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Purpose

To construct an immune-related gene prognostic index (IRGPI) for colon cancer and elucidate the molecular and immune characteristics as well as the benefit of immune checkpoint inhibitor (ICI) therapy in IRGPI-defined groups of colon cancer.



Experimental Design

Transcriptional and clinical data of colon cancer samples were obtained from The Cancer Genome Atlas (TCGA) (n = 521). Immune-related genes were obtained from ImmPort and InnateDB databases. 21 immune-related hub genes were identified byweighted gene co-expression network analysis (WGCNA). the Cox regression method was used to construct IRGPI and validated with Gene Expression Omnibus (GEO) dataset (n = 584). Finally, the molecular and immune profiles in the groups defined by IRGPI and the benefit of ICI treatment were analyzed.



Results

8 genes were identified to construct IRGPI. IRGPI-low group had a better overall survival (OS) than IRGPI-high group. And this was well validated in the GEO cohort. Overall results showed that those with low IRGPI scores were enriched in antitumor metabolism, and collated with high infiltration of resting memory CD4 T cells and less aggressive phenotypes, benefiting more from ICI treatment. Conversely, high IRGPI scores were associated with cell adhesion molecules (CAMs) and chemokine signaling pathways, high infiltration of macrophage M1, suppressed immunity, more aggressive colon cancer phenotypes, as well as reduced therapeutic benefit from ICI treatment.



Conclusions

IRGPI is a promising biomarker to differentiate the prognostic and molecular profile of colon cancer, as well as the therapeutic benefits of ICI treatment.
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Introduction

Colon cancer, which is one of the major causes of death worldwide, has become the third most common cancer in men and the second most common cancer in women globally. Approximately 25% of colon cancer patients have been diagnosed with stage IV cancer. Another 25% of the patients with colon cancer are diagnosed in early stages, but their cancer still metasticizes (1). The five-year survival rate for patients with stage IV tumors is less than 10% (2). It is estimated that by 2030, the incidence of colorectal cancer (CRC) will increase by 60%, with more than 2.2 million new cases worldwide, resulting in more than 1.1 million deaths (1). Over the past decades, immunotherapy drugs have been extensively used in the treatment of cancer and shown clinical efficacy. Immune checkpoint inhibitors (ICIs) targeting programmed cell death-1 (PD-1) or cytotoxic T lymphocyte-associated protein-4 (CTLA-4) have achieved tumor regression in several cancers, such as melanoma, lung cancers, and Hodgkin lymphoma (3, 4). Furthermore, PD-1 and programmed cell death-ligand 1 (PD-L1) blockers appear to be a promising option for patients with colon cancer (5). A major limitation, however, is the low response rate of patients with colon cancer to ICI therapy. The tumor immune microenvironment (TME) has gained increasing attention as an indispensable component of immunotherapy (6). In fact, TME may be used as a major prognostic indicator, which in turn can improve precision targeted therapy (7). Hence, Identifying potential prognostic markers associated with the therapeutic benefit of immunotherapy could allow patients with colon cancer to receive more individualized therapies.

In this study, we sought to develop an immune-related gene prognostic index (IRGPI) that is capable of predicting not only the prognosis of conventional therapy but also immunotherapy. We then assessed the molecular and immunological characteristics of IRGPI. Its reliability was validated with multiple datasets, and IRGPI was a promising prognostic biomarker for patients receiving conventional treatment and immunotherapy.



Material and Methods

The flow chart of the whole study is presented in Figure 1.




Figure 1 | Flow chart of the whole study.




Collection of Sample Information

RNA-seq data of 521 colon cancer samples, including 480 cancer samples and 41 paracancerous tissue samples, and their clinicopathological information were downloaded from the TCGA database (https://portal.gdc.cancer.gov/projects/TCGA). RNA-seq data of 584 colon cancer samples (GSE39582) and the survival information were downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) (8). The entire TCGA cohort and GSE cohort were used as the testing set and validation set, respectively. The lists of immune-related genes were downloaded from the ImmPort (https://www.immport.org/shared/home) and InnateDB (https://www.innateDBdb.com/) databases.



Differentially Expressed Immune-Related Genes (DEIRGs)

By analyzing RNA-seq data from colon cancer samples obtained through TCGA, a list of differentially expressed genes (DEGs) (false discovery rate (FDR) < 0.05, |log2FC| > 1) for tumor and normal tissues was determined using the limma package (9). The DGEs were compared and crossed with immune-related genes (IRGs) to obtain DEIRGs. The heatmap of DEIRGs was generated using pheatmap package in R. After extracting the list of immune-related genes from ImmPort and InnateDB, DEIRGs were selected and analyzed by Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis using clusterProfiler package of R (10).

