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Colorectal cancer (CRC) ranks third in global incidence and second in mortality. However, a comprehensive predictive model for CRC prognosis, immunotherapy response, and drug sensitivity is still lacking. Various types of programmed cell death (PCD) are crucial for cancer occurrence, progression, and treatment, indicating their potential as valuable predictors. Fourteen PCD genes were collected and subjected to dimensionality reduction using regression methods to identify key hub genes. Predictive models were constructed and validated based on bulk transcriptomes and single-cell transcriptomes. Furthermore, the tumor microenvironment, immunotherapy response, and drug sensitivity profiles among patients with CRC were explored and stratified by risk. A risk score incorporating the PCD genes FABP4, AQP8, and NAT1 was developed and validated across four independent datasets. Patients with CRC who had a high-risk score exhibited a poorer prognosis. Unsupervised clustering algorithms were used to identify two molecular subtypes of CRC with distinct features. The risk score was combined with the clinical features to create a nomogram model with superior predictive performance. Additionally, patients with high-risk scores exhibited decreased immune cell infiltration, higher stromal scores, and reduced responsiveness to immunotherapy and first-line clinical drugs compared with low-risk patients. Furthermore, the top ten non-clinical first-line drugs for treating CRC were selected based on their predicted IC50 values. Our results indicate the efficacy of the model and its potential value in predicting prognosis, response to immunotherapy, and sensitivity to different drugs in patients with CRC.
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1 Introduction

Colorectal cancer (CRC) is one of the most common malignancies, ranking third in incidence and second in mortality worldwide (1). Various treatment modalities are available for CRC, including chemotherapy and immunotherapy (2). Unfortunately, clinical outcomes remain poor owing to the heterogeneity of CRC, genetic features, and distinct risk factors (3, 4). Approximately 25% of patients with CRC are diagnosed at an advanced stage, and 25–50% of patients diagnosed at an early stage eventually go on to develop metastatic disease (5–7). The 5-year survival rate for individuals with limited metastatic lesions remains at 40% following surgical resection and systemic therapy, whereas for those with advanced metastatic CRC, the survival rate drops to only 20% (8–11). Considering the low survival rate of patients with CRC, there is an urgent need to identify an accurate classification of CRC that can better predict patient outcomes, immunotherapy, and chemotherapy responses, ultimately guiding personalized treatment strategies and improving patient prognosis.

Programmed cell death (PCD) plays a crucial role in cancer occurrence and treatment (12). PCD driven by various complex mechanisms includes apoptosis, pyroptosis, ferroptosis, autophagy, necroptosis, cuproptosis, anoikis, parthanatos, entotic cell death, NETosis, lysosome-dependent cell death, alkaliptosis, oxeiptosis, and disulfidptosis (13–16). We selected these 14 PCD types to comprehensively cover the diverse mechanisms relevant to CRC while ensuring specificity. This number reflects an optimal balance, capturing all major PCD pathways with distinct molecular signatures, based on an exhaustive review of literature and databases, without introducing redundancy or lesser-studied types that could complicate analysis. Apoptosis critically regulates CRC progression by either inhibiting tumor growth when activated or promoting tumor survival and metastasis when suppressed. Studies have shown that targeting apoptotic pathways, such as enhancing microRNA-induced apoptosis, can sensitize CRC cells to treatment and inhibit tumor progression (17, 18). Pyroptosis is crucial in suppressing CRC progression by activating immune responses. Recent studies emphasize that pyroptosis-inducing therapies, like quercetin or mitochondria-targeted photodynamic therapy, not only inhibit tumor growth but also enhance anti-tumor immunity, offering promising avenues for CRC treatment (19, 20). Recent advances in ferroptosis research have highlighted its role in CRC progression and treatment resistance. Studies demonstrate that targeting ferroptosis regulators, such as SLC7A11 or GPX4, may enhance therapeutic efficacy by overcoming chemoresistance and inducing cancer cell death (21, 22). Autophagy plays a dual role in CRC, influencing both tumor suppression and progression. Targeting autophagy regulators, such as lncRNA GAS5 and ATG9A, holds promise for improving chemotherapy response and modifying the tumor microenvironment (TME) (23, 24). Necroptosis has been shown to play a pivotal role in CRC by driving inflammatory processes and facilitating cancer cell death. By modulating necroptotic pathways, particularly through the RIPK1/RIPK3/MLKL signaling cascade, new therapeutic strategies can potentially suppress tumor progression and improve treatment outcomes in CRC (25). Cuproptosis, a copper-dependent cell death mechanism, is triggered by mitochondrial dysfunction and protein aggregation. In CRC, targeting cuproptosis pathways has shown potential for tumor suppression and improving immune response (26, 27). Anoikis, induced by cell detachment from the extracellular matrix, is crucial in preventing metastasis. In CRC, KHK-A-mediated phosphorylation of PKM2 enables anoikis resistance and promotes metastasis (28). Parthanatos, driven by PARP-1 overactivation, contributes to tumor progression through DNA damage and mitochondrial dysfunction. Its role in modulating the TME has been recently highlighted (29, 30). Entotic cell death, initiated by loss of cell adhesion, involves neighboring cells engulfing each other. TRAIL signaling promotes entosis, potentially contributing to CRC suppression (31, 32). NETosis, a form of cell death in neutrophils, involves the release of neutrophil extracellular traps to capture pathogens, driven by ROS and histone modification. Recent advances highlight the role of NETosis in CRC, contributing to tumor progression by promoting an inflammatory microenvironment (33). Lysosome-dependent cell death (LCD) is driven by lysosomal membrane permeabilization, releasing cathepsins and causing cellular damage. Existing studies indicate that modulating lysosomal function in CRC could enhance tumor sensitivity to LCD, providing a strategy to overcome drug resistance (34, 35). Alkaliptosis, a pH-dependent cell death, involves intracellular alkalinization and lysosomal dysfunction. It shows potential as a therapeutic approach in CRC by disrupting tumor cell survival (36, 37). Oxeiptosis, a ROS-dependent cell death via the KEAP1-PGAM5-AIFM1 axis, shows potential as a tumor-suppressive mechanism in CRC, with sanguinarine being a key inducer (38). Disulfidptosis, driven by actin cytoskeleton collapse via disulfide bond formation, shows potential in CRC for prognosis prediction and therapeutic advancements (15, 39, 40). Notably, drugs targeting PCD pathways have already entered clinical application, offering novel therapeutic potential for CRC treatment. For instance, a BCL-2 inhibitor approved by the FDA has been shown to exert protective effects against lymphoma through apoptosis (41). gasdermin E mediated pyroptosis is intimately linked to the enhancement of anti-tumor immunity (42). Ferroptosis-targeted drugs or genetic manipulations can help against chemotherapy resistance (43).

Various PCD types play crucial roles in the progression and treatment of malignant tumors (12, 44). However, the integration of various PCD-related genes to identify key hub genes that significantly impact CRC prognosis has yet to be fully elucidated. To address this, we employed Cox proportional hazards and LASSO regression to select PCD-related genes through dimensionality reduction. The Cox model allowed us to identify genes associated with CRC prognosis by estimating hazard ratios, making it effective for survival analysis. LASSO regression was applied to manage the high-dimensional genetic data, selecting the most influential genes while reducing overfitting. By integrating these methods, we identified crucial PCD-related genes and constructed a robust model to predict the prognosis of CRC patients, as well as their response to immunotherapy and drug sensitivity, ensuring the clinical relevance and reliability of our findings.




2 Materials and methods



2.1 Data collection

The gene sets associated with 14 types of PCD were collected from the GSEA database, FerrDB
database, and literature sources (45). The specific contents
of the gene sets are provided in the supplementary materials and can also be accessed through the aforementioned databases using the gene set names. Following consolidation and deduplication, 1,267 PCD genes were included for subsequent analysis (Supplementary Table S1). The datasets used for analysis include TCGA-CRC, GSE39582, GSE29621, GSE17536, GSE38832, GSE161277, GSE78220, and IMvigor210.




2.2 Identification of differentially expressed genes

Differential analysis was utilized to identify DEGs between tumor and normal tissues, with criteria set as |log2 fold change| > 1.5 and adjusted P < 0.05. Similarly, for DEGs between the low- and high-risk groups, the criteria were |log2 fold change| > 1 and adjusted P < 0.05.




2.3 Construction and validation of prognostic PCD-related gene signature

This process employs a stepwise regression strategy, beginning with univariate Cox regression to identify PCD-related genes significantly associated with survival, followed by LASSO Cox regression for dimensionality reduction, and culminating in multivariate Cox regression to develop the risk score. The risk score for each patient was calculated using the following formula:

	

This formula incorporated the risk coefficients ( ) and the expression levels of individual genes ( ). Subsequently, the t-distributed stochastic neighbor embedding (t-SNE) was utilized for clustering analysis of high- and low-risk groups. Kaplan-Meier analysis was then performed to explore the relationship between overall survival (OS) time and the calculated risk score.




2.4 Unsupervised clustering of PCD-related gene signature

Utilizing the PCD-related gene signature, we performed consensus clustering (CC) analysis to uncover previously unidentified subtypes of CRC. Additionally, we employed the t-SNE for clustering analysis of these CRC subtypes.




2.5 Establishment of the nomogram

Univariate Cox regression analysis was conducted to evaluate the prognostic value of various clinical characteristics and risk score. multivariate Cox regression analysis was utilized to identify prognostic factors associated with OS, which served as the foundation for developing a prognostic nomogram. The predictive efficiency of the nomogram was evaluated using calibration curves and receiver operating characteristic (ROC) curves.




2.6 Tumor microenvironment

Algorithms such as XCELL, TIMER, QUANTISEQ, MCPCOUNTER, ESTIMATE, EPIC, CIBERSORT, and ssGSEA were utilized to evaluate TME cell infiltration in patients with CRC.




2.7 Prediction of therapeutic sensitivity in patients with different risk scores

The association between the risk score, immune treatment response, and the IC50 values of 198 chemotherapy and targeted therapy drugs was investigated. The TIDE algorithm was applied to predict patients’ potential response to immunotherapy, while the oncopredict package was employed to calculate IC50 values for each patient across the 198 drugs.




2.8 Cell lines and culture

The LOVO, SW480 and NCM460 cells were purchased from the Type Culture Collection of the Chinese Academy of Sciences (Shanghai, China). All used cell lines were maintained in Dulbecco’s Modified Eagle Medium supplemented with 10% fetal bovine serum and 1% penicillin-streptomycin and grown in a humidified atmosphere containing 5% CO2 at 37°C. All cell lines were authenticated using short tandem repeat (STR) genotyping and tested negative for Mycoplasma.




2.9 Terminal deoxynucleotidyl transferase deoxyuridine triphosphate nick end labeling staining

Apoptosis analysis of CRC cells was performed using TUNEL staining (Millipore, Billerica, MA, USA) following the manufacturer’s instructions. Briefly, the cells were seeded on coverslips in 24-well plates at a density of 2×105 cells/well. The cell slides were then fixed in 4% paraformaldehyde for 60 min, washed with phosphate-buffered saline (PBS), permeabilized using 0.1% Triton X-100 for 2 min on ice, and stained with TUNEL detection liquid for 1 h at room temperature in the dark. Subsequently, the cells were washed twice with PBS and stained with DAPI to visualize the cell nuclei for 10 min at room temperature to visualize the cell nuclei. Fluorescent signals were visualized using a laser scanning confocal microscope (LSM800; Zeiss, Jena, Germany).




