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Immune evasion (IEV) plays a critical role in the development and progression of colon cancer. However, studies to predict the prognosis of colon cancer via IEV-related genes are limited. Therefore, based on the 182 IEV-related genes, we used the univariate and Lasso Cox regression model to construct the IEV-related genes signature (IEVSig) of 16 prognostic IEV-related genes using the Gene Expression Omnibus and The Cancer Genome Atlas online databases. We found that IEVSig was an independent prognostic factor, and patients with high IEVSig had higher TNM stage and shorter recurrence-free survival than their counterparts. Kyoto Encyclopedia of Genes and Genomes and gene set enrichment analyses revealed that patients with high and low IEVSig had significantly different enrichment pathways. Immune cell infiltration analysis showed that nine immune cells obviously increased in the high-IEVSig group, whereas five immune cells increased in the low-IEVSig group. Immunotherapy cohort analysis revealed that patients with high IEVSig had a higher proportion of progressive disease or stable disease after receiving immunotherapy than patients with low IEVSig. Furthermore, patients with low IEVSig had higher tumor mutation load and neoantigen burden, which indicated an improved response to immunotherapy, than patients with high IEVSig. Thus, an IEV-related prognostic signature was established to predict the prognosis of patients with colon cancer and derive a prediction marker to offer insights into therapeutic strategies.
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INTRODUCTION
Colon cancer is the third leading cancer in terms of incidence but second in terms of mortality worldwide (Bray et al., 2018). Given the high mortality of colon cancer, searching for and establishing effective biomarkers is a significant task. At present, the evaluation of prognosis includes the tumor stage, tumor anatomical location, and microsatellite status of tumors (Dekker et al., 2019). However, the complexity associations among biomarkers, patient prognosis, and treatment benefits make the management of patients with colon cancer challenging (Sveen et al., 2020). Therefore, a novel and effective prognostic assessment model must be urgently established.
The tumor microenvironment (TME) plays a crucial role in the development and progression of tumors. The TME is mainly composed of tumor cells, immune cells, and stromal cells. In tumor immune surveillance, the major cytotoxic lymphocytes, CD8+ T cells and natural killer (NK) cells, can direct perforin-dependent tumor cell killing and release several inflammatory cytokines, such as IFN-γ and TNF, to promote antitumor immunity through antigen presentation (Voskoboinik et al., 2015; Kearney et al., 2017). Major histocompatibility complex (MHC)-I-mediated antigen presentation facilitates the detection of tumor cells through cytotoxic CD8+ T cells. Therefore, disruption of antigen presentation is a key mechanism of tumor IEV (Kearney et al., 2018; Freeman et al., 2019). For example, loss-of-function mutations in B2M, JAK1, and JAK2, resulting in loss of MHC-I expression (B2M) or response to IFN-γ (JAK1 and JAK2), have been identified in patients who fail to respond to immunotherapy (Restifo et al., 1996; Zaretsky et al., 2016; Shin et al., 2017). In addition, the activation of other specific gene expression programs can evade tumor immune recognition. For instance, DUX4 expression blocks IFN-γ-mediated induction of MHC-I, demonstrating suppressed antigen presentation in DUX4-mediated IEV (Chew et al., 2019). Moreover, activation of β-catenin signaling promotes T cell exclusion from the melanoma microenvironment (Spranger et al., 2015), and LSD1 expression prevents antitumor immunity (Sheng et al., 2018). Several studies recently revealed that the signatures based on gene expression of tumor immune infiltration cells manifest potentially better prognostic values (Wu et al., 2019; Bao et al., 2020; Giri, 2020; Gao et al., 2021; Wang et al., 2022). However, studies to evaluate the value of immune evasion-related genes (IEVGs) in the prediction of the prognosis of patients with colon cancer are lacking.
In this study, we evaluated the expression of 182 IEVGs and identified 42 RFS-related IEVGs of patients with colon cancer from the training cohort. The immune evasion-related genes signature (IEVSig) was constructed by using 16 prognostic IEVGs screened from the Lasso Cox regression model and further validated in an external cohort. Functional enrichment and immune cell infiltration analyses were conducted to investigate the potential mechanism of IEV. Furthermore, genomic alteration and somatic mutation analyses were conducted to explore the relationship between genetic variation and IEV. At last, we assessed the prognostic value of IEVSig in response to cancer immunotherapy.
MATERIALS AND METHODS
Data Collection