We then constructed a co-expression network using the WGCNA package (11) to identify hub genes, as WGCNA analysis is biologically more significant compared with traditional methods (12). All crossover genes were reflected in the co-expression network. Scale-independent and average connectivity analyses were performed on modules with different power values to calculate the software threshold parameters. In this study, we set the scale irrelevance value to 0.9 to identify the hub genes. The adjacency matrix was transformed into a topological overlap matrix (TOM) describing the similarity of gene expression. 1-TOM represented the heterogeneity between genes. Based on the TOM-based similarity, a dynamic tree-cutting algorithm was used to group genes into different modules (clusters). Here, we set the cut height to 0.3 and the minimum module size to 30. The best cut-off value for overall survival (OS) was calculated for each hub gene using survminer and survival R packages (13). 21 immune-related hub genes significantly associated with survival were screened for further analysis (P < 0.05). To reveal relevant genetic alterations, somatic mutations of the 21 immune-related hub genes were analyzedusing maftools package in R (14).



Construction and Validation of the IRGPI

Among the 21 immune-related pivotal genes, those with significant effects on OS were identified. IRGPI was then constructed by multivariate Cox regression analysis. The risk score was calculated as below:

	

IRGPI was calculated by multiplying the expression data of certain genes for each sample by their weights in the Cox model and then adding them together. The prognostic ability of IRGPI was assessed by Kaplan-Meier analysis in the TCGA and GEO cohorts, respectively. To further verify the prognostic value of IRGPI, univariate and multivariate Cox regression analyses were performed.



Molecular and Immunological Characterization of Different IRGPI Groups and Comprehensive Analysis of ICI Treatment

First, differential expression analysis of all genes was performed by limma package in R, and samples with high (n = 226) and low (n = 227) IRGPI scores were obtained. Enrichment analysis was then performed by clusterProfiler package in R using KEGG and genomic-based gene set enrichment analysis (GSEA) methods to identify the signaling pathways(P < 0.05). Finally, gene mutations in the two IRGPI groups were analyzed using maftools package.

To clarify the immune characteristics of the 480 colon cancer samples, expression data was imported into CIBERSORT (http://cibersort.stanford.edu/) and iterated 1000 times to estimate the relative proportions of 22 immune cell species. We then compared the relative proportions of the 22 immune cell species and clinicopathological factors between the two IRGPI groups, and the results were presented as landscape plots. Moreover, we performed GSEA on certain gene signatures and compared the score between two IRGPI groups in order to understand the immune and molecular functions (15–18).

Widely used biomarkers and other published immune-related signatures for cancer immunotherapy were evaluated to compare them with our IRGPI, in order to determine the prognostic value of IRGPI for patients with colon cancer. We compared the prognostic value among IRGPI, TIDE, and T cell-inflamed signature (TIS) using timeROC package (19) in R. The TIDE score, which can be calculated online (http://tide.dfci.harvard.edu/), predicted the prognosis of patients with tumors treated with first-line anti-PD1 or anti-CTLA4 therapy more accurately than other biomarkers such as PD-L1 levels and mutational load (20) The TIS score, which can be calculated as the mean of the log2-scale normalized expression of 18 signature genes (21), can enrich the clinical benefit of immune checkpoint blockade (22). We also selected immune prognostic models constructed in previous studies such as “Zhang signature” (23) and “Deng signature” (24). In addition, ROC curve analysis was performed to obtain the area under the curve (AUC).



Statistical Analysis

An independent t-test was performed for continuous variables between the two groups. Categorical data were tested using the chi-square test. TIDE score between groups was compared by the Wilcoxon test. Univariate survival analysis was performed by Kaplan-Meier survival analysis with the log-rank test. Multivariate survival analysis was performed using the Cox regression model. A two-sided P < 0.05 was considered significant.




Results


Immune-Related Hub Genes

In differential expression analysis (480 tumors vs. 41 normal tissue samples), a total of 7762 DEGs were screened (Figure 2A). By crossing these genes with the list of immune-related genes, 651 differentially expressed immune-related genes were obtained. Compared with genes in normal tissue samples, 257 genes were upregulated and 394 downregulated in the tumor samples (Figure 2B).




