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Breast cancer (BRCA) is a heterogeneous malignancy closely related to the tumor microenvironment (TME) cell infiltration. N6-methyladenosine (m6A) modification of mRNA plays a crucial regulator in regulating the immune microenvironment of BRCA. Immunotherapy represents a paradigm shift in BRCA treatment; however, lack of an appropriate approach for treatment evaluation is a significant issue in this field. In this study, we attempted to establish a prognostic signature of BRCA based on m6A-related immune genes and to investigate the potential association between prognosis and immunotherapy. We comprehensively evaluated the m6A modification patterns of BRCA tissues and non-tumor tissues from The Cancer Genome Atlas and the modification patterns with TME cell-infiltrating characteristics. Overall, 1,977 TME-related genes were identified in the literature. Based on LASSO and Cox regression analyses, the m6A-related immune score (m6A-IS) was established to characterize the TME of BRCA and predict prognosis and efficacy associated with immunotherapy. We developed an m6A-IS to effectively predict immune infiltration and the prognosis of patients with BRCA. The prognostic score model represented robust predictive performance in both the training and validation cohorts. The low-m6A-IS group was characterized by enhanced antigen presentation and improved immune checkpoint expression, further indicating sensitivity to immunotherapy. Compared with the patients in the high-score group, the overall survival rate after treatment in the low-score group was significantly higher in the testing and validation cohorts. We constructed an m6A-IS system to examine the ability of the m6A signature to predict the infiltration of immune cells of the TME in BRCA, and the m6A-IS system acted as an independent prognostic biomarker that predicts the response of patients with BRCA in immunotherapy.
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INTRODUCTION
Breast cancer is the biggest threat to female health worldwide (Siegel et al., 2020). Although comprehensive efforts have been made in breast cancer treatment, including chemotherapy, radiotherapy, and molecular therapeutics, breast cancer continues to be associated with significant mortality in women and an equally substantial socioeconomic burden (DeSantis et al., 2015). Immunotherapy is revolutionizing the therapeutic approach for solid malignancies, and accumulating data indicate that immune checkpoint antagonists such as programmed cell death-1 (PD-1)/programmed death ligand-1 (PD-L1) inhibitors can induce efficacious and durable clinical responses in a proportion of patients with breast cancer, especially metastatic breast cancer (Emens, 2018; Franzoi et al., 2021). A community of epithelial-derived tumor cells mixed with a community of stromal components, referred to as “tumor microenvironment” (TME), is increasingly recognized as indispensable for mammary tumorigenesis. Immune cells, including regulatory T cells (Tregs), myeloid-derived suppressor cells, and B cells, extracellular matrix components, cancer-associated fibroblasts, blood vessels, and cancer-associated adipocytes are critical components of the TME (Deepak et al., 2020). Because of their complexity and heterogeneity, cancer cells can escape immune surveillance by the TME and induce antitumor immune system suppression, drug resistance, and recurrence of breast cancer (Hanahan and Weinberg, 2011). Therefore, focusing on recognizing the composition and the alterations in the molecular signatures of cells in the TME comprehensively may help in identifying the different immune phenotypes of breast cancer and predicting immunotherapeutic responsiveness.
Posttranscriptional regulation of the transcriptome is an important biological process, and over 170 chemical modifications in RNA have been identified to date (Frye et al., 2018). N6-methyladenosine (m6A) modification is a dynamic process of RNA posttranscriptional modification and exerts multiple functions in many biology processes, such as transportation, RNA processing, splicing, stability, and degradation of the target RNA (Alarcon et al., 2015; Patil et al., 2016). The m6A machinery is a dynamic and reversible process, including methylation by the methyltransferase complex (“writer”), removal by demethylases (“eraser”), and recognition by m6A-binding proteins (“reader”) (Yang et al., 2018). m6A modification regulates oncogenesis and tumor development, which has been testified (Li et al., 2019; Vu et al., 2019). Overexpression of the m6A reader YTHDF3 or the m6A demethylase ALKBH5 may enhance the transcription of m6A-enriched genes in breast cancer, facilitating breast cancer brain metastasis (Zhang et al., 2016; Chang et al., 2020).
Since numerous studies have concentrated on tumor intrinsic cells, the potential role of m6A modification in TME and antitumor immune response has been rarely reported. However, little is known about whether messenger RNA (mRNA) m6A methylation in immune cells is responsible for regulating the TME, which leads to inhibition of immune function and tumor migration. Recent studies have provided some clues. YTHDF1, a well-known m6A-binding protein, undermines the cross-presentation of engulfed neoantigen-specific immunity by interacting with transcripts encoding lysosomal proteases in dendritic cells, suggesting that altered m6A modification may facilitate immune evasion in tumors (Han et al., 2019).