2.10 Annexin V-FITC/PI apoptosis assay

The number of apoptotic CRC cells was determined using an Annexin V-FITC/propidium iodide (PI) assay kit (BD Biosciences, New Jersey, USA) according to the manufacturer’s instructions. In brief, the collected CRC cells were washed with cold PBS and resuspended in 500 μl 1× binding buffer. Subsequently, 5 µL of annexin-V-FITC and 5 µL of PI were added to 200 µL of each sample, gently vortexed, and incubated in the dark for 15 min at room temperature. Finally, the number of stained cells was detected using a flow cytometer (BD Biosciences, San Jose, CA).




2.11 Plasmid construction and transfection

Human full-length NAT1, amplified from the human cDNA library, was cloned into the pEGFP-N1 vector to overexpress NAT1. Plasmid transfection was performed using Lipofectamine 2000 reagent (Invitrogen) according to the manufacturer’s instructions.




2.12 Quantitative real-time PCR and western blotting

The mRNA levels were analyzed by qPCR assay as previously described (46–48). Briefly, total RNA was extracted from cells using TriPure Isolation Reagent (Roche, Basel, Switzerland), following the manufacturer’s instructions. Subsequently, 2 µg of total RNA was reverse-transcribed into cDNA using a Transcriptor First Strand cDNA Synthesis Kit (Roche). Real-time PCR was performed on a MyiQ Single Color Real-time PCR Detection System (Bio-Rad Laboratories, Hercules, CA, USA) using the SYBR Green PCR Master Mix (Bio-Rad Laboratories). The relative mRNA expression levels were normalized to that of β-actin mRNA using the comparative 2–ΔΔCT method. Primer sequences used for the indicated genes are listed in Table 1.


Table 1 | Primer sequences used for real-time PCR analysis.



For protein extraction, cell samples were homogenized and lysed in radioimmunoprecipitation assay (RIPA) lysis buffer containing a protease inhibitor cocktail (Roche) and a phosphatase inhibitor (Roche). Protein concentrations were determined using a bicinchoninic acid (BCA) assay kit (Thermo Fisher Scientific, Waltham, MA, USA). Equal amounts of collected protein (50 µg) were then separated by sodium dodecyl sulfate-polyacrylamide gel electrophoresis (SDS-PAGE) on 8–12% gels and transferred onto polyvinylidenefluoride membranes (Millipore) via electroblotting. Subsequently, the membranes were blocked with 5% nonfat milk in 1× tris-buffered saline with tween 20 (TBST) at room temperature and incubated with primary antibodies overnight at 4°C (primary antibodies listed in Table 2). After washing with TBST thrice, the membranes were incubated with horseradish peroxidase-conjugated secondary antibodies for 1 h at room temperature. Membranes were visualized using enhanced chemiluminescence reagent (Thermo Fisher Scientific) and immunoblotting images were captured using the ChemiDoc MP Imaging System (Bio-Rad). The housekeeping gene β-actin was used as the internal control, and the gray value of each band was quantitatively analyzed using ImageJ software (National Institute of Health, Bethesda, MD, USA).


Table 2 | Antibodies used for western blot analyses.






2.13 Statistical analysis

All statistical analyses were performed using R (version 4.3.1). Continuous variables were compared using the Wilcoxon rank-sum test, appropriate for non-normally distributed data such as gene expression levels. Categorical variables were analyzed with the Chi-square test. For comparisons involving more than two groups, the Kruskal-Wallis test was used as a non-parametric alternative to ANOVA, suitable for non-normally distributed data, including gene expression and other derived metrics. Spearman’s rank correlation was applied to assess associations between variables, given its robustness in handling non-linear and non-parametric data. Statistical significance was defined as p < 0.05.





3 Results



3.1 Workflow of this study

The training cohort included 585 patients with CRC from the TCGA database, while the validation cohort consisted of 65 patients from GSE29621, 177 patients from GSE17536, and 122 patients from GSE38832. A flowchart summarizing the study design is provided in Figure 1.




Figure 1 | Workflow.






3.2 Identification of PCD-related DEGs

Differential expression analysis identified 2,967 DEGs from the TCGA-CRC dataset (Figure 2A). To improve accuracy, the same analysis was performed on GSE39582 (Figure 2B). We subsequently identified the intersection of DEGs from both cohorts with 1,267 PCD-related genes, yielding 42 differentially expressed PCD-related genes, as illustrated in the Venn diagram (Figure 2C).




Figure 2 | Identification of differentially expressed genes (DEGs) related to PCD and construction of prognostic gene signature. (A, B) Volcano plot and heatmap of DEGs between CRC and normal tissues in TCGA and GSE39582. (C) Venn diagram reveals 42 PCD-related DEGs obtained from the intersection. (D) The expression profiles of seven genes associated with prognosis identified through univariate Cox regression analysis. (E) LASSO regression employed for screening of univariate COX regression results. (F) A final selection of 3 genes associated with the prognosis of patients with CRC was made through multivariate COX regression analysis to create a signature. ***P < 0.001.






3.3 Construction of a PCD-related gene signature

Three PCD-related DEGs (FABP4, AQP8, and NAT1) with prognostic significance were identified using univariate, Lasso-Cox, and multivariate Cox regression analyses (Figures 2D–F). Subsequently, Kaplan-Meier analysis was performed to determine the prognostic value of
FABP4, AQP8, and NAT1, with OS as the outcome metric. Patients with CRC with high NAT1 and AQP8
expression showed better OS, whereas high FABP4 expression significantly correlated with shorter OS (Supplementary Figure S1). The risk score for each patient was calculated using the formula: risk score = (0.186 × FABP4) + (0.103 × AQP8) + (-0.449 × NAT1). We investigated the associations between risk scores and diverse clinical characteristics, including survival status, clinical stage, N stage, and M stage. Poor clinical outcomes were associated with higher risk scores (Figures 3A, B). Patients with CRC were stratified into high- and low-risk groups based on the median risk
score to evaluate functional differences between the two groups. GO and KEGG analyses were applied to identify the biological functions and pathways of the 150 DEGs in the high- and low-risk groups (Supplementary Table S2). We focused on the top five enrichment results from both GO and KEGG and discovered that the biological processes were involved in metabolic processes. In addition, the KEGG analysis of the DEGs indicated that retinol metabolism and drug metabolism-cytochrome P450 were among the most significantly enriched pathways (Figure 3C). Furthermore, a close relationship between 42 PCD-related DEGs and CNV was explored in the TCGA-CRC cohort. Notably, AQP8 and FABP4 were frequently expressed, whereas NAT1 was occasionally expressed in CRC (Figure 3D).




Figure 3 | Clinical relevance and functional analysis of the constructed gene signature. (A) Box plots depicting the association between risk score and clinical characteristics. (B) Heatmap regarding the expression of the three model genes and the patient’s features. (C) Enrichment analysis the DEGs in high- and low-risk groups. (D) CNV status of 42 PCD-related DEGs. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.






3.4 Internal training and external validation of the PCD-related gene signature

Subsequently, OS rates were compared between patients with high- and low-risk scores in the TCGA training cohort. The OS rate was significantly lower in patients with CRC who had high-risk scores than in those with low-risk scores (Figures 4A, B). Additionally, t-SNE analysis revealed that the established risk score was suitable for classification (Figure 4C). There was a significant difference in the OS between the two groups according to the risk score. Patients in the low-risk group had a better OS than those in the high-risk group (Figure 4D). The GSE29621, GSE17536, and GSE38832 datasets were used as validation cohorts. Patients from these validation cohorts were divided into high- and low-risk groups based on the median risk scores. Consistent with the results of the training cohort, the survival rates, OS, and Disease Specific Survival (DSS) in the validation cohort were lower in the high-risk group than those in the low-risk group (Figures 4A–D).




Figure 4 | Internal training and external validation of the gene signature prediction model. (A) Distribution of risk score between low- and high-risk groups. (B) Survival status of patients with CRC in the low- and high-risk groups. (C) t-SNE analysis plot based on the risk group. (D) The differences between OS and DSS in different risk groups.






3.5 Unsupervised clustering of PCD-related gene signature

To further investigate unidentified CRC subtypes, we performed CC analysis on three PCD-related model genes. The results showed that the differences between the subgroups were most pronounced at maxK = 2, suggesting that the patients with CRC could be effectively categorized into two groups (Figure 5A). Furthermore, t-SNE clustering analysis was conducted on the two subtypes, yielding satisfactory differentiation results (Figure 5B). Notably, there were significant differences in OS between the subtypes, with cluster 2 displaying a more favorable prognosis and cluster 1 showing a poorer prognosis (Figure 5C). Similar results were observed in the validation cohorts GSE29621, GSE17536 and GSE38832. Furthermore, analysis indicated that the majority of Cluster1 was linked to a high-risk score, while the majority of Cluster2 was correlated with a low-risk score (Figure 5D).




Figure 5 | Unsupervised clustering of PCD related model genes. (A) Empirical cumulative distribution function plot displaying consensus distributions for each k value (from 2 to 4). (B) t-SNE analysis plot based on the molecular clusters. (C) Kaplan-Meier analysis of the prognostic differences between two molecular clusters. (D) Diagram showing the interrelationship between molecular clusters, survival status, and risk score groups.






3.6 Establishment and assessment of the nomogram survival model

Univariate and multivariate Cox regression analyses were performed on the clinical information and corresponding risk scores of the 585 patients from TCGA. Univariate Cox regression analysis identified that risk score, stage, T-stage, N-stage, M-stage, and age significantly affected survival. Subsequently, when these survival-influencing factors were incorporated into the Multivariate Cox regression analysis, the established risk score was determined to be an independent prognostic indicator (Figure 6A). A nomogram was developed for TCGA cohort utilizing Multivariate Cox regression analysis to evaluate the OS of patients with CRC at 1, 2, and 4 years. The model incorporated risk score, stage, M-stage, and age (Figure 6B). The calibration curve illustrates the precision of the model in predicting survival rates at these time points (Figure 6C). Additionally, the area under the curve values was assessed in four independent cohorts, indicating that the nomogram exhibited high accuracy in predicting survival rates at 1, 2, and 4 years for patients with CRC (Figure 6D).




Figure 6 | Establishment and assessment of the nomogram. (A) Univariate and multivariate analysis for the clinicopathologic characteristics and risk score. (B) A nomogram capable of predicting the prognosis of patients with CRC. (C) Calibration plots showing the probability of 1-, 2-, and 4-year OS. (D) ROC curves analysis of nomogram. **P < 0.01; ***P < 0.001.