The entire sets of 182 IEVGs of cytotoxic T lymphocytes by using the genome-wide CRISPR screens across a panel of genetically diverse mouse cancer cell lines were obtained from a previous study (Lawson et al., 2020). Thereafter, we matched them to the human genes, which are listed in Supplemental Table S1. To observe IEV in colon cancer, by checking the database from the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA), the patients who met the following criterion were reserved: 1) have overall/recurrence-free survival (RFS) data and 2) have integral clinical data, such as AJCC TNM stage, age, sex, and MSI status. As a result, the gene expression profiling datasets of four cohorts, namely, GSE39582, GSE33113, GSE38832, and GSE39084, were downloaded from the GEO, whereas the TCGA-COAD cohort was obtained from TCGA public databases (Supplemental Table S2). The clinical data of these patients were collected, including TNM status, MSI status, stage, age, and gender (Supplemental Table S3). Tumor mutation burden (TMB), copy number variation (CNV) burden, loss of heterozygosity (LOH) score, and somatic mutation analysis were conducted between patients with low- and high-risk colon cancer of the TCGA-COAD cohort. Among them, GSE39582 was the training cohort, and others were validation cohorts.
Construction and Validation of Immune Evasion-Related Genes Signature Based on the Prognostic Immune Evasion-Related Genes Signature
RFS rate was the primary endpoint in our study, so we screened the targeted genes based on the RFS-related IEVGs (|HR| > 1, p < 0.05) using univariate Cox regression for the 182 IEVGs in the GSE39582 training cohort. The RFS-related IEVGs were subjected to Lasso Cox regression analysis to establish the prognostic prediction model using the package of “glmnet” (version 4.1–3) (Friedman et al., 2010; Tu et al., 2020). The coefficients of the identified IEVGs in the Lasso Cox regression model were used to calculate the IEVSig, with the penalty parameter estimated via 10-fold cross-validation, and all the patients were divided into the high- and low-risk groups based on the median risk score. The formula was calculated as follows:
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where [image: image] is the coefficient of the identified IEVGs in the Lasso Cox regression model and expi is the normalized expression of the IEVGs.
Immune Cell Infiltration Analysis and Gene Set Variation Analysis
To compare the differences in immune cell types between the high- and low-risk IEVSig groups, we used the CIBERSORT method, a deconvolution algorithm that uses support vector regression for calculating the detailed immune cell types in patients with colon cancer (Newman et al., 2015; Newman et al., 2019). For the current signatures with marker genes, we used the single simple gene set enrichment analysis (ssGSEA) method by the gene set variation analysis (GSVA) R package to calculate the enrichment score to represent the activity of these signatures in the patients with colon cancer.
Functional and Pathway Enrichment Analyses
By using the “clusterProfiler” R package (version 4.2.2) (Yu et al., 2012), the Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis was conducted in our study. Gene set enrichment analysis (GSEA) was used to explore the potential function and signaling pathway enrichment associated with the patients with high- and low-IEVSig colon cancer. Enrichment p values were based on 1,000 permutations and subsequently adjusted using the Benjamini–Hochberg (BH) method.
Immune Evasion-Related Genes Signature in Cancer Immunotherapy
To further evaluate the potential value of IEVSig in cancer immune therapy, an immune-related cohort of advanced urothelial cancer with atezolizumab (n = 348) from the “IMvigor210” cohort (Mariathasan et al., 2018) as the immune-related validation cohort was utilized.
Statistical Analysis
The Kaplan–Meier method was conducted to evaluate RFS differences between the high- and low-risk groups using “survminer” (version 0.4.9) and “survival” (version 3.2–13) packages. Then, we used the “surv-cutpoint” function of the “survminer” package to divide patients into two subgroups with the most significant statistical results. In addition, the receiver operator characteristic (ROC) curve was used to evaluate the accuracy of the prognostic prediction model using the R package “timeROC” (version 0.4) (Blanche et al., 2013). The Wilcox method was used to compare the differences in levels between two subgroups. IEVSig was validated in the validation cohorts. All the statistical analyses including univariate and multivariate Cox regression analyses, Lasso Cox regression analysis, Kaplan–Meier survival analysis, and ROC curve analysis were processed using R software (version 3.6.1). All reported p values were two-sided, and statistical significance was set at 0.05.
RESULTS
Identification of Prognostic Immune Evasion-Related Genes Signature
The complete flowchart is shown in Figure 1. In our study, we used the GEO dataset GSE39582 gene expression profiling as a training cohort to identify prognostic IEVGs. Among 182 previously reported IEVGs in cancer, 42 IEVGs associated with RFS were identified through univariate Cox regression analysis in colon cancer (Figure 2A). Then, Lasso Cox regression analysis was used to establish the prognostic prediction model based on the 42 RFS-related IEVGs. The coefficients of the identified IEVGs are shown in Figure 2B. We calculated the partial likelihood deviance of IEVGs included in the Lasso regression model (Figure 2C). At last, 16 RFS-related IEVGs were identified, and the prognostic signature named IEVSig was further constructed. The detailed coefficients of the 16 screened IEVGs in the Lasso Cox regression model and the BH adjusted p value are shown in Figure 2D and Supplemental Table S4.