In our study, we initially identified the characteristics of immune cell types and 24 m6A regulators in the literature. Then, we identified the m6A-related immune genes with TME cell-infiltrating characteristics using Pearson’s correlation analysis. A new m6A-related immune score (m6A-IS) prediction system was constructed based on m6A-related genes to assess the prognosis of breast cancer. Moreover, we showed the relationship between m6A-IS and the response to immunotherapy. Ultimately, a predictive nomogram for survival prediction of individual patients with breast cancer verified that m6A modification is non-negligible in drawing different TME characterizations. A flowchart of our research is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Flowchart of the research.
MATERIALS AND METHODS
Data Acquisition
The mRNA expression profile data and DNA mutation data (VarScan2) of breast cancer samples were obtained from The Cancer Genome Atlas (TCGA) database; 1,068 samples with complete prognostic information were included. A total of 1,094 breast cancer samples with complete prognostic information were obtained in the METABRIC cohort from cBioportal (www.cbioportal.org). Transcripts per million data were used for subsequent analysis. The data for a cohort of patients with metastatic urothelial cancer treated with anti-PD-L1 therapy were obtained from the R software package IMvigor210CoreBiologies (IMvigor210, version 1.0.0) (Mariathasan et al., 2018).
Immune Score and Gene Set Enrichment Analysis
The gene set file “c2.cp.kegg.v6.2” was downloaded from the Molecular Signatures database (MSigDB; https://www.gsea-msigdb.org/gsea/index.jsp). The CIBERSORT (Newman et al., 2015) algorithm was used to evaluate the infiltration levels of immune cells in the sample, and 23 immune cell signatures were also used to evaluate the infiltration state of the TME (Charoentong et al., 2017; Jia et al., 2018). ESTIMATE was used to evaluate the immune and stromal scores of each sample (Yoshihara et al., 2013). Single-sample gene set enrichment analysis (ssGSEA) was used to calculate the enrichment scores of the samples using the GSVA package (Hänzelmann et al., 2013).
Identification of N6-Methyladenosine-Related Immune Genes
We obtained a total of 24 m6A regulators from the study by Zhang et al. (2020). A total of 1,997 immune genes were collected from 184 TME-related signatures (Wang et al., 2021). We identified m6A-related immune genes based on Pearson’s correlation analysis between the expression levels of m6A regulators and immune genes in breast cancer. |Pearson’s correlation coefficient| ≥ 0.5 and p < 0.001 were set as cutoff values. A Venn diagram (http://bioinformatics.psb.ugent.be/webtools/Venn/) was used to identify the m6A-related immune genes associated with prognosis.
Construction of N6-Methyladenosine-Related Immune Score
Univariate Cox regression analysis was used to screen the m6A-related immune genes (p < 0.05 was set as the cutoff value). Iterative LASSO (least absolute shrinkage and selection operator) was used to screen the m6A-related immune genes for subsequent analysis (Wang et al., 2021). The number of iterations was 500, and genes with a frequency greater than 50 were consensus genes for the iteration LASSO. The order of frequency represents the degree of influence of these features, and these features were then incorporated into the multivariate Cox regression model; the inclusion was stopped when the area under the curve (AUC) value of the receiver operating characteristic curve (ROC) reached its peak. The m6A-related immune genes obtained were used to construct the m6A-IS. The m6A-IS was expressed as follows: m6A-IS = (coefficient mRNA1 × mRNA1 expression) + (coefficient mRNA2 ×expression of mRNA2) + …+ (coefficient mRNAn × expression mRNAn). Visualization of the prognostic value of m6A-IS was obtained using a nomogram.
Survival Analysis
We arranged the m6A-IS from low to high, starting from one low-expressing patient by setting the loop, calculating the corresponding individual p-value and hazard ratio (HR), and saving the calculation results. The minimum p-value obtained was used to determine the grouping information, and the samples were then divided into two groups. The Kaplan–Meier method estimated the overall survival (OS) curve, and the difference between survival distributions was evaluated using the two-sided log-rank test implemented in the R package survival. The Kaplan–Meier survival curve constructed via the R package survmin.
Statistical Analysis
The limma package in R was used to determine differentially expressed genes in the breast cancer cohorts. The ggplot2 package and ComplexHeatmap package were used to draw heatmaps and other maps. The R package forest plot was used to plot the forest plots. Wilcoxon’s rank-sum test was used to analyze the differences between the two groups. The Kruskal–Wallis test was used to compare differences between three or more groups. The maftools package was used to map the gene mutations. The AUC was quantified using the pROC R package. All statistical p-values were two-sided, and statistical significance was set at p < 0.05. All analyses were performed using the R software (version 4.0.2).