3.7 Dissection of TME based on PCD-related gene signature

Tumor immune cell infiltration is a crucial feature of the TME. Here, we employed seven algorithms, including XCELL, TIMER, QUANTISEQ, MCPCOUNTER, ESTIMATE, EPIC, and CIBERSORT, to assess the immune cell infiltration scores of 585 patients from TCGA database. Spearman’s correlation analysis demonstrated a potential relationship between lower risk scores and heightened immune activity. The risk score inversely correlated with the infiltration of various immune cells, including B cells, CD4+ memory T cells, CD4+ T cells, CD8+ naïve T cells, CD8+ Tcm cells, cDC, and other immune cells (Figure 7A). This trend remained consistent across multiple algorithms, confirming the robustness and reliability of our risk score assessment approach. Additionally, the risk score showed a positive correlation with the stromal score, fibroblasts, and endothelial cells, and a negative correlation with M1 macrophages. To provide further insight, we compared the outputs from the different algorithms and noted minimal discrepancies, supporting the consistency of the observed associations. Visualization of the TME between low- and high-risk groups revealed that immune cells associated with a favorable tumor prognosis, such as B cells, CD4+ T cells, CD8+ T cells, plasma cells, M1 macrophages, and natural killer (NK) cells, had lower infiltration in the high-risk group than in the low-risk group. Conversely, elements linked to an unfavorable tumor prognosis, such as fibroblasts and endothelial cells, tended to have higher infiltration levels in the high-risk group (Figure 7B). These findings emphasize the differential immune landscape between risk groups, as consistently identified across algorithms. To validate the accuracy of immune infiltration and investigate the differences in immune function between the high- and low-risk groups, ssGSEA was performed. Our findings were consistent with those of previous algorithms, showing that the low-risk group had superior immune infiltration compared with the high-risk group. Moreover, the immune function scores of the low-risk group generally surpassed those of the high-risk group. Analysis using the ESTIMATE algorithm revealed that the high-risk group had remarkably higher stromal scores, but lower immune scores than the low-risk group (Figures 8A, B). To further explore the risk score expression in different cell types, single-cell RNA transcriptome data from GSE161277 were analyzed. Cell type annotation was conducted (Figure 8C), and the risk score expression in each cell was calculated using the ssGSEA and GSVA algorithms for accuracy. Violin plots consistently demonstrated that the risk score was expressed across various cell types, with tumor-associated fibroblasts exhibiting the highest expression levels. This pronounced expression in fibroblasts underscores their potential role in mediating the adverse prognostic impact associated with elevated risk scores (Figure 8D).




Figure 7 | The investigation of the immune landscape in low- and high-risk groups. (A) Plot illustrating the correlation between risk score and levels of immune cell infiltration. (B) The difference in immune cell infiltration level between low- and high-risk groups. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.






Figure 8 | Dissection of TME based on PCD signature. (A) The difference of TME score between in low- and high-risk groups. (B) ssGSEA algorithm calculated the differences in immune cell infiltration levels and immune function between low- and high-risk groups. (C) Visualization of all cell subtypes from 7 samples through t-SNE plot. Different cell subtypes were annotated. Proportions of different cell types in each sample were computed. (D) Violin plot of risk score in different cell types. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.






3.8 PCD-related gene signature was associated with immunotherapy responses in CRC

Immunotherapy has emerged as a powerful clinical approach for treating various cancers (49). However, patients who fail to mount an effective immune response do not derive significant benefit from immunotherapies. Therefore, there is an urgent need to distinguish between immunotherapy-sensitive and immunotherapy-insensitive patients with CRC. The TIDE algorithm, which assessed the predictive power of the risk score in determining immunotherapy response in patients with CRC, revealed that responders had lower risk scores than non-responders. Notably, the low-risk group displayed lower TIDE scores and correlation analyses, indicating a positive relationship between the risk and TIDE scores. Furthermore, the low-risk group showed a higher immunotherapy response rate (48.8%) in contrast to the poorer response rate observed in the high-risk group (28.4%). Moreover, the risk score was associated with the tumor stroma, prompting an investigation into the impact of stromal scores on immunotherapy response rates. Interestingly, the high stromal score group exhibited a lower immunotherapy response rate (22.3%) compared to those in the low stromal score group. (54.9%) (Figure 9A). By integrating the risk and stromal scores, the findings revealed that in the low-stromal score group, the immunotherapy response rates were 61.7% and 46% in the low-risk and high-risk groups, respectively. Conversely, in the high stromal score group, the immunotherapy response rate was 32% in the low-risk group and 15% in the high-risk group. These findings suggest that the combination of the risk and stromal score could serve as a reliable biomarker for predicting immunotherapy response in patients with CRC.




Figure 9 | Efficacy of PCD signature in predicting therapeutic sensitivity. (A) Differences in risk score among patients with different responses to immunotherapy. The correlation between risk score and TIDE. Variations in immunotherapy response rates between high- and low-risk groups. Differences in immunotherapy response rates between high- and low stromal score groups. (B) Utilizing risk score and stromal score together to predict immunotherapy response rates. Disparities in IPS between patients in different risk groups. (C, D) Validation of the predictive efficiency of the PCD signature in the IMvigor210 and GSE78220 cohort. (E) Variations in IC50 of first-line clinical treatment drugs for CRC between high- and low-risk groups. (F) The correlation between riskscore and IC50 values for first-line clinical treatment drugs in CRC. The ten drugs with the lowest IC50 values selected from a pool of 198 drugs. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.



Additionally, the IPS is a molecular indicator used to assess the immune status of tumors in patients, with a higher IPS suggesting a more favorable response to immunotherapy. Analysis of IPS data from the TCGA database revealed that the low-risk group generally exhibited higher IPS levels (Figure 9B). The relationship between the risk score and immunotherapy response rates was further validated using two independent datasets, GSE78220 and Imvigor210. Both datasets showed that the patients who responded positively to immunotherapy tended to have lower risk scores. Additionally, individuals in the low-risk category displayed higher rates of immunotherapy response. Moreover, patients with a low-risk score demonstrated similarly superior OS compared with those with a high-risk score within the immunotherapy cohort (Figures 9C, D).




3.9 Efficacy of PCD-related gene signature in predicting drug sensitivity

To investigate the relationship between PCD-related gene signatures and drug sensitivity in patients with CRC, our analysis focused on comparing the IC50 values of first-line drugs (5-Fluorouracil, Oxaliplatin, Irinotecan, Epirubicin, Cisplatin, and Vincristine) between the high- and low-risk groups of clinically treated patients with CRC. Interestingly, we observed that patients in the low-risk group demonstrated a significantly higher sensitivity to these first-line drugs (Figure 9E). A correlation plot revealed a positive correlation between the IC50 values of first-line drugs and the risk score, implying that patients with elevated risk score expression could potentially develop resistance to first-line drugs.

To explore new therapeutic possibilities for patients insensitive to first-line CRC treatment drugs, we calculated the median IC50 values of 198 chemotherapy/targeted drugs. The top ten drugs with the lowest IC50 values (Vinblastine, Vinorelbine, Eg5, Paclitaxel, and Camptothecin, etc.) were identified in ascending order. The very low IC50 values suggest the potential sensitivity of patients with CRC to these drugs, making them potential candidates for those who are insensitive to first-line treatment drugs (Figure 9F).




3.10 Biological function of the selected gene

To verify the expression of model genes, qPCR showed that NAT1 and AQP8 had significantly lower expression levels, while FABP4 showed higher expression in CRC cell lines (LOVO and SW480) compared with that in NCM460 normal cells (Figures 10A–C). Interestingly, the results of FABP4 mRNA levels seemed to be inconsistent with the analysis from the TCGA database. This discrepancy may be due to differences in the cell lines and tumor tissues used to measure mRNA expression. We focused on exploring the role of NAT1 in CRC since NAT1 yielded the largest contribution to the risk model. GSEA revealed that apoptosis signaling pathway genes were enriched in the high NAT1 expression phenotype (Figure 10D). Strikingly, NAT1 overexpression was correlated with increased tumor cell apoptosis, as determined by TUNEL and Annexin V/PI staining (Figures 10E–H). Consistent with these results, NAT1 overexpression increased the expression of apoptosis-related proteins, including BAX and cleaved caspase-3 (Figures 10I, J). Collectively, these findings suggested that NAT1 dramatically activated apoptosis in CRC cells.




Figure 10 | Experimental verification of 3 genes expression and role of NAT1 in mediating apoptosis in colorectal cancer cells. (A–C) The mRNA levels of NAT1 (A), AQP8 (B), and FABP4 (C) in NCM460 normal colonic and LOVO and SW480 colorectal cancer cells. (D) GSEA of apoptosis pathway in the NAT1-high subgroups. (E, F) Representative images of the TUNEL assays exposed to NAT1 overexpression in LOVO (E) and SW480 (F) cells, respectively. (G, H) Apoptosis was evaluated by Annexin V/PI staining with a flow cytometer. (I, J) Western blot results for analysis of BAX and cleaved caspase-3 expression treated with NAT1 overexpression. n=6 for each group. *P < 0.05; **P < 0.01; ***P < 0.001.







4 Discussion

This study provides a comprehensive analysis of 14 distinct PCD types, resulting in the identification of crucial PCD-related genes in CRC and the development of a novel risk score. The outstanding predictive performance of the risk score was extensively validated using multiple external cohorts. Furthermore, we integrated the risk score with patients’ clinical characteristics to construct a nomogram, enhancing its clinical relevance and further strengthening its predictive accuracy. Our findings reveal a significant association between the risk score and the TME, immunotherapy responsiveness, and drug sensitivity, highlighting its clinical applicability in precision oncology. Existing CRC prognostic models typically focus on single-gene markers or individual PCD pathways, such as PD-L1, ferroptosis, or cuproptosis alone (50–52). In contrast, our model uniquely integrates multiple PCD pathways, enabling a comprehensive analysis to identify the genes that play a more pivotal role in prognosis, which are subsequently used to construct a robust predictive model. This multi-dimensional approach not only enhances the accuracy of patient stratification but also provides a more nuanced prediction of therapeutic outcomes, encompassing both immunotherapy and chemotherapy responses. The robustness of our model is further underscored by its validation through single-cell transcriptomic data, reflecting its adaptability and reliability. By capturing the complexity of the TME and the diverse PCD pathways involved, our model offers an innovative and personalized framework for optimizing CRC patient management, positioning it as a superior prognostic tool compared to existing models.