[image: Figure 1]FIGURE 1 | Workflow chart of our study.
[image: Figure 2]FIGURE 2 | Establishment of the immune evasion-related genes (IEVG) signature model. (A) univariate Cox regression screening of the 42 recurrence-free survival-related IEVGs screened from 182 IEVGs in the GSE39582 training cohort. (B) The coefficient profiles of the 42 prognostic IEVGs in the Lasso regression model from the training cohort (GSE39582). (C) Partial likelihood deviance of IEVGs included in the Lasso regression model. (D) Coefficients of the 16 screened IEVGs in the Lasso Cox regression model.
Establishment and Validation of Immune Evasion-Related Genes Signature
We calculated IEVSig according to the coefficients of the 16 IEVGs identified in the Lasso Cox regression model and divided the patients into high- and low-risk groups based on the median risk score (Supplemental Table S5). In the GSE39582 training cohort, Kaplan–Meier curves and distribution plots showed that patients with colon cancer and high IEVSig had shorter RFS compared with patients with low IEVSig (p = 8.28e-10). In addition, time-dependent ROC curves were applied to estimate the signature, which indicated that the values of area under curves (AUCs) for 1-, 3-, and 5-year survival times were 0.657, 0.724, and 0.693, respectively (Figure 3A). In similar, Kaplan–Meier curves and distribution plots all showed that patients with colon cancer and high IEVSig had worse RFS in the TCGA, GSE33113, GSE38832, and GSE39084 validation cohorts (p < 0.05). In the TCGA cohort, ROC analysis showed that the AUCs for 1-, 3-, and 5-year survival times were 0.611, 0.721, and 0.638, respectively. In GSE33133, the AUCs for 1-, 3-, and 5-year survival times were 0.649, 0.783, and 0.769, respectively. In GSE38832, the AUCs for 1-, 3-, and 5-year survival times were 0.563, 0.607, and 0.580, respectively. In GSE39084, the AUCs for 1-, 3-, and 5-year survival times were 0.701, 0.716, and 0.679, respectively (Figures 3B–E). To detect the prior of IEVSig, the classical 20 colon prognosis-related signatures were collected from the MsigDB (http://www.gsea-msigdb.org/) and calculated via GSVA. Results showed that IEVSig had a higher ranking compared with other signatures via Cox regression analysis and time-ROC analysis (Supplemental Table S6).
[image: Figure 3]FIGURE 3 | Immune evasion-related genes signature (IEVSig) was associated with CC survival. (A–E) Kaplan–Meier curves of recurrence-free survival according to IEVSig, CC patients’ distribution plots, and time-dependent receiver operator characteristic curves of IEVSig in the GSE39582 training cohort (A), the Cancer Genome Atlas cohort (B), GSE33113 (C), GSE38832 (D), and GSE39084 (E).
In final, IEV Sig was significantly related to the prognosis of 17/30 cancers by using the pan-cancer cohorts (Supplemental Table S7).
Comparison of Immune Evasion-Related Genes Signature With Clinicopathological Features of Patients With Colon Cancer
To further study the prognostic value of IEVSig and clinicopathological features, we conducted univariate and multivariate Cox regression analyses in the GSE39582 training cohort. Univariate Cox analysis revealed that the clinicopathological features, such as tumor stage and MMR status, and IEVSig could affect the prognosis of patients with colon cancer. Furthermore, multivariate Cox analysis indicated that IEVSig remained an independent prognostic factor (Table 1). In similar, IEVSig remained an independent prognostic factor in the TCGA_COAD validation cohort (Table 2).
TABLE 1 | Univariate and multivariate Cox regression analysis in the GSE39582 cohort.
[image: Table 1]TABLE 2 | Univariate and multivariate Cox regression analysis in the Cancer Genome Atlas-COAD cohort.
[image: Table 2]Then, we evaluated the relevance between IEVSig and clinicopathological features of patients with colon cancer in the TCGA-COAD cohort. As shown in Figure 4A, the heatmap showed IEVSig ordered by the risk scores and the distributions of clinicopathological features, including TNM stage, MSI status, age, gender, and the expression levels of the 16 genes. In detail, the violin plot revealed that young patients had higher IEVSig than the old patients. In addition, the patients with high IEVSig had higher T status, higher N status, higher M status, and higher TNM stage than patients with low IEVSig (Figures 4B–H). Patients with high IEVSig had a more stable microsatellite status than those with low IEVSig (all p < 0.05).
[image: Figure 4]FIGURE 4 | Immune evasion-related genes signature (IEVSig) was correlated with clinicopathological features of CC patients. (A) heatmap of the IEVSig consisting of 16 immune evasion-related genes ordered by the risk scores and its association with clinicopathological features including TNM status, MSI status, stage, age, and gender. (B–H) the violin plot representation of the correlations of the IEVSig and gender (B), age (C), stage (D), T status (E), N status (F), M status (G), and MSI status (H).