RESULTS
Landscape of N6-Methyladenosine Regulators in Breast Cancer
In the aggregate, 24 m6A regulators were identified in our study. In order to enrich the dysregulated genes and their correlations, the RNA transcriptomic datasets containing the next-generation sequencing (RNA sequencing, RNA-seq) data of 1,109 breast cancer tissues and 113 non-tumor tissues from TCGA project (TCGA-BRCA) was downloaded. Then, we explored the differential expressions in breast cancer tissues and normal mammary tissues in TCGA. Compared with normal tissues, there were 17 m6A regulators that were significantly differentially expressed in breast cancer tissues (Figure 2A). A correlation analysis was performed for the 24 m6A regulators (Figure 2B). The results showed that the expressions of the 24 m6A regulators were significantly correlated. Subsequently, we summarized the frequency of somatic mutations in the 24 m6A regulators in breast cancer. Of 985 samples, only 90 had mutations in the m6A regulators; indeed, there was a very low frequency of mutations (9.14%). Interestingly, we observed few mutations in breast cancer populations (Figure 2C). By performing univariate Cox regression analysis, we identified the affected prognosis of the 24 m6A-associated genes in patients with breast cancer (Figure 2D). Among the 24 m6A regulators, HNRNPC and RBM15B were identified as significant protective factors for survival (p < 0 0.05), and YTHDF3 was a risk factor for survival (p < 0 0.05).
[image: Figure 2]FIGURE 2 | Landscape of N6-methyladenosine (m6A) regulators in breast cancer. (A) Heatmap of all m6A regulators in breast cancer tissues and normal tissues from The Genome Cancer Atlas (TCGA) database. Each column represents individual patients (blue indicates normal tissue, pink indicates breast cancer tissue; the darker the red, the more obvious the upregulation of gene expression, and the darker the green, the more obvious the downregulation of gene expression). (B) Co-expression of m6A regulators (*p < 0.05; **p < 0.01; ***p < 0.001). (C) Mutation frequency of 24 m6A regulators in 985 breast cancer samples from TCGA-BRCA cohort. (D) Univariate Cox regression was performed to analyze the hazard ratio of each m6A-related gene in predicting overall survival in breast cancer. (E) CIBERSORT was used to analyze the component correlation between the 22 immune cells [tumor microenvironment (TME) infiltrating cells] and 24 m6A regulators (*p < 0.05; **p < 0.01; ***p < 0.001).
Related research works have shown that the expressions of m6A regulators are associated with the heterogeneity of the TME (Han et al., 2019; Zhang et al., 2020). Therefore, we further analyzed the relationship between the m6A regulators and cell infiltration in the TME. We analyzed the association between 22 types of immune cells (CIBERSORT algorithm) and m6A regulators (Figure 2E). The heatmap showed that most of the significant enrichments were found in immune cells. The infiltration levels of Tregs, activated natural killer (NK) cells, and memory B cells were significantly related to the expressions of most m6A regulators. The infiltration levels of naive B cells, M1 macrophages, and memory CD4 T cells were significantly positively correlated with most m6A regulators. The results showed that the expressions of m6A regulators were significantly correlated with the levels of immune cell infiltration (p < 0.05); indeed, they play a non-negligible role in the regulation of the TME in breast cancer.
Construction of the N6-Methyladenosine-Related Immune Score and Analysis of Its Characteristics
Correlation analysis was used for preliminary screening to further analyze which TME-related immune genes were related to m6A-regulated expression. Through correlation analysis, a total of 534 TME-related genes were found to be significantly positively or negatively correlated with m6A regulators (|Pearson’s correlation coefficient| ≥ 0.5 and p < 0.001) (Figure 3A). Univariate Cox regression analysis further revealed that 71 TME-related immune genes were significantly associated with breast cancer prognosis (p < 0.05; Figure 3A). Finally, 71 TME-related immune genes were included in the iterative LASSO algorithm for analysis. The results showed that, when these 28 TME-related immune genes were included (Supplementary Table S1), the model had the highest accuracy in predicting the prognosis (Figure 3B).