Increasing evidence suggests that PCD plays a fundamental role in biological processes and has long been linked to the development and metastasis of cancer (44). Our established signature, composed of three genes associated with PCD (NAT1, AQP8, and FABP4), has been shown to accurately predicted OS and DSS in patients with CRC. Each of these model genes fulfills unique functions in CRC progression via distinct mechanisms. FABP4, a low-molecular-weight protein responsible for transporting long-chain fatty acids and other hydrophobic ligands, has a significant impact on tumor initiation, progression, and treatment (53). In ovarian cancer cells, enhanced expression of FABP4 induced by adipocytes not only promotes metastasis but also mediates resistance to carboplatin (54). In pancreatic cancer, FABP4 facilitates the movement, invasion, and spread of cancer cells by influencing signals related to epithelial-mesenchymal transition (EMT) (55). Consistent with previous studies, Kaplan-Meier analysis demonstrated that patients with CRC with high FABP4 expression exhibited a lower survival rate, suggesting that FABP4 is a potential risk factor for CRC. AQP8 functions as a water-selective transporter (56). Our analysis indicated that patients with CRC with low AQP8 expression had a poorer prognosis. Previous studies have shown that AQP8 overexpression can lead to a notable decrease in the growth, invasiveness, and colony formation of SW480 and HT-29 CRC cells. This is possibly due to AQP8 overexpression, which inhibits the PI3K/AKT signaling pathway and PCDH7 expression, ultimately suppressing oncogenic characteristics (57). NAT1 is a phase II xenobiotic-metabolizing enzyme that is widely distributed in various tissues (58). Our results indicate that elevated levels of NAT1 expression are correlated with better outcomes in patients with CRC. Furthermore, NAT1 emerged as a key gene in our model, with the highest contribution from the risk model. Therefore, we focused on this gene in the present study. Initial validation of NAT1 expression, supported by qPCR results aligned with TCGA-CRC data, indicated reduced expression in tumors. Furthermore, our exploration of the relationship between NAT1 expression and PCD through GSEA demonstrated the upregulation of the apoptotic pathway in response to high NAT1 expression. Interestingly, previous studies show that NAT1 knockdown promotes apoptosis in HT-29 cells under low glucose conditions (59). This seems contrary to our results, which revealed that NAT overexpression led to apoptosis in two different cell lines (LOVO and SW480). A possible explanation is that the regulatory role of NAT1 in apoptosis varies across HT-29, LoVo, and SW480 cells, depending on the p53 status and cellular context. In HT-29 cells, NAT1 stabilizes the gain-of-function mutant p53 (R273H) under low-glucose conditions, thereby modulating its activity. This stabilization enables the mutant p53 to effectively reduce ROS accumulation, which, in turn, suppresses glucose deprivation-induced apoptosis (59). In contrast, in LoVo cells, where p53 is wild-type and retains its pro-apoptotic function under cellular stress (60), NAT1 overexpression may increase ROS levels or alter metabolic pathways, further activating p53’s apoptotic response, leading to increased cell death. Similarly, in SW480 cells, despite the presence of mutant p53 (R273H and P309S) (61), the mutation type differs from that in HT-29 cells, potentially preventing NAT1 from exerting the same stabilizing effect, and instead, inducing apoptosis through alternative mechanisms, such as ROS elevation. This indicates that the function of NAT1 varies significantly depending on the p53 background and cellular stress conditions, highlighting the importance of investigating NAT1’s role in specific cell types and contexts.

Disrupted microenvironments significantly influence the occurrence and development of tumors. The TME aids tumors in evading immune surveillance and drug interference. The three model genes play distinct roles within the TME. FABP4 regulates lipid metabolism, enhancing fatty acid transport and activating pro-tumorigenic pathways, which promote the accumulation of tumor-associated macrophages (TAMs) and myeloid-derived suppressor cells (MDSCs), leading to immune suppression and tumor immune evasion (62). AQP8 modulates ROS levels within the TME, influencing immune cell behavior and promoting the recruitment of suppressive cells like Regulatory T cells (Tregs) and MDSCs, which create an immunosuppressive environment that supports tumor progression (63). NAT1 modulates the TME by regulating immune cell infiltration levels, particularly affecting Cytotoxic T Lymphocytes (CTLs), NK cells, and TAMs. Downregulation of NAT1 correlates with decreased CTL and NK cell infiltration, promoting an immunosuppressive environment characterized by increased TAM and Treg presence, which collectively facilitates tumor progression and metastasis (64–66). In the TME, various cell types collectively contribute to tumor development, significantly impacting patient prognosis (67). M1 macrophages, known for their “classical activation,” produce type I pro-inflammatory cytokines, engage in antigen presentation, and possess anti-tumorigenic properties (68). However, cancer-associated fibroblasts contribute to pro-tumorigenic functions (69). The tumor vasculature sustained by the TME supports continuous tumor growth (70). Endothelial cells contribute to the formation of new blood vessels by regulating angiogenesis (71). The initiation of primary tumor invasion involves the critical process of EMT, where tumor cells undergo a transformation marked by the loss of epithelial markers and the acquisition of mesenchymal traits. This phenotypic shift confers stem cell-like properties and a migratory phenotype to tumor cells, supported by the altered immune microenvironment (72). Several studies have shown that the stroma plays an essential role in cancer phenotype transformation (73). CD8+ T cells significantly correlated with recurrence time, DFS, and OS in patients (74). Our analysis aligns with the findings of previous research. Patients with high-risk scores and poor prognoses displayed decreased levels of beneficial immune cells, such as CD8+ T cells, CD4+ T cells, M1 macrophages, and NK cells, whereas cells that support tumor progression, such as endothelial cells, tumor-associated fibroblasts, and stromal infiltration, were elevated. These patterns were consistent across various algorithms, elucidating the basis of unfavorable prognosis in this patient cohort. As the risk score increases, immune cell infiltration decreases, tumor stromal components increase, and immune function deteriorates, creating an imbalanced TME that facilitates tumor formation and invasion. Consequently, patients with high-risk scores had lower survival rates and poorer prognoses.

Immunotherapy has revolutionized the treatment of patients with unresectable cancers (49). Biomarkers, such as PD-1 and PD-L1 are valuable for predicting the effectiveness of immunotherapy. However, the interplay between these biomarkers is intricate, and it is unclear whether combining them enhances the efficacy compared to using a single marker (75). This study investigated the correlation between the risk score and effective immunotherapy biomarkers. Results from the ssGSEA immune checkpoint analysis showed that the low-risk group exhibited superior performance. Furthermore, the application of the TIDE score, which indicates immune escape likelihood and ICI treatment effectiveness, showed a significantly higher TIDE score in the high-risk group. The positive correlation between the risk score and TIDE score suggested that patients with lower risk scores derived greater benefits from ICI therapy. By combining the stromal and risk scores, we were able to predict the responsiveness of patients with CRC to immunotherapy more accurately. The IPS, developed from the TCGA RNA-seq data to predict patient responses to immune checkpoint inhibitors (ICIs) (76), also indicated a better response in the low-risk group. Taking all these immunotherapy-related findings into consideration, it appears that patients in the low-risk group may benefit more from immunotherapy in the context of CRC treatment.

Pharmacological interventions, encompassing chemotherapy and targeted therapies, are pivotal in enhancing survival outcomes for patients with CRC (77). Our results indicated a correlation between the risk score and IC50 values of chemotherapy/targeted drugs in patients with CRC. The IC50 values were calculated for 198 chemotherapy/targeted drugs, revealing that patients in the low-risk group exhibited higher sensitivity to the first-line clinical treatment drugs for CRC than those in the high-risk group. Furthermore, correlation analysis revealed a positive relationship between the risk score and the IC50 values of first-line clinical treatment drugs, indicating that as the risk score increases, patients with CRC may develop resistance to these drugs. To identify potential alternative treatments for patients with CRC, we arranged the median IC50 values of non-first-line drugs in ascending order and pinpointed the ten drugs with the lowest values. These drugs are promising for the treatment of patients unresponsive to first-line drugs. Consequently, it is plausible to consider that patients at high-risk may derive lesser benefits from first-line drug treatments and might require alternative drugs or treatment strategies.

The PCD-related gene signature developed in this study offers a practical and translational tool for CRC management, enabling precise patient stratification through risk score calculation. In clinical settings, gene expression levels of FABP4, AQP8, and NAT1 can be measured from routine biopsy samples using established techniques such as qPCR or RNA sequencing. These technologies, widely available in modern hospitals, allow for the rapid and accurate quantification of gene expression, integrating seamlessly into clinical workflows. This stratification guides personalized treatment decisions, such as prioritizing low-risk patients for standard chemotherapy or identifying high-risk individuals for alternative or immunotherapy approaches, thereby maximizing therapeutic efficacy and improving clinical outcomes. Thus, the integration of gene expression analysis and risk score computation in hospitals is not only feasible but also streamlined for clinical application.

While our risk model demonstrates strong performance across TCGA-CRC and external cohorts, its generalizability may be limited due to the demographic and geographic diversity of the sample populations, potentially restricting its applicability to broader CRC populations. Computational methods, including XCELL, TIMER, and others, were employed to analyze the TME and immune cell infiltration, yet these algorithms may not fully capture the dynamic and complex immune interactions. Although IC50 values provide preliminary insights into drug sensitivity, further experimental and clinical studies are needed to validate their efficacy and safety. Future research should incorporate multi-ethnic cohorts and utilize single-cell RNA sequencing and spatial transcriptomics to better characterize TME heterogeneity and validate the mechanistic roles of hub genes (e.g., NAT1, AQP8, FABP4).

In summary, our study highlights the unique advantages of utilizing multigene combinations over single genes for predicting cancer prognosis. The risk model, which was derived from hub genes across 14 types of PCD, plays a crucial role in the diagnosis and prognosis of patients with CRC. Furthermore, our study offers a straightforward approach for categorizing patients into high- or low-risk subgroups. Finally, we conducted separate investigations on TME variances, mutation statuses, immune therapy responses, chemotherapy drug sensitivities, and other factors in these subgroups. This study offers valuable insights into the tailoring of personalized treatment plans for patients with CRC.




5 Conclusions

We developed a risk model for patients with CRC. This model showed a significant correlation between the risk score and various factors such as patient prognosis, TME, response to immunotherapy, and sensitivity to chemotherapy drugs. Patients classified in the low-risk group demonstrated better prognoses and higher response rates to immunotherapy and first-line chemotherapy drugs compared to those in the high-risk group. Conversely, patients in the high-risk group may experience resistance to first-line CRC chemotherapy drugs as their risk score increases. Through the use of regression methods, 10 drugs were identified as sensitive for CRC treatment, offering potential for patients who do not respond well to standard first-line medications. To further elucidate the molecular mechanisms underlying the model genes, NAT1, as the most pivotal gene within the risk model, was selected for subsequent fundamental experimental investigations. The findings suggested that NAT1 may play a role in CRC progression by impacting cell apoptosis.





Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.





Ethics statement

Ethical approval was not required for the studies on humans in accordance with the local legislation and institutional requirements because only commercially available established cell lines were used.





Author contributions

J-YM: Data curation, Formal analysis, Software, Writing – original draft. Y-XW: Data curation, Formal analysis, Software, Writing – original draft. Z-YZ: Data curation, Formal analysis, Software, Writing – original draft. Z-YX: Validation, Writing – original draft. Z-LZ: Writing – review & editing, Funding acquisition. JC: Validation, Writing – review & editing. J-WG: Conceptualization, Funding acquisition, Project administration, Supervision, Writing – review & editing.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This study was supported by National Natural Science Foundation of China (grant nos. 82300526); Natural Science Foundation of Hubei province (grant no. 2022CFB648; 2022CFB088).




Acknowledgments

The authors express their gratitude to the operators and scientists for freely providing the TCGA and GEO datasets used in this research.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2024.1483987/full#supplementary-material.

Supplementary Figure S1 | relationship between expression levels of the three model genes and OS separately.

Supplementary Table S1 | programmed cell death gene.

Supplementary Table S2 | enrichment analysis of high- and low- risk groups; Data; R script; AQP8、FABP4、NAT1_QPCR; full_membranes_WB.