Functional Analysis of Immune Evasion-Related Genes Signature
We conducted KEGG and GSEA analyses to assess the potential function of the IEV-related gene signature in the training cohort (GSE39582). KEGG analysis showed the top 30 enriched KEGG pathways in patients with high-risk colon cancer compared with patients with low-risk cancer in the training cohort, which included neuroactive ligand–receptor interaction, calcium signaling pathway, cAMP signaling pathway, cell adhesion molecules, and the Wnt signaling pathway (Figure 5A and Supplemental Table S8). In addition, KEGG analysis showed that the enriched KEGG pathways in patients with low-risk colon cancer compared with the high-risk group were cytokine–cytokine receptor interaction, cell cycle, chemokine signaling pathway, NK cell-mediated cytotoxicity, and TNF signaling pathway (Figure 5B and Supplemental Table S8). GSEA analysis was conducted to analyze the pathways enriched in the patients with high-risk colon cancer. “angiogenesis,” “response_dn,” “tgf_beta_signaling,” “notch_signaling,” “coagulation,” “wnt_beta_catenin_signaling,” “hedgehog_signaling,” AND “epithelial_mesenchymal_transition” were obviously enriched in the patients with high-risk colon cancer (Figure 5C).
[image: Figure 5]FIGURE 5 | Pathway and hallmarks associated with the immune evasion-related genes signature. (A) top 30 enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways in high-risk CC subgroup vs. low-risk subgroup in the Cancer Genome Atlas (TCGA) cohort. (B) top 30 enriched KEGG pathways in low-risk CC subgroup vs. high-risk subgroup in the GSE39582 cohort. (C) significantly enriched hallmarks in high-risk subgroup CC patients using the GSEA method in the TCGA cohort.
Immune Cell Infiltration Levels Between Distinct Immune Evasion-Related Genes Signature Groups
We estimated the relative proportion of the 28 immune cells for each patient with colon cancer with high or low IEVSig using CIBERSORT in the TCGA-COAD cohort. The infiltration levels of 28 immune cells of patients with different risk scores are shown in Figure 6A. CD56dim NK cell, central memory CD4 T cell, central memory CD8 T cell, eosinophil, mast cell, monocyte, NK cell, NK T cell, and plasmacytoid dendritic cell obviously increased in the high-risk groups than in the low-risk groups. However, the expression levels of type 2 T helper cells, activated CD4 T cells, activated CD8 T cells, activated dendritic cells, and type 17 T helper cells obviously decreased in the high-risk groups (Figure 6B). The heatmap showed that the 16 IEVGs of IEVSig were significantly correlated with the 28 immune cell infiltration levels (Figure 6C).
[image: Figure 6]FIGURE 6 | orrelations between Immune evasion-related genes signature and immune cell infiltration levels of CC patients. (A) heatmap of the 28 immune cell infiltration levels ordered by the risk scores and their association with clinicopathological features including TNM status, MSI status, stage, age, and gender in the Cancer Genome Atlas (TCGA) cohort. (B) boxplot represents the 28 immune cell infiltration levels between low- and high-risk CC subgroups in the TCGA cohort. (C) the heatmap shows the Spearman correlations between the 28 immune cell infiltration levels and 16 screened immune evasion-related genes in the TCGA cohort.
Genomic Alteration and Somatic Mutation of Immune Evasion-Related Genes Signature Groups
We evaluated the genomic alteration and somatic mutation status between patients with high and low IVESig in the TCGA-COAD cohort. As shown in Figure 7A, patients with high IVESig had higher TMB, CNV burden, and LOH score than those with low IVESig. Moreover, the various types of common gene mutations of the two IEVSig groups are presented in Figure 7B.
[image: Figure 7]FIGURE 7 | Genomic alteration and somatic mutation analysis in the Cancer Genome Atlas cohort. (A–C) tumor mutation burden, copy number variation burden, and loss of heterozygosity score were compared between low- and high-risk subgroups. (D) somatic mutation landscape of top 20 frequent SMGs between low- and high-risk CC subgroups.
Prediction of Immune Evasion-Related Genes Signature in Guiding Cancer Immunotherapy
To assess the potential values of IEVSig in guiding cancer immunotherapy, we obtained the Kaplan–Meier curves and immunotherapy response by using the IMvigor210 immunotherapeutic cohort. The Kaplan–Meier curves showed that patients with high IEVSig had shorter survival (Figure 8A, p = 0.012) than those with low IEVSig. In addition, patients with high IEVSig had a higher proportion of progressive disease or stable disease after receiving immunotherapy than patients with low IEVSig (Figures 8B, C). Furthermore, patients with low IEVSig had higher tumor mutation load and neoantigen burden, which indicated an improved immunotherapy response (Figures 8D, E).