Figure 2 | Screening for DEGs and enrichment analysis. (A) Volcano map of DEIRGs. (B) Venn diagram showing the intersection of DEGs and IRGs. (C) GO enrichment analysis of DEIRGs for BP, CC, and MF, respectively. (D) KEGG enrichment analysis of DEIRGs. DEGs, differentially expressed genes; DEIRGs, differentially expressed immune-related genes; IRGs, immune-related genes; GO, Gene Ontology; BP, biological process; CC, cellular component; MF, molecular function; KEGG, Kyoto Encyclopedia of Genes and Genomes.



The top 10 GO terms and 20 KEGG pathways were shown in Figures 2C, D. Functional enrichment analysis revealed that the most relevant signaling pathway for DEIRGs was “cytokine-cytokine receptor interaction”. The most enriched term in biological process (BP), molecular function (MF), and cellular component (CC) was “humoral immune response”, “receptor-ligand activity”, and “immunoglobulin complex”, respectively.

To extract immune-related hub genes, we performed WGCNA analysis on candidate genes. According to the scale-free network, the optimal soft-thresholding power was 5 (Figures 3A, B). A dendrogram of identified co-expressed genes in modules by using 651 DEGs (Figure 3C). Five modules were subsequently identified in terms of the average linkage hierarchical clustering and the optimal soft-thresholding power (Figure 3D). According to the Pearson correlation coefficient between a module and sample feature for each module, the yellow, brown, and blue modules closely correlated with colon cancer tumors. The genes in the yellow module were selected for further analysis. The network diagram showed the significant genes, and the two nodes were connected with lines to represent co-expression relationships. The genetic correlation in the yellow module was shown in Figure 3E. Two main clusters of genes exhibited good consistency in this module.




Figure 3 | WGCNA to mine differential immune gene modules. Analysis of IRGPI-related gene modules by WGCNA. (A) Analysis of the scale-independence of various soft-thresholding powers. (B) Mean connectivity analysis of various soft-thresholding powers. (C) Identification of co-expression modules. The branches of the tree diagram correspond to the five different gene modules. (D) Correlation of gene modules with tumor microenvironment correlation scores. Each cell contains the corresponding correlation coefficient and P-value. (E) Correlation analysis of each gene in the yellow module. WGCNA, weighted gene co-expression network analysis and IRGPI, immune-related gene prognostic index.





Survival Outcomes in Different IRGPI Groups

Kaplan-Meier survival analysis showed that the expression of 21 immune-related hub genes was strongly linked to OS in patients with colon cancer, as shown in Figure 4A. To select independent prognostic genes, multivariate Cox regression analysis for OS was performed among the 21 immune-related hub genes. As shown in Figures 4A, B, only eight genes (UCN, TRIM, RBCK1, TPM2, CD36, NMB, PPARGC1A, and LGALS4) significantly affected the OS in patients with colon cancer (P < 0.05). Following these results,we constructed a prognostic index for all cancer samples, with the following formula:

	




Figure 4 | Prognostic analysis of different colon cancer groups. (A) Kaplan-Meier survival analysis of the 21 immune-related hub genes. (B) Univariate Cox analysis of 21 immune-related hub genes. (C) Heat map of 8 genes in IRGPI score. (D) Univariate Cox analysis of clinicopathological factors and IRGPI scores, and multivariate Cox analysis of factors significant in univariate Cox analysis (P < 0.05). (E) Kaplan-Meier survival analysis of IRGPI groups in the TCGA cohort and the GEO cohort. IRGPI, immune-related gene prognostic index; TCGA, The Cancer Genome Atlas; and GEO, Gene Expression Omnibus.



The heatmap of the 8 genes presented well-distinguished clusters between the normal and tumor samples (Figure 4C). Age and stage were significantly associated with the prognosis of colon cancer as shown by univariate Cox regression analysis. Multivariate Cox regression analysis revealed that IRGPI was an independent prognostic factor, after being adjusted for other clinicopathologic factors (Figure 4D).

Taking the median IRGPI as the cutoff value, IRGPI-low group had a better OS than IRGPI-high group (P = 0.002). The role of IRGPI was then validated by the GSE39582 (n = 585) colon cancer dataset. Patients in the IRGPI-low group had a significantly better prognosis than those in the IRGPI-high group, which was consistent with the result of the TCGA dataset (P = 0.022; Figure 4E).