Abbreviations














TCGA, the cancer genome atlas; GEO, gene expression omnibus; CRC, colorectal cancer; PCD, programmed cell death; TME, tumor microenvironment; LCD, lysosome-dependent cell death; DEGs, differentially expressed genes; t-SNE, t-distributed stochastic neighbor embedding; OS, overall survival; CC, consensus clustering; ROC, receiver operating characteristic; DSS, disease specific survival; ssGSEA, single-sample gene set enrichment analysis; GSVA, gene set variation analysis; IC50, half maximal inhibitory concentration; ICI, immune checkpoint inhibitor; PD-1, programmed cell death protein 1; PD-L1, programmed death-ligand 1; EMT, epithelial-mesenchymal transition; TAMs, tumor-associated macrophages; MDSCs, myeloid-derived suppressor cells; NK cells, natural killer cells.




References

1. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin. (2021) 71:209–49. doi: 10.3322/caac.21660

2. Dekker, E, Tanis, PJ, Vleugels, JLA, Kasi, PM, and Wallace, MB. Colorectal cancer. Lancet. (2019) 394:1467–80. doi: 10.1016/S0140-6736(19)32319-0

3. Sagaert, X, Vanstapel, A, and Verbeek, S. Tumor heterogeneity in colorectal cancer: what do we know so far? Pathobiology. (2018) 85:72–84. doi: 10.1159/000486721

4. Sasaki, N, and Clevers, H. Studying cellular heterogeneity and drug sensitivity in colorectal cancer using organoid technology. Curr Opin Genet Dev. (2018) 52:117–22. doi: 10.1016/j.gde.2018.09.001

5. Sargent, D, Sobrero, A, Grothey, A, O’Connell, MJ, Buyse, M, Andre, T, et al. Evidence for cure by adjuvant therapy in colon cancer: observations based on individual patient data from 20,898 patients on 18 randomized trials. J Clin Oncol. (2009) 27:872–7. doi: 10.1200/jco.2008.19.5362

6. Edwards, BK, Ward, E, Kohler, BA, Eheman, C, Zauber, AG, Anderson, RN, et al. Annual report to the nation on the status of cancer 1975-2006, featuring colorectal cancer trends and impact of interventions (risk factors, screening, and treatment) to reduce future rates. Cancer. (2010) 116:544–73. doi: 10.1002/cncr.24760

7. Pinsky, PF, and Doroudi, M. Colorectal cancer screening. Jama. (2016) 316:1715. doi: 10.1001/jama.2016.13849

8. Simmonds, PC, Primrose, JN, Colquitt, JL, Garden, OJ, Poston, GJ, and Rees, M. Surgical resection of hepatic metastases from colorectal cancer: a systematic review of published studies. Br J Cancer. (2006) 94:982–99. doi: 10.1038/sj.bjc.6603033

9. Tomlinson, JS, Jarnagin, WR, DeMatteo, RP, Fong, Y, Kornprat, P, Gonen, M, et al. Actual 10-year survival after resection of colorectal liver metastases defines cure. J Clin Oncol. (2007) 25:4575–80. doi: 10.1200/jco.2007.11.0833

10. Hornbech, K, Ravn, J, and Steinbrüchel, DA. Outcome after pulmonary metastasectomy: analysis of 5 years consecutive surgical resections 2002-2006. J Thorac Oncol. (2011) 6:1733–40. doi: 10.1097/JTO.0b013e3182287da2

11. Loupakis, F, Cremolini, C, Masi, G, Lonardi, S, Zagonel, V, Salvatore, L, et al. Initial therapy with FOLFOXIRI and bevacizumab for metastatic colorectal cancer. N Engl J Med. (2014) 371:1609–18. doi: 10.1056/NEJMoa1403108

12. Mishra, AP, Salehi, B, Sharifi-Rad, M, Pezzani, R, Kobarfard, F, Sharifi-Rad, J, et al. Programmed cell death, from a cancer perspective: an overview. Mol Diagn Ther. (2018) 22:281–95. doi: 10.1007/s40291-018-0329-9

13. Taddei, ML, Giannoni, E, Fiaschi, T, and Chiarugi, P. Anoikis: an emerging hallmark in health and diseases. J Pathol. (2012) 226:380–93. doi: 10.1002/path.3000

14. Tang, D, Kang, R, Berghe, TV, Vandenabeele, P, and Kroemer, G. The molecular machinery of regulated cell death. Cell Res. (2019) 29:347–64. doi: 10.1038/s41422-019-0164-5

15. Liu, X, Nie, L, Zhang, Y, Yan, Y, Wang, C, Colic, M, et al. Actin cytoskeleton vulnerability to disulfide stress mediates disulfidptosis. Nat Cell Biol. (2023) 25:404–14. doi: 10.1038/s41556-023-01091-2

16. Xie, J, Yang, Y, Gao, Y, and He, J. Cuproptosis: mechanisms and links with cancers. Mol Cancer. (2023) 22:46. doi: 10.1186/s12943-023-01732-y

17. Jassi, C, Kuo, WW, Chang, YC, Wang, TF, Ho, TJ, Hsieh, DJ, et al. MicroRNA-376a-3p sensitizes CPT-11-resistant colorectal cancer by enhancing apoptosis and reversing the epithelial-to-mesenchymal transition (EMT) through the IGF1R/PI3K/AKT pathway. Transl Oncol. (2024) 50:102125. doi: 10.1016/j.tranon.2024.102125

18. Long, J, Wang, J, Xiao, C, You, F, Jiang, Y, and Li, X. Intratumoral microbiota in colorectal cancer: focus on specific distribution and potential mechanisms. Cell Commun Signal. (2024) 22:455. doi: 10.1186/s12964-024-01831-3

19. Feng, SH, Zhao, B, Zhan, X, Li, RH, Yang, Q, Wang, SM, et al. Quercetin-induced pyroptosis in colon cancer through NEK7-mediated NLRP3 inflammasome-GSDMD signaling pathway activation. Am J Cancer Res. (2024) 14:934–58. doi: 10.62347/mkan3550

20. Zhou, Y, Zhang, W, Wang, B, Wang, P, Li, D, Cao, T, et al. Mitochondria-targeted photodynamic therapy triggers GSDME-mediated pyroptosis and sensitizes anti-PD-1 therapy in colorectal cancer. J Immunother Cancer. (2024) 12:e008054. doi: 10.1136/jitc-2023-008054

21. Lin, YS, Tsai, YC, Li, CJ, Wei, TT, Wang, JL, Lin, BW, et al. Overexpression of NUDT16L1 sustains proper function of mitochondria and leads to ferroptosis insensitivity in colorectal cancer. Redox Biol. (2024) 77:103358. doi: 10.1016/j.redox.2024.103358

22. Song, M, Huang, S, Wu, X, Zhao, Z, Liu, X, Wu, C, et al. UBR5 mediates colorectal cancer chemoresistance by attenuating ferroptosis via Lys 11 ubiquitin-dependent stabilization of Smad3-SLC7A11 signaling. Redox Biol. (2024) 76:103349. doi: 10.1016/j.redox.2024.103349

23. Dong, Y, He, Y, Geng, Y, Wei, M, Zhou, X, Lian, J, et al. Autophagy-related lncRNAs and exosomal lncRNAs in colorectal cancer: focusing on lncRNA-targeted strategies. Cancer Cell Int. (2024) 24:328. doi: 10.1186/s12935-024-03503-1

24. Liu, Y, Li, Q, Fang, L, Hu, X, Pan, Z, Hu, Q, et al. Semen Raphani Remodels tumor-stroma and Enhances the antitumor effect of Oxaliplatin via ATG9A mediated autophagy in colorectal cancer. J Funct Foods. (2024) 122:106463. doi: 10.1016/j.jff.2024.106463

25. Wang, N, Li, CY, Yao, TF, Kang, XD, and Guo, HS. OSW-1 triggers necroptosis in colorectal cancer cells through the RIPK1/RIPK3/MLKL signaling pathway facilitated by the RIPK1-p62/SQSTM1 complex. World J Gastroenterol. (2024) 30:2155–74. doi: 10.3748/wjg.v30.i15.2155

26. Rumin, S, Han, X, Zeng, C, Lv, F, Fang, R, Gong, R, et al. Systematic analysis of cuproptosis abnormalities and functional significance in cancer. PloS One. (2024) 19:e0300626. doi: 10.1371/journal.pone.0300626

27. Wang, Y, Pei, P, Yang, K, Guo, L, and Li, Y. Copper in colorectal cancer: From copper-related mechanisms to clinical cancer therapies. Clin Transl Med. (2024) 14:e1724. doi: 10.1002/ctm2.1724

28. Peng, C, Yang, P, Zhang, D, Jin, C, Peng, W, Wang, T, et al. KHK-A promotes fructose-dependent colorectal cancer liver metastasis by facilitating the phosphorylation and translocation of PKM2. Acta Pharm Sin B. (2024) 14:2959–76. doi: 10.1016/j.apsb.2024.04.024

29. Geroyska, S, Mejia, I, Chan, AA, Navarrete, M, Pandey, V, Kharpatin, S, et al. N-myristoytransferase inhibition causes mitochondrial iron overload and parthanatos in TIM17A-dependent aggressive lung carcinoma. Cancer Res Commun. (2024) 4:1815–33. doi: 10.1158/2767-9764.Crc-23-0428

30. Zhu, P, Wu, H, Zheng, B, Wang, H, and Zou, Y. Elucidating the impact of parthanatos-related microRNAs on the tumoral immune microenvironment and clinical outcome in low-grade gliomas. Discovery Oncol. (2024) 15:153. doi: 10.1007/s12672-024-01025-w

31. Bozkurt, E, Düssmann, H, Salvucci, M, Cavanagh, BL, Van Schaeybroeck, S, Longley, DB, et al. TRAIL signaling promotes entosis in colorectal cancer. J Cell Biol. (2021) 220:e202010030. doi: 10.1083/jcb.202010030

32. Kim, S, Lee, D, Kim, SE, and Overholtzer, M. Entosis: the core mechanism and crosstalk with other cell death programs. Exp Mol Med. (2024) 56:870–6. doi: 10.1038/s12276-024-01227-w

33. Lin, Z, Chen, Q, and Ruan, HB. To die or not to die: Gasdermins in intestinal health and disease. Semin Immunol. (2024) 71:101865. doi: 10.1016/j.smim.2024.101865

34. Trybus, W, Trybus, E, and Król, T. Lysosomes as a target of anticancer therapy. Int J Mol Sci. (2023) 24(3):2176. doi: 10.3390/ijms24032176

35. Wu, Y, Yang, J, Xu, G, Chen, X, and Qu, X. Integrated analysis of single-cell and bulk RNA sequencing data reveals prognostic characteristics of lysosome-dependent cell death-related genes in osteosarcoma. BMC Genomics. (2024) 25:379. doi: 10.1186/s12864-024-10283-5

36. Liu, J, Kuang, F, Kang, R, and Tang, D. Alkaliptosis: a new weapon for cancer therapy. Cancer Gene Ther. (2020) 27:267–9. doi: 10.1038/s41417-019-0134-6

37. An, X, Yu, W, Liu, J, Tang, D, Yang, L, and Chen, X. Oxidative cell death in cancer: mechanisms and therapeutic opportunities. Cell Death Dis. (2024) 15:556. doi: 10.1038/s41419-024-06939-5