[image: Figure 8]FIGURE 8 | Potential of Immune evasion-related genes signature (IEVSig) in guiding cancer immune therapy. (A) Kaplan–Meier curves of the low- versus high-risk subgroup in the IMvigor210 cohort (anti-PD-L1 cohort). (B) the proportion of immune therapy response to anti-PD-L1 treatment in low- versus high-risk subgroups. CR, complete response; PR, partial response; SD, stable disease; PD, progressive disease. (C) distribution of IEVSig score between distinct immune therapy response statuses (PD/SD vs. CR/PR). (D,E) tumor mutation load (D) and neoantigen burden (E) in the anti-PD-L1 cohort were compared between distinct IEVSig subgroups.
DISCUSSION
Colon cancer has high mortality rates across the world, despite significant advances in diagnosis and therapy (Bray et al., 2018; Dekker et al., 2019). Besides genetic aberrations, posttranscriptional alterations are also involved in the regulation of colon cancer development (García-Cárdenas et al., 2019; Gao et al., 2021). Given the heterogeneity of cancer, patients with colon cancer manifest distinct prognoses to various therapeutic approaches. IEV of TME plays a key role in the development and progression of colon cancer, so analysis of IEV-related genes will help us fully understand the pathogenicity and accurately predict the prognosis of individual patients.
Increasing evidence has shown that the TME is intricately related to cancer development and progression, guiding clinical therapy (Fang and Declerck, 2013; Binnewies et al., 2018). Cancer cells acquire phenotypic changes to evade recognition and destruction by effector cells of the immune system to complete IEV. Therefore, an IEV-related gene signature must be constructed to predict the prognosis of patients with colon cancer.
In this study, we constructed a novel prognostic model, named IEVSig, which consisted of 16 IEV-related genes. This model divided the patients into high- and low-risk groups according to the survival outcome. Patients in the high-IEVSig group exhibited poor prognosis, whereas patients in the low-IEVSig group showed prolonged survival time. In total, 16 IEV-related genes were identified in our study. TGFBR2 (transforming growth factor, beta receptor II) is a protein-coding gene that binds to TGF-β. TGF-β is a potent immunosuppressor that is associated with tumor escape from the surveillance of the host immune, and it promotes tumor progression. Therefore, blockade or insensitivity of TGF-β would be a potential therapeutic strategy to enhance antitumor immunotherapy (Zhang et al., 2006; Wang et al., 2010; Tauriello et al., 2018). Rachel A Burga et al. (Burga et al., 2019) reported a new strategy to engineer TGFβ receptors of NK cells, which enable inhibitory TGFβ signals to convert to activating signals and overcome TGFβ-mediated IEV. A previous study demonstrated that upregulation of IRF1 inhibits the progression of CRC by regulating interferon-induced proteins (Xu et al., 2021). Wang et al. (Wang et al., 2020) also found that Mettl3 or Mettl14 loss promotes IFN-γ-Stat1-Irf1 signaling by stabilizing Stat1 and Irf1 mRNA via Ythdf2 to enhance the response to anti-PD-1 treatment. Another study revealed that increased Arf6 activity can enhance cell migration and invasion in vitro and increase metastasis of transplanted tumor cells in mice (Lüttgenau et al., 2021). The enhancement of the ARF6-based pathway and its activation by external ligands may promote tumor cell motility, PD-L1 dynamics, and IEV of pancreatic cancer (Hashimoto et al., 2019). Another study found that long noncoding RNA (lncRNA) DANCR binds with KAT6A to affect the acetyltransferase activity of KAT6A, thereby influencing the expression of KAT6A target genes to promote the development and progression of colon cancer (Lian et al., 2020). All the abovementioned IEV-related genes demonstrated that the IEVGs identified in our study were linked to the pathogenesis and escape of the host immune system in colon cancer.
Immune checkpoint blockade (ICB) treatment has emerged as the new therapeutic strategy for metastatic tumors. Previous research revealed that the high microsatellite instability (MSI-H) status and elevated mutational load can elevate sensitivity to ICB treatment (Le et al., 2017). Therefore, we conducted immune cell infiltration and genetic variation analyses to further evaluate the characteristics of TME and the response to immunotherapy. Immune cell infiltration analysis showed the significantly different infiltrated immune cells between the high- and low-IEVSig groups. Nine immune cells increased in the high-IEVSig group, whereas five immune cells increased in the low-IEVSig group. Genetic variation analysis showed that patients with low IEVSig had higher tumor mutation load and neoantigen burden and better response to immunotherapy than patients with high IEVSig, which indicated the correlation between IEV-related genes and TME.
Nevertheless, some limitations should be considered in our study. First, the study was conducted based on the public datasets, so several potential biases may exist. Second, the biological functions and molecular mechanisms of 16 IEV-related genes in CRC need to be further evaluated. At last, the identified 16 IEV-related genes require experimental verification and validation in more cohorts.
CONCLUSION