Molecular Characteristics of Different IRGPI Groups

GSEA analysis was carried out to explore the gene pathways enriched in different IRGPI groups. IRGPI-high group was enriched in cell adhesion molecules (CAMs) and chemokine signaling pathways, while IRGPI-low group was enriched in antitumor metabolisms, such as ascorbate and aldarate metabolism and butanoate metabolism (P < 0.05; Figure 5A).




Figure 5 | GSEA analysis and mutation analysis of IRGPI groups. (A) Set of genes enriched in IRGPI groups (P < 0.05). (B) Significantly mutated genes in the colon cancer samples of different IRGPI groups. Mutated genes are sorted by mutation rate; the arrangement of samples (columns) emphasizes the mutual exclusivity between mutations. Mutation rates are shown on the right, and the total number of mutations is shown above. Color coding indicates mutation type. GSEA, genomic-based gene set enrichment analysis; IRGPI, immune-related gene prognostic index.



Subsequently, we analyzed gene mutations to further understand the immunological nature of the IRGPI subpopulation (Figure 5B). To gain further biological insight into the immunological nature of the IRGPI groups. Missense variations were the most frequent mutation type. Most of the 21 immune-associated hub genes had missense mutations and frame shift mutation.In fact, mutations of APC, TTN, TP53, KRAS, and MUC16 were the 5 most prevalent mutations in the IRGPI-low group, whereas mutations of APC, TP53, TTN, KRAS, and SYNE1 were the 5 most prevalent mutations in IRGPI-high group.



Immune Characteristics of Different IRGPI Groups

The composition of immune cells in different IRGPI groups was analyzed using Wilcoxon test. The test compared the fraction of immune cells in different IRGPI groups. Here, we found that resting memory CD4 T cells and gammadelta T cells (γδ T cells) were more abundant in the IRGPI-low group, while neutrophils were more abundant in the IRGPI-high group (Figure 6A). The abundance ratios of 22 immune cells were displayed in Figure 6B. Consequently, the correlations between the abundance ratios of immune cells were analyzed using Kaplan-Meier survival analysis in overall survival. Seven immune cell types associated with survival were presented in the survival analysis performed on 22 immune cells. The relative proportion of naive B cells, plasma cells, resting memory CD4 T cells, regulatory T cells (Tregs), M1 macrophages, resting dendritic cells and activated mast cells were significantly related to OS (P < 0.05). Higher abundance ratios of M1 macrophages, naive B cells, plasma cells, resting memory CD4 T cells, and Tregs were associated with poorer OS, while a higher proportion of activated memory dendritic cells resting and activated mast cells were related to better OS (Figure 6C).




Figure 6 | TME landscape of colon cancer and characterization of different IRGPI groups. The proportions of TME cells in the high and low IRGPI groups. (A) The correlation of IRPGI scores with 22 immune cells. (B) Characteristics associated with the immune landscape. (C) Kaplan-Meier survival analysis of the correlation of immune cell abundance ratios in the IRGPI group. (*P < 0.05; **P < 0.01). TME, tumor immune microenvironment; IRGPI, immune-related gene prognostic index.



We then applied certain gene signatures to define the immune and molecular function between different IRGPI groups (19). We further investigated whether the prognostic value of IRGPI resulted from better immune control or less aggressive cancer growth. We found that patients with a lower score had a better outcome, with more resting memory CD4 T cells and γδ T cells infiltration. Less cytolytic activity, dendritic cells, plasmacytoid dendritic cells and plasmacytoid dendritic cells had a favorable prognosis. Therefore, we proposed that the prognostic value of IRGPI might result from both better immune control and less aggressive cancer growth. Collectively, IRGPI statistically correlated with the infiltration levels of most immune cells, implying that our IRGPI could potentially reflect the state of TME. In a nutshell, IRGPI was statistically associated with the levels of infiltration of immune cells, and immune function, which means that our IRGPI could potentially reflect the status of TME.