38. Pallichankandy, S, Thayyullathil, F, Cheratta, AR, Subburayan, K, Alakkal, A, Sultana, M, et al. Targeting oxeiptosis-mediated tumor suppression: a novel approach to treat colorectal cancers by sanguinarine. Cell Death Discovery. (2023) 9:94. doi: 10.1038/s41420-023-01376-3

39. Dong, C, Guo, Y, Wang, P, Yin, S, and Ge, X. Comprehensive analysis of disulfidptosis-related lncRNA features for prognosis and immune landscape prediction in colorectal cancer. Front Oncol. (2023) 13:1287808. doi: 10.3389/fonc.2023.1287808

40. Xiao, Y, Lin, H, Li, J, and Wu, J. Disulfidptosis-related prognostic signature correlates with immunotherapy response in colorectal cancer. Sci Rep. (2024) 14:81. doi: 10.1038/s41598-023-49954-w

41. Carneiro, BA, and El-Deiry, WS. Targeting apoptosis in cancer therapy. Nat Rev Clin Oncol. (2020) 17:395–417. doi: 10.1038/s41571-020-0341-y

42. Zhang, Z, Zhang, Y, Xia, S, Kong, Q, Li, S, Liu, X, et al. Gasdermin E suppresses tumour growth by activating anti-tumour immunity. Nature. (2020) 579:415–20. doi: 10.1038/s41586-020-2071-9

43. Zhang, C, Liu, X, Jin, S, Chen, Y, and Guo, R. Ferroptosis in cancer therapy: a novel approach to reversing drug resistance. Mol Cancer. (2022) 21:47. doi: 10.1186/s12943-022-01530-y

44. Su, Z, Yang, Z, Xu, Y, Chen, Y, and Yu, Q. Apoptosis, autophagy, necroptosis, and cancer metastasis. Mol Cancer. (2015) 14:48. doi: 10.1186/s12943-015-0321-5

45. Diao, X, Guo, C, and Li, S. Identification of a novel anoikis-related gene signature to predict prognosis and tumor microenvironment in lung adenocarcinoma. Thorac Cancer. (2023) 14:320–30. doi: 10.1111/1759-7714.14766

46. Guo, JW, Liu, X, Zhang, TT, Lin, XC, Hong, Y, Yu, J, et al. Hepatocyte TMEM16A deletion retards NAFLD progression by ameliorating hepatic glucose metabolic disorder. Adv Sci (Weinh). (2020) 7:1903657. doi: 10.1002/advs.201903657

47. Liu, X, Guo, JW, Lin, XC, Tuo, YH, Peng, WL, He, SY, et al. Macrophage NFATc3 prevents foam cell formation and atherosclerosis: evidence and mechanisms. Eur Heart J. (2021) 42:4847–61. doi: 10.1093/eurheartj/ehab660

48. Guo, J, Song, Z, Yu, J, Li, C, Jin, C, Duan, W, et al. Hepatocyte-specific TMEM16A deficiency alleviates hepatic ischemia/reperfusion injury via suppressing GPX4-mediated ferroptosis. Cell Death Dis. (2022) 13:1072. doi: 10.1038/s41419-022-05518-w

49. Riley, RS, June, CH, Langer, R, and Mitchell, MJ. Delivery technologies for cancer immunotherapy. Nat Rev Drug Discovery. (2019) 18:175–96. doi: 10.1038/s41573-018-0006-z

50. Chung, BS, Liao, IC, Lin, PC, Wu, SY, Kang, JW, Lin, BW, et al. PD-L1 expression in high-risk early-stage colorectal cancer-its clinical and biological significance in immune microenvironment. Int J Mol Sci. (2022) 23:13277. doi: 10.3390/ijms232113277

51. Li, L, Sun, F, Kong, F, Feng, Y, Song, Y, Du, Y, et al. Characterization of a cuproptosis-related signature to evaluate immune features and predict prognosis in colorectal cancer. Front Oncol. (2023) 13:1083956. doi: 10.3389/fonc.2023.1083956

52. Xu, X, Zhang, X, Lin, Q, Qin, Y, Liu, Y, and Tang, W. Integrated single-cell and bulk RNA sequencing analysis identifies a prognostic signature related to ferroptosis dependence in colorectal cancer. Sci Rep. (2023) 13:12653. doi: 10.1038/s41598-023-39412-y

53. Guaita-Esteruelas, S, Guma, J, Masana, L, and Borras, J. The peritumoural adipose tissue microenvironment and cancer. The roles of fatty acid binding protein 4 and fatty acid binding protein 5. Mol Cell Endocrinol. (2018) 462:107–18. doi: 10.1016/j.mce.2017.02.002

54. Mukherjee, A, Chiang, CY, Daifotis, HA, Nieman, KM, Fahrmann, JF, Lastra, RR, et al. Adipocyte-induced FABP4 expression in ovarian cancer cells promotes metastasis and mediates carboplatin resistance. Cancer Res. (2020) 80:1748–61. doi: 10.1158/0008-5472.Can-19-1999

55. Yang, J, Liu, S, Li, Y, Fan, Z, Meng, Y, Zhou, B, et al. FABP4 in macrophages facilitates obesity-associated pancreatic cancer progression via the NLRP3/IL-1beta axis. Cancer Lett. (2023) 575:216403. doi: 10.1016/j.canlet.2023.216403

56. King, LS, Kozono, D, and Agre, P. From structure to disease: the evolving tale of aquaporin biology. Nat Rev Mol Cell Biol. (2004) 5:687–98. doi: 10.1038/nrm1469

57. Wu, Q, Yang, ZF, Wang, KJ, Feng, XY, Lv, ZJ, Li, Y, et al. AQP8 inhibits colorectal cancer growth and metastasis by down-regulating PI3K/AKT signaling and PCDH7 expression. Am J Cancer Res. (2018) 8:266–79.

58. Carlisle, SM, Trainor, PJ, Doll, MA, Stepp, MW, Klinge, CM, and Hein, DW. Knockout of human arylamine N-acetyltransferase 1 (NAT1) in MDA-MB-231 breast cancer cells leads to increased reserve capacity, maximum mitochondrial capacity, and glycolytic reserve capacity. Mol Carcinog. (2018) 57:1458–66. doi: 10.1002/mc.22869

59. Wang, L, Minchin, RF, and Butcher, NJ. Arylamine N-acetyltransferase 1 protects against reactive oxygen species during glucose starvation: Role in the regulation of p53 stability. PloS One. (2018) 13:e0193560. doi: 10.1371/journal.pone.0193560

60. Shiratori, H, Kawai, K, Okada, M, Nozawa, H, Hata, K, Tanaka, T, et al. Metastatic role of mammalian target of rapamycin signaling activation by chemoradiotherapy in advanced rectal cancer. Cancer Sci. (2020) 111:1291–302. doi: 10.1111/cas.14332

61. Feng, S, Huang, Q, Deng, J, Jia, W, Gong, J, Xie, D, et al. DAB2IP suppresses tumor Malignancy by inhibiting GRP75-driven p53 ubiquitination in colon cancer. Cancer Lett. (2022) 532:215588. doi: 10.1016/j.canlet.2022.215588

62. Yang, K, Wang, X, Song, C, He, Z, Wang, R, Xu, Y, et al. The role of lipid metabolic reprogramming in tumor microenvironment. Theranostics. (2023) 13:1774–808. doi: 10.7150/thno.82920

63. Silva, M, Brunner, V, and Tschurtschenthaler, M. Microbiota and colorectal cancer: from gut to bedside. Front Pharmacol. (2021) 12:760280. doi: 10.3389/fphar.2021.760280

64. Li, Z, Zhou, Z, Xue, N, Wu, S, and Miao, X. Electrochemical aptamer-based determination of protein tyrosine kinase-7 using toehold-mediated strand displacement amplification on gold nanoparticles and graphene oxide. Mikrochim Acta. (2019) 186:720. doi: 10.1007/s00604-019-3849-z

65. Hernández-González, O, Herrera-Vargas, DJ, Martínez-Leija, ME, Zavala-Reyes, D, and Portales-Pérez, DP. The role of arylamine N-acetyltransferases in chronic degenerative diseases: Their possible function in the immune system. Biochim Biophys Acta Mol Cell Res. (2022) 1869:119297. doi: 10.1016/j.bbamcr.2022.119297

66. Xu, H, Zhang, H, Sun, S, Zhang, J, Huo, J, and Zhou, C. Downregulation of NAT1 expression is associated with poor prognosis and immune infiltration in COAD. Pharmgenomics Pers Med. (2024) 17:133–48. doi: 10.2147/pgpm.S455490

67. de Visser, KE, and Joyce, JA. The evolving tumor microenvironment: From cancer initiation to metastatic outgrowth. Cancer Cell. (2023) 41:374–403. doi: 10.1016/j.ccell.2023.02.016

68. Shapouri-Moghaddam, A, Mohammadian, S, Vazini, H, Taghadosi, M, Esmaeili, SA, Mardani, F, et al. Macrophage plasticity, polarization, and function in health and disease. J Cell Physiol. (2018) 233:6425–40. doi: 10.1002/jcp.26429

69. Puré, E, and Blomberg, R. Pro-tumorigenic roles of fibroblast activation protein in cancer: back to the basics. Oncogene. (2018) 37:4343–57. doi: 10.1038/s41388-018-0275-3

70. Roma-Rodrigues, C, Mendes, R, Baptista, PV, and Fernandes, AR. Targeting tumor microenvironment for cancer therapy. Int J Mol Sci. (2019) 20:840. doi: 10.3390/ijms20040840

71. Wang, S, and Olson, EN. AngiomiRs–key regulators of angiogenesis. Curr Opin Genet Dev. (2009) 19:205–11. doi: 10.1016/j.gde.2009.04.002

72. Ribatti, D, Tamma, R, and Annese, T. Epithelial-mesenchymal transition in cancer: A historical overview. Transl Oncol. (2020) 13:100773. doi: 10.1016/j.tranon.2020.100773

73. Quail, DF, and Joyce, JA. Microenvironmental regulation of tumor progression and metastasis. Nat Med. (2013) 19:1423–37. doi: 10.1038/nm.3394

74. Pages, F, Mlecnik, B, Marliot, F, Bindea, G, Ou, FS, Bifulco, C, et al. International validation of the consensus Immunoscore for the classification of colon cancer: a prognostic and accuracy study. Lancet. (2018) 391:2128–39. doi: 10.1016/S0140-6736(18)30789-X

75. Rizzo, A, Ricci, AD, and Brandi, G. PD-L1, TMB, MSI, and other predictors of response to immune checkpoint inhibitors in biliary tract cancer. Cancers (Basel). (2021) 13:558. doi: 10.3390/cancers13030558

76. Zanfardino, M, Pane, K, Mirabelli, P, Salvatore, M, and Franzese, M. TCGA-TCIA impact on radiogenomics cancer research: A systematic review. Int J Mol Sci. (2019) 20:6033. doi: 10.3390/ijms20236033

77. Xie, YH, Chen, YX, and Fang, JY. Comprehensive review of targeted therapy for colorectal cancer. Signal Transduct Target Ther. (2020) 5:22. doi: 10.1038/s41392-020-0116-z




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2024 Ma, Wang, Zhao, Xiong, Zhang, Cai and Guo. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fonc-14-1483987-g002.jpg
TCGA-CRC GsE39582