In conclusion, we constructed an IEV-related signature IEVSig to predict prognosis in patients with colon cancer. Results showed that the high-IEVSig group had a significantly poor RFS than the low-IEVSig group. We found that the immune cell infiltration levels, tumor mutation load, neoantigen burden, and responses to immune therapy treatment were significantly different between groups, which indicated the interaction of IEV-related genes with TME. The IEV-related gene signature is an effective prediction marker to offer insights into therapeutic strategies.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material, and further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
Conception and design: HZ, ZH, and PL; financial support: HZ; provision of study materials: HZ and ZH; collection and assembly of data: all authors; data analysis and interpretation: HZ, ZH, and PL; manuscript writing: HZ, ZH, and PL; manuscript supervised: HZ, ZH, and PL.
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.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.811660/full#supplementary-material
REFERENCES
 Bao, X., Zhang, H., Wu, W., Cheng, S., Dai, X., Zhu, X., et al. (2020). Analysis of the Molecular Nature Associated with Microsatellite Status in Colon Cancer Identifies Clinical Implications for Immunotherapy. J. Immunother. Cancer 8, e001437. doi:10.1136/jitc-2020-001437
 Binnewies, M., Roberts, E. W., Kersten, K., Chan, V., Fearon, D. F., Merad, M., et al. (2018). Understanding the Tumor Immune Microenvironment (TIME) for Effective Therapy. Nat. Med. 24, 541–550. doi:10.1038/s41591-018-0014-x
 Blanche, P., Dartigues, J.-F., and Jacqmin-Gadda, H. (2013). Estimating and Comparing Time-dependent Areas under Receiver Operating Characteristic Curves for Censored Event Times with Competing Risks. Stat. Med. 32, 5381–5397. doi:10.1002/sim.5958
 Bray, F., Ferlay, J., Soerjomataram, I., Siegel, R. L., Torre, L. A., and Jemal, A. (2018). Global Cancer Statistics 2018: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA a cancer J. Clin. 68, 394–424. doi:10.3322/caac.21492
 Burga, R. A., Yvon, E., Chorvinsky, E., Fernandes, R., Cruz, C. R. Y., and Bollard, C. M. (2019). Engineering the TGFβ Receptor to Enhance the Therapeutic Potential of Natural Killer Cells as an Immunotherapy for Neuroblastoma. Clin. Cancer Res. 25, 4400–4412. doi:10.1158/1078-0432.CCR-18-3183
 Chew, G.-L., Campbell, A. E., De Neef, E., Sutliff, N. A., Shadle, S. C., Tapscott, S. J., et al. (2019). DUX4 Suppresses MHC Class I to Promote Cancer Immune Evasion and Resistance to Checkpoint Blockade. Dev. Cell 50, 658–671. doi:10.1016/j.devcel.2019.06.011
 Dekker, E., Tanis, P. J., Vleugels, J. L. A., Kasi, P. M., and Wallace, M. B. (2019). Colorectal Cancer. Lancet 394, 1467–1480. doi:10.1016/s0140-6736(19)32319-0
 Fang, H., and Declerck, Y. A. (2013). Targeting the Tumor Microenvironment: from Understanding Pathways to Effective Clinical Trials. Cancer Res. 73, 4965–4977. doi:10.1158/0008-5472.CAN-13-0661
 Freeman, A. J., Vervoort, S. J., Ramsbottom, K. M., Kelly, M. J., Michie, J., Pijpers, L., et al. (2019). Natural Killer Cells Suppress T Cell-Associated Tumor Immune Evasion. Cell Rep. 28, 2784–2794. doi:10.1016/j.celrep.2019.08.017
 Friedman, J., Hastie, T., and Tibshirani, R. (2010). Regularization Paths for Generalized Linear Models via Coordinate Descent. J. Stat. Softw. 33, 1–22. doi:10.18637/jss.v033.i01
 Gao, Y., Wang, H., Li, H., Ye, X., Xia, Y., Yuan, S., et al. (2021). Integrated Analyses of M(1)A Regulator-Mediated Modification Patterns in Tumor Microenvironment-Infiltrating Immune Cells in Colon Cancer. Oncoimmunology 10, 1936758. doi:10.1080/2162402X.2021.1936758
 García-Cárdenas, J. M., Guerrero, S., López-Cortés, A., Armendáriz-Castillo, I., Guevara-Ramírez, P., Pérez-Villa, A., et al. (2019). Post-Transcriptional Regulation of Colorectal Cancer: A Focus on RNA-Binding Proteins. Front. Mol. Biosci. 6, 65. doi:10.3389/fmolb.2019.00065
 Giri, A. K. (2020). Higher ETV5 Expression Associates with Poor 5-Florouracil-Based Adjuvant Therapy Response in Colon Cancer. Front. Pharmacol. 11, 620811. doi:10.3389/fphar.2020.620811
 Hashimoto, S., Furukawa, S., Hashimoto, A., Tsutaho, A., Fukao, A., Sakamura, Y., et al. (2019). ARF6 and AMAP1 Are Major Targets of KRAS and TP53 Mutations to Promote Invasion, PD-L1 Dynamics, and Immune Evasion of Pancreatic Cancer. Proc. Natl. Acad. Sci. U.S.A. 116, 17450–17459. doi:10.1073/pnas.1901765116
 Kearney, C. J., Lalaoui, N., Freeman, A. J., Ramsbottom, K. M., Silke, J., and Oliaro, J. (2017). PD-L1 and IAPs Co-operate to Protect Tumors from Cytotoxic Lymphocyte-Derived TNF. Cell Death Differ. 24, 1705–1716. doi:10.1038/cdd.2017.94
 Kearney, C. J., Vervoort, S. J., Hogg, S. J., Ramsbottom, K. M., Freeman, A. J., Lalaoui, N., et al. (2018). Tumor Immune Evasion Arises through Loss of TNF Sensitivity. Sci. Immunol. 3, 23. doi:10.1126/sciimmunol.aar3451
 Lawson, K. A., Sousa, C. M., Zhang, X., Kim, E., Akthar, R., Caumanns, J. J., et al. (2020). Functional Genomic Landscape of Cancer-Intrinsic Evasion of Killing by T Cells. Nature 586, 120–126. doi:10.1038/s41586-020-2746-2
 Le, D. T., Durham, J. N., Smith, K. N., Wang, H., Bartlett, B. R., Aulakh, L. K., et al. (2017). Mismatch Repair Deficiency Predicts Response of Solid Tumors to PD-1 Blockade. Science 357, 409–413. doi:10.1126/science.aan6733