Relationship Between IRGPI Groups and Other Immune and Molecular Subtypes

Features related to the immune landscape, including clinicopathological characteristics of different IRGPI groups, could be found in Figure 7A. The information about microsatellite instability (MSI) status of patients and chemotherapy were analyzed in relation to IRGPI (Figure S1). EGFR and KRAS status were analyzed in relation to IRGPI (Table S1). In conclusion, IRGPI was an independent prognostic factor for other clinicopathologic factors. Colon cancer immune subtype classification described the immune landscape according to the tumor and stromal compartments and summarized six immune subtypes: wound healing(C1), IFN-γ dominant(C2), inflammatory(C3), lymphocyte depleted(C4), immunologically quiet(C5) and TGF-β dominant(C6) (25, 26). The proportion of each group was approximately the same, with C2 being more in the high-risk group (Figure 7B). A unified transcriptomic classification identified four biologically distinct consensus molecular subtypes (CMSs) (27, 28): CMS1 (MSI immune subtype, 14%), characterized by BRAF mutation enriched, hypermutated and hypermethylated tumors, with a strong immune activation; CMS2(canonical subtype, 37%), commonly CIN tumors with upregulation of WNT and MYC signaling; CMS3 (metabolic subtype, 13%), encompassed epithelial tumors with metabolic deregulation, enriched in KRAS mutations; and CMS4 (mesenchymal subtype, 23%), defined by strong activation of epithelial-emesenchymal transition, angiogenesis, and stemness pathways (28). CMS4 was the subtype with the worst outcome (27).




Figure 7 | Immunological and molecular subtype distribution of different IRGPI groups. (A) Heat map of IRGPI grouped clinical factors for colon cancer patients. (B) Heat map and table showing the distribution of colon cancer immune subtypes (C1, C2, C3, and C4) between the IRGPI groups. (C) Heat map and table showing the distribution of molecular subtypes (CMS1, CMS2, CMS3, and CMS4) between the IRGPI groups. IRGPI, immune-related gene prognostic index; CMS, consensus molecular subtypes. *P < 0.05.



As shown in Figure 7B, the IRGPI-low group included 79% of C1, 15% of C2, 2% of C3, and 4% of C4 samples in our study, whereas the group with high IRGPI score included 73% of C1, 24% of C2, 2% of C3, and 1% of C4 samples (P = 0.033). As shown in Figure 7C, the IRGPI-low group comprised 20% of CMS1, 41% of CMS2, 23% of CMS3, and 17% of CMS4 samples, while the IRGPI-high group comprised 20% of CMS1, 36% of CMS2, 7% of CMS3, and 37% of CMS4 samples. There were more CMS2 and CMS3 samples in the IRGPI-low group, while more CMS4 subtypes in the IRGPI-high group (P = 0.001).



Benefits of ICI Treatment in Different IRGPI Groups

The potential efficacy ICI treatment in different IRGPI groups can be assessed with TIDE algorithm. A higher TIDE score indicated higher potential for immune evasion, meaning that patients were less likely to benefit from ICI treatment (29). In our results, the IRGPI-low group had a lower TIDE score than the IRGPI-high group, implying that IRGPI-low patients could benefit more from ICI therapy than IRGPI-high patients (Figure 8A). Furthermore, a higher TIDE score prediction score was associated with a worse outcome. Therefore, the IRGPI-low group with a low TIDE score might had a better outcome than the IRGPI-high group with a high TIDE score. We also found no difference in microsatellite instability (MSI) score between the two groups. The IRGPI-low group had a lower T cell exclusion score and T cell dysfunction compared with the IRGPI-high group.




Figure 8 | Immune response to ICI therapy and the prognostic value. (A) TIDE, MSI, and T cell exclusion and dysfunction score for different IRGPI groups. Scores were compared between the two IRGPI groups (ns, not significant; ***P < 0.001). (B) Kaplan-Meier survival analysis of the IRGPI groups in TIDE, TIS, the colon cancer cohorts of Deng et al. and Chen et al. (C) Time-dependent ROC curve analysis. ICI, immune checkpoint inhibitor; MSI, microsatellite instability; TIS, T cell-inflamed signature; IRGPI, immune-related gene prognostic index; ROC, receiver operating characteristic.



In addition, the predictive performance of IRGPI was compared with other signatures through ROC curves. Here, the AUC at five-year of IRGPI was 0.722, compared with widely used biomarkers and other published immune-related features for cancer immunotherapy, achieving superior performance. (Figure 8B). The AUC was 0.696, 0.690, 0.684, 0.722 and 0.654 for 1-year, 2-year, 3-year, 5-year, and 7-year survival, respectively (Figure 8C). Overall, these results indicated that IRGPI was a highly reliable index and superior to other signatures.