. . Normal
1 Change e
1 1 © DOWN
200+ * e NOT
: . . . e UP
= ° ©
o
= 150+ > 1 1
o . .
& 1
2 1004
g .
T

LA D o

| o HIH‘“I H\ il

PCD-related genes

- D E Normal E Tumor

= I ———
Ll . Change l Il \)Hlj IJHHIIII\( Iﬂﬂ L] il”l{ \ ﬂ”h‘"‘» [} I M.::’::ra'
. o ® I I . D%"VN A m ‘u\u 16 45
.
004 . o Not ”u[‘” Y i ‘r‘tw’ E\udu[“vmwu’ LQ’ 1 o
_ . » il (l ’u\\ | m)\/ w i H‘ & s s
= 1 " ‘H””H'j\ 0 o \)m\‘\”“‘l”“ i s é
a : i ‘ 8
g [l VA . g
S 1 " ' y . 2 )
S sod {1 il s thy 3
=4 . il o {1 | R T
D it |n||||m| I UL 3
I 0 O i
i) A [ i | :
i i iy l
o m I H\\ Ix‘\ I MM i H | m yeTze TWIST1 CD36 FABP4 AQP8 TIMP1 NAT1 ADIPOQ
75 50 BE o0 % 5.0 Univariate Cox regression analysis for filtering results
logFC
E == ADIPOQ === FABP4 === T|MP1 === AQP8 mm NAT1 s TWIST1 F

8
IN

| ‘ || || ‘ AQP8

| ’ || ” ‘ 1 FABP4

-7 % 5 A -3 -7 -6 -5 -4 -3 ?
Log Lambda Log Lambda coefficient

Coefficients
Model genes

N
N

0.254 12.6 ‘
0.00 : ‘ ”

—-0.25+

T
~

12,0

-0.44






OEBPS/Images/fonc-14-1483987-g009.jpg
o

2] -

Riskscore

FALSE
Responder

B

Responder [l Facse [l True
chisq.test P< 0.01

Percent Weidght

Percent Weidght

TIDE

Risk

Responder [l Facse il True

R=027,p=628"¢

Percent Weidght

Riskscore

Responder [l Facse il True
Ghisq test P< 0.0001

Percent Weidght

0%

Responder [l Fase [l True

chisq.test P< 0.0001

Riskscore

High Low
Stromalscore

chisq.test P< 0.05

9_pd1_neg

Clia4_ne:

g_pd1_pos

ctlad_ne;

ctlad_pos_pd1_neg

Clla4_pos_pdi_pos

Low

High

Low

High

High

Response - R - NR pP=0.05 Nn=298
High Risk Low Risk

Riskscore 2
== High o
mm Low

Survival probability
o
o
8

Riskscore

0 2 4 6 8 10 12 14 16 18 20 22 24

z Response
Overall Survival (years)
D 1.00 = —
Riskscore
05
2075
El 00
3
5050 £
T [
c
@025
-10
0.00
NR 3
0 2 Response

5-Fluorouracil
Oxaliplatin

High
Riskscore

Vincristine
Correlation Between Riskscore and Drug IC50

Low

High
Riskscore

034

0.24

o.14

0.0

Riskscore

Irinotecan  Epirubicin

Irinotecan

Vincristine

Cisplatin
Drug Name

Riskscore

Fluorouracil

Oxaliplatin

Epirubicin

0.125

0.100

2
o
S
o

0.050

1C50 Median

0.025

0.000

Cisplatin

Low High Low High
Riskscore Riskscore
X > A
6"”"&\@ @\“\‘\e c;‘ﬁ é@@ 0@@()0 ) < «\*é\‘\' g@# \v*v\v 6\\\0\0
I <% G,,«\‘?\ 0,,,6““ 0"’&\0 T ¥

Drug Name





OEBPS/Images/fonc-14-1483987-g004.jpg
>

TCGA-CRC

< o
® High risk T
® Low risk 0
g 5
R 39
[ 3°
[ x
|
o
-
I
0 100 300 500
B Patients (increasing risk socre)
ﬂ v~ B L
[\]
5 3
= Zo
Qo ()
Eo Eo
= =
2y 2y
2N 2N
o} 3
0 5 0 o

0 100 300 500
Patients (increasing risk socre)

GSE29621

o High risk
o Low risk

0 10 20 30 40 50 60

Patients (increasing risk socre)

® Dead
o Alive

0 10 20 30 40 50 60

Patients (increasing risk socre)

GSE17536
o _| ® Highrisk
9" ® Low risk
[e]
a0
X0
°
4
Q
T
0 50 100 150
Patients (increasing risk socre)
N
"z -
[
[0}
2o
[0)
Eo
g <
Zo
3
2 o
0 50 100 150 200
Patients (increasing risk socre)
204
104
% 0{ em
-104
201

8 12

Survival time (years)

0O 2 4 6

tSNE2

GSE38832

o High risk
o Low risk

0 20 40 60 80

120

Patients (increasing risk socre)

0 20 40 60 80

120

Patients (increasing risk socre)

tSNE1 tSNE1
D 100 Riskscore oo Riskscore Riskscore oo o
. High
mm High mm High mm High 1.
20759 —o | Eom o z - 20754 eton
o o o o
g g g g
5 0504 5 050 & & 0509
g g g g
g 1 = H H
3°*1 p=000029 | 1 3°% 3 3 °*1 p=0.027
0.00 000 0.00
0 2 4 6 H 10 12 0 2 4 H 8 10 0 2 4 6 8
Overall Survival (years) Overall Survival (years) Overall Survival (years) Disease Specific Survival (years)
B Number at risk & Number at risk B Number at risk Number at risk
gHohD92 127 31 16 9 5 0] 8Han{32 21 12 8 3 0 gHon{88 59 35 19 11 3 0 2 Hign {61 35 20 14 5 0
% Lowp93 153 16 6 2 0| =5 Lowq33 24 19 3 1 4 5 Lowq89 19 6 3 0 & Low 10 0
« 0 2 4 6 8 10 g 0 2 4 6 8 10 = 0 2 4 6 8 10 12 0 2 4 6 8 10

Overall Survival (years)

Overall Survival (years)

Overall Survival (years)

Disease Specific Survival (years)





OEBPS/Images/im2.jpg





OEBPS/Images/fonc-14-1483987-g007.jpg
-@®- EPIC

IPS

-

-@- quantiseq
-® TIMER -@- MCPcounter -@- estimate -@- CIBERSORT

TT&l?T*llTllTT*TLT*T?$$T*TTT

-@ xCell

algorithm

<€

At 1

et ¢TLLT1$T*L1$L $ | 4] bl

T e

]
= [~}
<} T T

b o
<} o

JUBI01}§903 Uole[R1I0)

|

0.20

o
5

o
(190X wol '8ad

0.2!

©
S

° o
& 8
° S

o
S

s
1190XS)189°L 80D

0.00

190X s|180°g

Riskscore

High

Riskscore

High
Riskscore

Low

High

Riskscore

.,_ﬂﬁ

Riskscore

0.08

3
g
O
190X S|[99_ewse)

© &
8 8
s =

0.00

=

o
&
S

°® o
.
.

o‘-

0.00

&

s 5 5 s
190X s[|120°g AJoWaW ™ payodMs'sse|D

110X s}se|qoiqry

ol

High
Riskscore

Low

High
Riskscore

Low

High
Riskscore

Low

High
Riskscore

Low

Riskscore

e

< o~ -
J8)UnoddON SIS L 8AD

>

0.0754
0.0504
0.0254
0.000

=4

basiuenbs|js0 )N

o

|-|-|-|1
@ & - o
=]

s s S
basnuenb™ |y~ sebeydosoepy

High

Low

High

High

Low

High

Low

High

Low

Riskscore

Riskscore

Riskscore

Riskscore

Riskscore

ELEEL]

EXI3

FhKKIK

*x

Riskscore

‘“

N

7
..“ll

Cibersort
[ ]

b
o

0.6

E3.5.3.3

104

Riskscore

- r
& -
S S

YAWILT8AD 1189 L

-
@
=

-
S
~

.
. e 5
153
S
w oM °
8
2
2
8
L] o«
g
1A
- - - .
5 z 5 3
= 3

- o
J9)UNOOJOW ™ SI[R MN





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Identification of key programmed cell death genes for predicting prognosis and treatment sensitivity in colorectal cancer

      

        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Data collection

          



          		

            2.2 Identification of differentially expressed genes

          



          		

            2.3 Construction and validation of prognostic PCD-related gene signature

          



          		

            2.4 Unsupervised clustering of PCD-related gene signature

          



          		

            2.5 Establishment of the nomogram

          



          		

            2.6 Tumor microenvironment

          



          		

            2.7 Prediction of therapeutic sensitivity in patients with different risk scores

          



          		

            2.8 Cell lines and culture

          



          		

            2.9 Terminal deoxynucleotidyl transferase deoxyuridine triphosphate nick end labeling staining

          



          		

            2.10 Annexin V-FITC/PI apoptosis assay

          



          		

            2.11 Plasmid construction and transfection

          



          		

            2.12 Quantitative real-time PCR and western blotting

          



          		

            2.13 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Workflow of this study

          



          		

            3.2 Identification of PCD-related DEGs

          



          		

            3.3 Construction of a PCD-related gene signature

          



          		

            3.4 Internal training and external validation of the PCD-related gene signature

          



          		

            3.5 Unsupervised clustering of PCD-related gene signature

          



          		

            3.6 Establishment and assessment of the nomogram survival model

          



          		

            3.7 Dissection of TME based on PCD-related gene signature

          



          		

            3.8 PCD-related gene signature was associated with immunotherapy responses in CRC

          



          		

            3.9 Efficacy of PCD-related gene signature in predicting drug sensitivity

          



          		

            3.10 Biological function of the selected gene

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Source Cat NO. Dilution

B-actin Proteintech ‘ 20536-1-AP 1:2000

BAX Proteintech ‘ 50599-2-Ig 1:2000

Cleaved Cell 9664 1:1000

Caspase3 Signaling Technology

Caspase3 Cell 1:1000
9662

Signaling Technology






OEBPS/Images/fonc-14-1483987-g010.jpg
>

Relative NAT1
mRNA level
o -

13 o

o
o

LOVO

DAPI

B
1.5
X _
[0]
G310
0 <
>
5%05
T E
%
0.0
Q
[1Vector
CONATA1

(@] o
o o

Number of TUNEL" cells
i
o

=
. 20
P
S0um 0
G Vector LOVO NAT1 1 Vector
#]0.051% 0.14%|  ;]2.02% 15.7%  CINAT1
3 . _.30
10 -_4 o\o 'ﬁ‘
104-33E % 20
®
10> n
] 210
102-5 8—
0 176.4% 590% 2 =
T ‘;)"“'| i AL i [Bo ol Rk FEAL B <
10 10° 10 10 O
|
Vector NAT1 UI)' ovo [ Vector
BAX 0 e S 0 3
[0]
=
Cleaved Caspase3 - T 2
(@]
a
Caspase3 Wb wib & & o 1
2
B-actin WD WP W9 G  © 8 BAX Cleaved Caspase3
Caspase3d

(@)

Relative FABP4

NAT1

I

Vector
;10.064%

103

10° 4
|

]
1074

Enrichment plot: KEGG_APOPTOSIS

[1Vector
CONAT1

100

50

umber of TUNEL" cells

z 0

Sw480

0.33%

Vector
BAX " -?