 Lian, J., Zhang, H., Wei, F., Li, Q., Lu, Y., Yu, B., et al. (2020). Long Non-coding RNA DANCR Promotes Colorectal Tumor Growth by Binding to Lysine Acetyltransferase 6A. Cell. Signal. 67, 109502. doi:10.1016/j.cellsig.2019.109502
 Lüttgenau, S. M., Emming, C., Wagner, T., Harms, J., Guske, J., Weber, K., et al. (2021). Pals1 Prevents Rac1-dependent Colorectal Cancer Cell Metastasis by Inhibiting Arf6. Mol. Cancer 20, 74. doi:10.1186/s12943-021-01354-2
 Mariathasan, S., Turley, S. J., Nickles, D., Castiglioni, A., Yuen, K., Wang, Y., et al. (2018). TGFβ Attenuates Tumour Response to PD-L1 Blockade by Contributing to Exclusion of T Cells. Nature 554, 544–548. doi:10.1038/nature25501
 Newman, A. M., Liu, C. L., Green, M. R., Gentles, A. J., Feng, W., Xu, Y., et al. (2015). Robust Enumeration of Cell Subsets from Tissue Expression Profiles. Nat. Methods 12, 453–457. doi:10.1038/nmeth.3337
 Newman, A. M., Steen, C. B., Liu, C. L., Gentles, A. J., Chaudhuri, A. A., Scherer, F., et al. (2019). Determining Cell Type Abundance and Expression from Bulk Tissues with Digital Cytometry. Nat. Biotechnol. 37, 773–782. doi:10.1038/s41587-019-0114-2
 Restifo, N. P., Marincola, F. M., Kawakami, Y., Taubenberger, J., Yannelli, J. R., and Rosenberg, S. A. (1996). Loss of Functional Beta2-Microglobulin in Metastatic Melanomas from Five Patients Receiving Immunotherapy. JNCI J. Natl. Cancer Inst. 88, 100–108. doi:10.1093/jnci/88.2.100
 Sheng, W., LaFleur, M. W., Nguyen, T. H., Chen, S., Chakravarthy, A., Conway, J. R., et al. (2018). LSD1 Ablation Stimulates Anti-tumor Immunity and Enables Checkpoint Blockade. Cell 174, 549–e19. doi:10.1016/j.cell.2018.05.052
 Shin, D. S., Zaretsky, J. M., Escuin-Ordinas, H., Garcia-Diaz, A., Hu-Lieskovan, S., Kalbasi, A., et al. (2017). Primary Resistance to PD-1 Blockade Mediated by JAK1/2 Mutations. Cancer Discov. 7, 188–201. doi:10.1158/2159-8290.CD-16-1223
 Spranger, S., Bao, R., and Gajewski, T. F. (2015). Melanoma-intrinsic β-catenin Signalling Prevents Anti-tumour Immunity. Nature 523, 231–235. doi:10.1038/nature14404
 Sveen, A., Kopetz, S., and Lothe, R. A. (2020). Biomarker-guided Therapy for Colorectal Cancer: Strength in Complexity. Nat. Rev. Clin. Oncol. 17, 11–32. doi:10.1038/s41571-019-0241-1
 Tauriello, D. V. F., Palomo-Ponce, S., Stork, D., Berenguer-Llergo, A., Badia-Ramentol, J., Iglesias, M., et al. (2018). TGFβ Drives Immune Evasion in Genetically Reconstituted Colon Cancer Metastasis. Nature 554, 538–543. doi:10.1038/nature25492
 Tu, Z., Wu, L., Wang, P., Hu, Q., Tao, C., Li, K., et al. (2020). N6-Methylandenosine-Related lncRNAs Are Potential Biomarkers for Predicting the Overall Survival of Lower-Grade Glioma Patients. Front. Cell Dev. Biol. 8, 642. doi:10.3389/fcell.2020.00642
 Voskoboinik, I., Whisstock, J. C., and Trapani, J. A. (2015). Perforin and Granzymes: Function, Dysfunction and Human Pathology. Nat. Rev. Immunol. 15, 388–400. doi:10.1038/nri3839
 Wang, H., Gao, Y., Vafaei, S., Yu, Q., Zhang, J., and Wang, L. (2022). A Chemoresistance lncRNA Signature for Recurrence Risk Stratification of Colon Cancer Patients with Chemotherapy. Mol. Ther. - Nucleic Acids 27, 427–438. doi:10.1016/j.omtn.2021.12.015
 Wang, L., Hui, H., Agrawal, K., Kang, Y., Li, N., Tang, R., et al. (2020). m 6 A RNA Methyltransferases METTL3/14 Regulate Immune Responses to anti‐PD‐1 therapyA RNA Methyltransferases METTL3/14 Regulate Immune Responses to Anti-PD-1 Therapy. Embo J. 39, e104514. doi:10.15252/embj.2020104514
 Wang, L., Wen, W., Yuan, J., Helfand, B., Li, Y., Shi, C., et al. (2010). Immunotherapy for Human Renal Cell Carcinoma by Adoptive Transfer of Autologous Transforming Growth Factor β-Insensitive CD8+ T Cells. Clin. cancer Res. official J. Am. Assoc. Cancer Res. 16, 164–173. doi:10.1158/1078-0432.CCR-09-1758
 Wu, J., Zhao, Y., Zhang, J., Wu, Q., and Wang, W. (2019). Development and Validation of an Immune-Related Gene Pairs Signature in Colorectal Cancer. Oncoimmunology 8, e1596715. doi:10.1080/2162402X.2019.1596715
 Xu, X., Wu, Y., Yi, K., Hu, Y., Ding, W., and Xing, C. (2021). IRF1 Regulates the Progression of Colorectal Cancer via Interferon-induced P-roteins. Int. J. Mol. Med. 47, 6. doi:10.3892/ijmm.2021.4937
 Yu, G., Wang, L.-G., Han, Y., and He, Q.-Y. (2012). clusterProfiler: an R Package for Comparing Biological Themes Among Gene Clusters. OMICS A J. Integr. Biol. 16, 284–287. doi:10.1089/omi.2011.0118
 Zaretsky, J. M., Garcia-Diaz, A., Shin, D. S., Escuin-Ordinas, H., Hugo, W., Hu-Lieskovan, S., et al. (2016). Mutations Associated with Acquired Resistance to PD-1 Blockade in Melanoma. N. Engl. J. Med. 375, 819–829. doi:10.1056/NEJMoa1604958
 Zhang, Q., Yang, X. J., Kundu, S. D., Pins, M., Javonovic, B., Meyer, R., et al. (2006). Blockade of Transforming Growth Factor-{beta} Signaling in Tumor-Reactive CD8(+) T Cells Activates the Antitumor Immune Response Cycle. Mol. cancer Ther. 5, 1733–1743. doi:10.1158/1535-7163.MCT-06-0109
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 potential conflicts of interest.
Copyright © 2022 Zhang, Hong, Li, Jiang, Wu and Chen. 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.
OPS/images/fgene-13-811660-g005.gif