Discussion

ICI therapy is an effective treatment for patients with colon cancer (30). Because the overall response rate to ICI therapy remains very low (31), it is critical to identify patients who can benefit the most from these treatments. Complex cellular and molecular interactions between the tumor and host immune system influence tumor progression and patient survival (32). After years of evaluating different prognostic markers in colon cancer, we still have not found validated biomarkers for predicting response to immunotherapy and OS. This highlights the need to identify prognostic biomarkers for use in immunotherapy in colon cancer.

There is growing evidence that cancer evolution is strongly dependent on the complex TME. The main immune parameters associated with survival are defined as the “immune environment” (32, 33), which is the type, functional localization, density, and location of adaptive immune cells in different tumor areas (32–35). Several soluble factors such as cytokines, chemokines, and cellular metabolites are also included (36). WGCNA can correlate modules with specific clinical features, from which genes performing key functions can be identified. In our study, based on the colon cancer immune gene datasets, we used WGCNA to identify 21 immune-related hub genes affecting patients’ OS and constructed IRGPI based on 8 independent OS prognostic factors (UCN, TRIM58, RBCK1, TPM2, CD36, NMB, PPARGC1A, and LGALS4). IRGPI is a valid biomarker for predicting the prognosis of colon cancer. Patients with low IRGPI score had better survival, and patients with high IRGPI score had poorer survival in the TCGA and GEO cohorts.

IRGPI was composed of 8 genes UCN, TRIM58, RBCK1, TPM2, CD36, NMB, PPARGC1A, and LGALS4. Urocortins (UCNs) are adrenergic releasing factor-related peptides that regulate gastrointestinal motility and visceral pain in response to stress (37). UCNs can inhibit the growth of colon cancer tumor cells by inducing apoptosis through PUMA and p53 targets (38). TRIM58 expression was markedly inhibited in CRC and negatively related to CRC progression (39). Hypermethylation of TRIM58 down-regulation of its mRNA expression correlates with prognosis of various digestive tract tumors, suggesting that high expression is linked to bad outcome (40). RBCK1 is associated with the sensitivity and stemness of chemotherapeutic drugs in CRC (41). TPM2 (β -Tropomyosin), encoded tropomyosin β chain, was identified as a fibroblast-specific biomarker of poor prognosis in CRC (42). CD36 regulates cell-attachment-to-extracellular matrix attachment, stromal cell fate, TGFβ activation, and immune signaling, which is an early marker of cancer invasion and metastasis in breast, prostate, ovarian, liver, and colon cancer (43). PPARGC1A has an essential function in the modulation of mitochondrial biogenesis and metabolism and protects against tumorigenesis by regulating the fate enterocytes (44, 45). LGALS4 inhibits tumor cell infiltration (46), and LGALS4 upregulation prolongs disease-free survival in CRC (47). Detailed links between these genes are yet to be elucidated. In addition, more research is warranted to uncover the mechanism of action of these genes in colon cancer.

To further understand the immunological nature of IRGPI groups, we investigated gene mutations in different IRGPI groups. The mutation landscape showed that APC and TP53 gene mutation were more frequent in both high and low risk groups, and the mutation rates were greater in the IRGPI-high group than in the IRGPI-low group for APC (74% vs 45%) and TP53 (62% vs 45%). Mutations in the tumor suppressor gene APC, found in approximately 80% of human colon cancer, disrupt intestinal stem cell (ISC) homeostasis and lead to unrestricted activation of the WNT pathway (48). TP53 mutation leads to loss of function, genome-wide ploidy, and local oncogene amplification in the colon (49). There is growing evidence that TP53 mutations affect the TME (50). Specific mutant p53 proteins are capable of producing non-cell-autonomous effects, such as secreting higher levels of interferon-β (51), inducing paracrine effects, mediating the M1 polarization pattern in neighboring macrophages (52), and reprogramming neighboring macrophages (53). Thus, patients in the IRGPI-high group with high APC and TP53 mutations have a worse prognosis than patients in the IRGPI-low group with low APC and TP53 mutations, which is consistent with our survival results.