Cleaved Caspase3
Caspase3 D tap & B9

B-actin TP S Gy =

o —

NAT1

NAT1 [1Vector

0.096% 7.44% CONATA

10" 4

w
o

N
o

-
o

Apoptosis rate (%)

o

SW480

w

N

o

Relative protein levels
—_

Cleaved
Caspase3

Caspase3





OEBPS/Images/fonc-14-1483987-g008.jpg
ESTIMATEScore

Riskscore

5000 - —e ]
3000 20004 1.04
2500 o 20 o 10004 0sd
2 g €
2 [ I
2 1000 © 04 - e
=1 £ [}
o £ S £ 06+ fo o
= & =]
0 -10004 L
[ ]
0.44
= ®
2500 -1000 -2000 .
Low High Low High Low High
100 [T P ™ FrETEra——y PrrgrTy 1.00 Riskscore
[ E Low
°
0754 o §2 > 0754 g ® 9 4E8 Hign
2 . S K3 ole
c s s £
= g
£0504g® £ 050 o
by by
o o
3 0254 Riskscore = 025
. B tov :
ssGSEA
it E High 56 ssGSEA
1 T T T T T T l I T T T T T T T T T T
N S 6 > & \\ NI . ) & ; . N .2 p s
%pa PCA «_Ge'_\e 5 (&P 5 @ Qx\ a @ &\\0 ‘\’a \\\ Qe @ x\\ O P P ae‘ s -6“00 \%_\\00 00?* g Vo\s\ @4\6 o@% & a“O ’6‘\\0 g a\\° o‘\eﬁ o(\%z
ISP S \L\\\ @ \@ o2 N\ o \\ex \Q\\ e\;\ & " St Nl X R\ & & o o
REACUC RIS A, R V‘ S \3“’@“ «“i«*‘i«*‘” F o o 7 (@7 @ @ T (I GE
SR & @ e’ S a\ e’ g G5 4 3 5 e N o < o5
W 0% A PO K V\ i* \\\ RN & 5 [ & o & N oY Y
v v»°\>g\\;®,<\q“66®“‘ &« y & W L & RN gt
X
® Q
B-cells © Cancerstemcells @ Epithelial cells ~ Stromalcells @ Mast cells
@ Cancer-associated fioroblasts Macrophages @ T-cells Plasmacytoid dendritic cells
celltype
B-cells

[ Cancer-associated fibroblasts
Cancer stem cells

0 evitnelial cells

Macrophages

[ Mastcells

Plasmacytoid dendritic cells

Cell proportion

Stromal cells

W rceis

® T3
-154 T4
=10 -5 0 5 10
UMAP_1
0.75 1.0 ekt
ssGSEA b GSVA
0.50 4
g 05
0.25+ 3
=
%
[+
0.004
| 0.0
-0.25+
Jos e N oot ™ es \- @ ans -
_ceS oo o @ N a0 cele d(\\\ SN s S 5ot e o2 oo S 2 e e
o et S < X! E9.\«\'3\\3 ocro® WSt (g e «\a b B e d NS e EQ\“\e\\ 0P westt La den xeOr <
(25" 2 oo x—25% o2
e e\ conc® P\





OEBPS/Images/fonc-14-1483987-g003.jpg
ok 1 1 ©r7ns 1 ]
L] Fkkk
Ekdk
24 504
Fkkk
L]
Kkkk
L ns
S - — -
o o o L 254
8 8 8 8
2 2 2 01 2 .
° (2 (o Y @ .
4 4 4 e .® (4 ° °
b .
e " #
i ° ]
Py ° ° K o,
. .
254 e
L] L]
- -
B Alive Dead Mo M1 Stage | Stage I Stage Il Stage IV
12 Nstage Risk
ILow
—~ N1 High
w9
E N2
[ Age
>6 Tstage ‘Young
o | bl old
£ T2
'}23 T3 Gen;elr
T4 ae
0 Female
Stage
| Mstage
Gender ':I | L&
I 1 U I I I o A 1 1 0 L0 o Y Y [ AR |

I TEIme T nrrl 11 Mstage !
IV Censor
MITIEINEE Tstage o Aive

-_
I TIRTAI I 1IN e stage I ® Dead

ST -
,M“\])' I l W W =

NAT1
[ k2 . cc @ wr @ Kece N status [l can [l Loss

{1 101N W LN T
(0 LA ] I IIIIII IENE IR II[IIIIIIIII mei

2
(o]
-2

-4

12
©
9
a -
2
T 6 o
S H
5’ 5}
[
3 -0
0 -
e 5 X LR =
o ao'v‘“’ & (@«*0 R ‘&«“@ e@‘\“ © ® &N < o ﬁ&“;&@ \’@Q&“& \,d?pcpd\ ﬁ’”@‘o@ o%z S @5@@:\3& R ‘p* @g@’@} S ‘”'i“%‘*’&
& &
It Ja"":\a@ &f’w & Gﬁ&é o ;v‘”"@@"i@v*‘ ﬂ\&‘we fON:p #° o o PED~telald goncs
o o o e R Rl U
o o g e & & & o
7 ST ﬂﬁ"f@"‘ & o
& o « @ RS
» & & & o o






OEBPS/Images/fonc.2024.1483987_cover.jpg
& frontiers | Frontiers in Oncology

Identification of key programmed cell death
genes for predicting prognosis and
treatment sensitivity in colorectal cancer





OEBPS/Images/fonc-14-1483987-g001.jpg
Apoptosis Pyroptosis Ferroptosis Autophagy w Cuproptosis| ' ..
—s
“~—e Programmed
—p —
— cell death
e,  genes
Alkaliptosis | | Oxeiptosis ) i iJ ‘e (n=1267)
®
o° (n=585)

P o S| B Wl sy
s —» ol Ly T > olw 5 XD

Parthanatos,

GSE17536
PCD-related DEGs (n=177) FABP4

GSE38832 | e —
(n=122) Regression analysis Model genes

Training & validation cohorts

Unsupervised clustering

Nomogram

Low Risk

Clinical index t-SNE Survival Nomogram Tumor microenvironment Single cell

Cluster 2
m )

Cluster 1
Mutation Immunotherapy Drug sensitivity Experiment Survival t-SNE






OEBPS/Images/logo.jpg
& frontiers | Frontiers in Oncology





OEBPS/Images/fonc-14-1483987-g006.jpg
Riskscore

Riskscore o | —o——

Stage Stage o ! ———
Tstage I
Tstage o ) ——
Nstage ’ 1
Hislege Nstageq == =
ond Pvalue Mstage] | ——— Pvalue
ender ® P<005 I ® P<005
Age P>=0.05 Age —_— P>=0.05
I e S i N
0 2 4 6 8 5 10
Hazard Ratio Hazard Ratio
i Nomogram
oints
A e** :?:’g
9 8
o
23
Q
3 — 1-Year
Mstage™** 80 —— Ideal Line
o
K 00 02 O.ét_ i Od61 0.8 Oé.?/)
lomogram predicted 1 year %
Stage™*
S
‘7;0
Riskscore** 3
2o
Q
é — 2-Year
) —— Ideal Line
Total points 2
120 20 50 00 50 80
S
0.811 % °
(OS > 4 years)q gy 0.08 00 0.92 0.8 o) o) o) 0T 0.015 %v
0.908 5°
. & — 4-Year
(OS>2yearS)O. 0.99 0.08 00 0,02 0.8 oX o o) 01 80 —— Ideal Line
o
0.947
(OS> 1 years) g g 0.09 0985 0.0 8,92 0.8 o) o) 0'3

TCGA-CRC GSE29621 GSE17536

1.00 1.00 1.004 1.004
075 0.75 0.754 0.754
2 2 2 2
e e | o
o o 0 )
2 2 H 2
3 0.50 3 050 % 0509 % 0504
8 8 8 8
2 2 a a
° ° ° °
] ] 3 3
5 / 5 / = 5
0.25 AUC at 1 year =0.738 025 AUC at 1 year=0.845 | 0259 AUC at 1 year = 0.805 0.254 AUC at 1 year =0.721
/ AUC at 2 years = 0.740 / AUC at 2 years = 0.893 AUC at 2 years = 0.782 AUC at 2 years = 0.769
AUC at 4 years = 0.750 AUC at 4 years = 0.868 AUC at 4 years = 0.699 AUC at 4 years = 0.716
0.00 0.00 0.004 0.004
0.00 0'25 0.50 DI75 1.00 0.00 0'25 0.50 DI75 1.00 D:)U 0.25 D:’:U 0'75 1.00 0:}0 0.25 DI50 0.75 1 :)U

False positive rate False positive rate False positive rate False positive rate





OEBPS/Images/fonc-14-1483987-g005.jpg
A TCGA-CRC GSE29621 GSE17536 GSE38832

10 consensus CDF 10 consensus CDF consensus CDF consensus CDF

CoF
CcDF

02
02
00
00
° o < o @ ° o o <« © @ o
° o < © © ° S s S B S - o o < P @ o s s s s s -
s s S = s = s S S S s <
‘consensus index consensus index consensus index consensus index

Cluster
® Clustert
® Cluster2

Cluster Cluster

®  Clustert
® Cluster2

404 Cluster
® Clustert
® Cluster2 20

N N N N
w w w w
z z z z
2 (2 (2 (2
1.00
Zo7s = Z 0754 z
Fel ¥l ¥l 8
K K 2 3
S S S ]
& 050 & & 0504 &
T T T ©
2 z z 2
= 2 = 2
Sozs s 3°®1 p=0037 | 3
0.00 0.004 1
0 2 4 H H 10 12 0 2 4 6 H 10 0 2 4 H 8 10 12 0 2 4 6 H 10
Overall Survival (years) Overall Survival (years) Overall Survival (years) Disease Specific Survival (years)
Number at risk Number at risk Number at risk Number at risk
& cift77 228 57 26 13 6 0| & cfizs 8 5 2 1 0| & cfo5 67 43 24 12 3 0| & cfam 20 1 0
S 2108 52 16 6 2 1 0| 5 c2150 40 26 s 2 1 5 2182 64 39 14 5 ) of 5 c2q73 (]
0 2 4 H H 10 12 0 2 4 6 H 10 0 2 4 H H 10 12 0 2 4 6 H 10
Overall Survival (years) Overall Survival (years) Overall Survival (years) Disease Specific Survival (years)

h 4

v
A

v v
A

A






OEBPS/Images/im1.jpg





OEBPS/Images/M1.jpg
Risk score =S} BieEi






OEBPS/Images/table1.jpg
Gene Forward primer (5

Reverse primer (5

NAT1 (human) GGGAGGGTATGTTTACAGCAC ACATCTGGTATGAGCGTCCAA
‘ AQP8 (human) CCATGTGTGAGCCTGAATTTGG ACCCGATGAAGATGAAGAGAGC
‘ FABP4 (human) ACTGGGCCAGGAATTTGACG CTCGTGGAAGTGACGCCTT
B-actin

(hurman) GCTTCTCCTTAATGTCACGC CCCACACTGTGCCCATCTAC