OPS/images/fgene-13-811660-g006.gif





OPS/images/fgene-13-811660-g003.gif
-

3
13
£
3
B

-






OPS/images/fgene-13-811660-g004.gif
;e

- D
gean7 FeRfE Eef






OPS/images/fgene-13-811660-t001.jpg
Variable Univariate Cox Regression Multivariate Cox Regression

HR 95% low 95% up L HR 95% low 95% up ¥
Age (<60 vs. > 60) 1.010 0.997 1.023 0.131 1.012 0.999 1.026 0.081
Gender (Female vs. Male) 1.288 0.924 1.796 0.136 1.313 0.932 1.850 0.120
Stage (I + Il vs. lll + IV) 2275 1.629 3177 0.000 2.060 1.454 2919 0.000
MMR-status (PMMR vs. dMMR) 2303 1.209 4.383 0011 1.423 0.731 2.773 0.299

IEV Risk (Low vs. High) 2936 2.050 4.206 0.000 2™ 1.883 4.077 0.000





OPS/images/fgene-13-811660-g007.gif





OPS/images/fgene-13-811660-g008.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Identification and Validation of an Immune Evasion Molecular Subgroup of Patients With Colon Cancer for Implications of Immunotherapy		Introduction

		Materials and Methods		Data Collection

		Construction and Validation of Immune Evasion-Related Genes Signature Based on the Prognostic Immune Evasion-Related Genes Signature

		Immune Cell Infiltration Analysis and Gene Set Variation Analysis

		Functional and Pathway Enrichment Analyses

		Immune Evasion-Related Genes Signature in Cancer Immunotherapy

		Statistical Analysis





		Results		Identification of Prognostic Immune Evasion-Related Genes Signature

		Establishment and Validation of Immune Evasion-Related Genes Signature

		Comparison of Immune Evasion-Related Genes Signature With Clinicopathological Features of Patients With Colon Cancer

		Functional Analysis of Immune Evasion-Related Genes Signature

		Immune Cell Infiltration Levels Between Distinct Immune Evasion-Related Genes Signature Groups

		Genomic Alteration and Somatic Mutation of Immune Evasion-Related Genes Signature Groups

		Prediction of Immune Evasion-Related Genes Signature in Guiding Cancer Immunotherapy





		Discussion

		Conclusion

		Data Availability Statement

		Author Contributions

		Publisher’s Note

		Supplementary Material

		References









OPS/images/cover.jpg
, frontiers | Frontiers in Genetics

Identification and Validation of an
Immune Evasion Molecular
Subgroup of Patients With Colon
Cancer for Implications of
Immunotherapy





OPS/images/math_qu1.gif





OPS/images/fgene-13-811660-g001.gif





OPS/images/fgene-13-811660-g002.gif
" Gone  pualve  Hazard ratio

o sy P
tow ow e eaon e
Flos oo oo san

Towe oo i vase

TeRca oo i1 i

M Gg i Smnoren

e o omooemom
o omgsmom
o oo omagewons
e o omosmows
G om ommsewswn
e oms  oraperewm
was  oom  omeassowm
W oy swsewann
Sc G ormosvam
S Goe  oragemane
wew oo omensome
P oo owmosows
TRt omuassomn
Jws o omsamsoim
Pows ao  omaaswome
oo o oo
Wi Gon  osmesane
G o omseasn
ko s Samasowm
W om osmsenoun
O o omanaoms
oo S omaamnomn
Wl s oauasrosen
s oo omiason
T o oamaszow)
Bs  oow  oebssans
em oo Samaveows
W m  omsawzon

umu_v_mu‘m_

S0 otm o me i
M dbg  osacoeann &5

P ome  owmgmaw
P b omaneor
S cusawrons
G sm owsgamorn
KW am cosmmons

bbb 440

BT TE T .0 020





OPS/images/inline_1.gif





OPS/images/fgene-13-811660-t002.jpg
Variable Univariate Cox Regression Multivariate Cox Regression

HR 95% low 95% up P HR 95% low 95% up ¥
Gender (Female vs. Male) 0.779 0.330 1.841 0.569 0.965 0.369 2.521 0.941
Age (<60 vs. 2 60) 0.393 0.152 1012 0.053 0.307 0.099 0.951 0.041
Stage (I + Il vs. lll + IV) 0.935 0.367 2.387 0.889 0.717 0272 1.888 0.501
MSI-status (Non-MSI-H vs. MSI-H) 1.635 0.627 3.765 0.348 1.707 0.622 4.689 0.299

IEV Risk (Low vs. High) 3.758 1.375 10.268 0.010 4.412 1.385 14.065 0.012









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