Considering the importance of immune cells in tumor immune infiltration, we further evaluated the relative proportion of 22 immune cells in each colon cancer specimen and assessed the immune function. Some evidence suggests that the interaction between tumor and microenvironment plays a crucial role in the progression of colon cancer and the probability of response to immunotherapy. Previous studies found an association between reduced resting memory CD4 T cell infiltration and poor prognosis (54). Indeed, γδ T cells are a subset of cytotoxic T cells that produce TNF-α, leading to tumor elimination through their powerful effector function. They can recruit other immune cells and increase the high antitumor activity in colon cancer. In addition, neutrophils play a key role in tumorigenesis and tumor promotion and metastasis by increasing angiogenesis, cell motility, migration, and invasion. Neutrophils can amplify DNA damage in cancer cells through reactive oxygen species(ROC), promoting liver metastasis. M1 macrophages have pro-inflammatory and tumoricidal properties (55). However, the prognostic significance of macrophages in the microenvironment of CRC is not fully understood. Several studies have assessed the prognostic significance of macrophages in CRC, but the results are conflicting (56–65). Colon cancer progression is usually associated with a systemic inflammatory response, and multiple mechanisms of inflammatory mediators support tumor growth and spread (66, 67).Different tumor-associated macrophages (TAM) subpopulations have opposing functions and specific infiltration sites, hence the role of TAM in the prognosis of colon cancer has not been fully defined (68). Furthermore, IRGPI-low samples were enriched for stronger anti-tumor metabolism and inhibition of tumor metastasis, while IRGPI-high samples had more immunosuppressive cells and signals associated with tumor and metastasis, suggesting that the IRGPI-high group was characterized by immunosuppression and active tumor progression.

IRGPI groups could distinguish different molecular and immunological subtypes of colon cancer. Thorsson et al. developed a new worldwide immune classification of solid tumors from transcriptional profiles of more than 10,000 patients from all TCGAs (69). According to their classification, colon cancer immune subtypes were mainly composed of C1, C2, C3, and C4. Among them, colon cancer was dominated by C1, with increased expression of angiogenic genes associated with adaptive immune infiltration. In C1, the proportion of the IRGPI-low group was higher than the IRGPI-high group, suggesting that IRGPI was associated with adaptive immune infiltration. The International CRC Subtype Consortium has developed a unified transcript classification based on four biologically distinct CMS, which is widely accepted (27): CMS1, CMS2, CMS3, and CMS4. Among them, CMS2 was activated with WNT and MYC signaling with an intermediate prognosis. CMS3 epithelial cells had a marked metabolic disorder with an intermediate prognosis. CMS4 had prominent TNF-β activation and a poor prognosis. In our study, the proportion of CMS2 and CMS3 was higher in the IRGPI-low group than IRGPI-high group, respectively. Conversely, CMS4 was lower in the IRGPI-low group than IRGPI-high group. It was clarified that patients with low IRGPI scores had active immunity and a good prognosis, whereas patients with high IRGPI scores had immunosuppressive features and a poor prognosis, which was consistent with our previous findings.

To Assess the response to ICI therapy in patients with colon cancer, we forecasted the probability of the IRGPI model using TIDE and TIS scores. The TIDE score was a newly developed immunotherapy response prediction method for forecasting the effectiveness of anti-PD1 and anti-CTLA4 therapy more accurately than TMB or PD-L1 expression (70). A higher TIDE score indicated poorer tumor response to ICI therapy and a worse prognosis (20). In our study, TIDE scores were higher in the IRGPI-high group than the IRGPI-low group, suggesting a large immune escape and poor outcome with high IRGPI scores. This suggested that IRGPI was a valid biomarker for predicting response to immunotherapy. The low IRGPI score group may be more sensitive to immunotherapy. As for TIS score, it was described as a biomarker for predicting prognosis of patients with different types of cancer (21). The clinical trial assay, running on the nCounter Analysis System, contained genes associated with antigen presentation, chemokine expression, cytotoxic activity, and adaptive immune resistance (71). Our IRGPI score was more sensitive compared to the TIDE and TIS scores, and hence better. In addition, we compared IRGPI score with Zhang’s signature and Deng’s signature in terms of predicting immune prognosis and consistently found that IRGPI score had a higher sensitivity. In conclusion, our study developed a reliable immune-related risk signature that could predict survival and response to ICI therapy in patients with colon cancer. To our knowledge, this is the first IRG prognostic model based on WGCNA to differentiate the prognostic, molecular, and immunological profile for colon cancer. It played an important role in differentiating immune and molecular features and predicting patient prognosis. However, the study still has some limitations. First, the data were based on retrospective datasets, and a prospective study of this IRGPI-based signature would be necessary. Second, all expression data were sequencing data downloaded from public databases, and the results need to be validated by new methods and external experiments with fresh specimens. Finally, indirect assessment of IRGPI’s ability to predict response to immunotherapy would require further studies in large-scale multicenter studies.
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