing revealed the presence of missense mutations F74Y and R312Q, as well as a nonsense mutation E216X, in GIPC2 in colorectal cancer (29). The E216X nonsense mutation is a deleterious mutation that results in the loss of the GH2 domain, which prevents GIPC2 from binding to MY06 (30). Arnon et al. reported that EGR3 is a member of the Early Growth Response gene family and participates in many biological processes such as cell proliferation, differentiation, and apoptosis. Studies have shown that this gene is associated with cancer cell migration, making it highly correlated with tumor progression, and its expression levels have been used as prognostic markers for various cancers, including CRC (31). In colon cancer cell lines, EGR3 has binding sites in several genes associated with resistance to the cancer treatment drug 5-fluorouracil. EGR3 can regulate the expression of these genes to affect the sensitivity of cells to 5-fluorouracil, thereby affecting the efficacy of cancer treatment (32). HOXC6 is a gene that encodes a transcription factor. Studies have reported that high expression of HOXC6 in CRC can promote tumor metastasis by activating the classical WNT pathway and promoting proliferation through the TGF-β/smad pathway (33). ITLN1 is an inflammatory factor that may be associated with various tumor diseases, including pleural mesothelioma, gastric cancer, and prostate cancer. Katsuya et al. found that its expression is significantly increased in the tumor tissues of colorectal cancer (CRC) patients, and compared with CRC tissues, the expression of ITLN1 also shows a gradient decrease in adenomatous polyps/serrated polyps and normal tissues (34). Conversely, the research results of Zhang Y et al. suggest that ITLN1 is positively correlated with a good prognosis in CRC patients (35). A part of our research results predicts that ITLN1 may have different degrees of impact on the prognosis of COAD patients at different expression levels. Considering that the previous research has a relatively single population of samples, it may be necessary to expand the sample size when necessary. The impact of ITLN1 on the prognosis of colorectal cancer and its underlying mechanisms are worthy of further exploration in the future. CCL11, also known as Eotaxin-1, is a chemokine that primarily attracts cells such as eosinophils and basophils to inflammatory sites, participating in biological processes such as immune regulation and inflammation. Studies have shown that Eotaxin-1 and its receptors are significantly upregulated in colorectal cancer, especially CCL11 and CCR3 (the receptor for CCL11) (36). Tripathi et al. (37) demonstrated on breast cancer cells that TAMs undergo phenotypic changes and aggregate in the hypoxic regions of tumors. Hypoxic tumor cells exhibit upregulation of intracellular eotaxin levels, which together promote tumor progression. CXCL10 is also a chemokine that attracts and activates immune cells, participating in tumor development and prognosis. Shang et al (38) found that CXCL10 can attract CD8+ T cells to infiltrate into tumor tissues and exert a cytotoxic effect. In addition, CXCL10 can also promote vascular normalization and increase the sensitivity of colorectal cancer to cetuximab combined with PD-1 checkpoint inhibitors (39).

TMB and MSI are important biomarkers for predicting potential response to immune therapy. The higher the TMB, the greater the number and type of neoantigens produced by tumor cells, making it easier to activate specific anti-tumor immune responses, which may make immune therapy more effective (40). MSI is caused by defects in the DNA mismatch repair (MMR) system, resulting in instability of DNA microsatellite sequences. Patients with high MSI colon cancer have a better response to PD-1/PD-L1 inhibitors.

Our study found that patients with high-risk scores had a higher overall mutation rate, higher TMB, and a higher proportion of MSI-H status. In addition, TMB significantly affected patient prognosis, and the combination of TMB and DRG risk scores may be an effective prognostic biomarker for colon cancer patients. Finally, we validated the sensitivity of first-line chemotherapy drugs Oxaliplatin, 5-Fluorouracil, and targeted drugs. The results showed that the risk model has the potential to stratify colon cancer patients for individualized risk assessment and may serve as a biomarker for identifying different patients’ sensitivity to immune therapy, chemotherapy drugs, and targeted drugs in the future.

In summary, we conducted cluster analysis on DRG and screened out differentially expressed genes for DRG subtypes. Subsequently, we constructed a prognostic risk model using 7 biomarkers to validate its predictive value for COAD patient prognosis. Although our model has outstanding ability in identifying patients’ immune status and predicting their prognosis, there are still limitations that need to be addressed in subsequent studies. Data analysis based on public databases may lead to deviations between predictions and actual situations. More COAD patient data are needed in the future to verify the usefulness of this model and the accuracy of treatment predictions. In addition, more prospective and fundamental research is needed to complete the details of this study.
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