[image: Figure 3]FIGURE 3 | Construction of the N6-methyladenosine-related immune score (m6A-IS) and analysis of its characteristics. (A) Through correlation analysis, a total of 534 tumor microenvironment (TME)-related genes were found to be significantly positively or negatively correlated with m6A regulators (|Pearson’s correlation coefficient| ≥ 0.5 and p < 0.001; Figure2A). Then, univariate Cox regression analysis further revealed that 71 TME-related immune genes were significantly related to the prognosis of breast cancer (p < 0.05; Figure2A). (B) The iterative LASSO algorithm was used to analyze a total of 71 TME-related genes. (C) The low m6A-IS subgroup showed longer survival than the high-m6A-IS subgroup (HR = 4.53, 95% CI = 3.04–6.66, p < 0.001). (D) Expressions of the 24 m6A regulators between the high- and low-m6A-IS groups of patients with breast cancer. High score, blue; low score, yellow. The box bounds represent an interquartile range of values, center lines represent the median value, and black dots show outliers. Asterisks represent the statistical p-value (*p < 0.05; **p < 0.01; ***p < 0.001). (E) Heatmap of the significantly enriched terms in the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways.
Multivariate Cox regression analysis was performed to construct the m6A-IS. The m6A-IS was expressed as follows: m6A-IS = (coefficient mRNA1 × mRNA1 expression) + (coefficient mRNA2 × expression of mRNA2) + …+ (coefficient mRNAn × expression mRNAn). The results of the multivariate Cox regression analysis and m6A-IS are shown in Supplementary Tables S2 and S3. The results of the survival analysis showed that m6A-IS = 1.38 was the best cutoff value, and the low-m6A-IS group had a longer survival time in breast cancer than the high-m6A-IS group (Figure 3C). We also observed the same result from the METABRIC cohort (Supplementary Figure S1A).
To identify the signatures of the low- and high-m6A-IS subgroups, we analyzed the differences in the expressions of m6A modulators in the two subgroups and discovered that a large proportion of m6A regulators were differentially expressed in the high- and low-m6A-IS groups dramatically (Figure 3D). The clinicopathological information of the breast cancer patients has been shown in Table 1. The results of the Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis showed that the low-m6A-IS group was mainly enriched in the activation of some immune pathways, indicating that patients in this group may be with immune subtypes (Figure 3E). The high-m6A-IS group was mainly enriched in glucose metabolism and lipid metabolism pathways, indicating that patients in this group may be with metabolic subtypes (Figure 3E).
TABLE 1 | Clinical characteristics of the high- and low-m6A-IS groups
[image: Table 1]Relationship Between Clinicopathological Characteristics and N6-Methyladenosine-Related Immune Score
We investigated the expression levels of m6A-IS from the five breast cancer subtypes previously reported to further analyze its characteristics (Parker et al., 2009). We found that the Her-2 and luminal B subtypes had the highest m6A-IS, followed by the basal and normal subtypes. The luminal A subtype had the lowest m6A-IS level (Figure 4A and Supplementary Figure S1B). This is consistent with the results of previous studies: luminal A subtype has the best prognosis, Her-2 and luminal B subtypes have the worst prognosis, and the prognosis of the basal and normal subtypes can be characterized at a level between the best and worst. We classified the breast cancer samples based on the six immune subtypes previously identified using immunogenomic features (Thorsson et al., 2018). The results showed that m6A-IS expression was the lowest in the C3 subtype; meanwhile, it was the highest in the C4 subtype. This result suggests that the C3 subtype had the best prognosis, while the C4 subtype had the worst prognosis (Figure 4B). Thorsson et al. discovered that the C4 subtype displayed high M2 macrophage domination and low lymphocytic infiltrate, which induced poor outcomes. In contrast, the C3 subtype, which showed a type I immune response and remarkable Th17 signature, had favorable prognosis. Our results are in line with the conclusions of a previous report (Thorsson et al., 2018), indicating that the m6A-IS has good robustness in different breast cancer molecular subtypes. A Sankey diagram was used to visualize the relationship between m6A-IS and the two breast cancer subtypes (Figure 4C). In addition, between-group comparisons of age were performed using the Wilcoxon test, and there was a significant difference in the distributions of age. Patients older than 65 years were more likely to have higher scores than patients aged 65 years or younger (Figure 4D and Supplementary Figure S1C). Interestingly, we found that, with increased malignancy, the m6A-IS showed a significant stepwise increase in non-metastatic breast cancer; meanwhile, no significant increase was observed in patients with metastatic breast cancer (stage IV) (Figure 4D).
[image: Figure 4]FIGURE 4 | Relationship between clinicopathological characteristics and the N6-methyladenosine-related immune score (m6A-IS). (A) Difference in m6A-IS in breast cancer with different molecular subtypes. Statistical difference in different breast cancer molecular subtypes was compared by the Kruskal–Wallis test (*p < 0.05; **p < 0.01; ***p < 0.001). (B) Difference in m6A-IS between different immunogenomic subtypes. The Kruskal–Wallis test was performed to compare the statistical difference in each immunogenomic subtype (*p < 0.05; **p < 0.01; ***p < 0.001). (C) Alluvial diagram representing the association of m6A-IS, six immune subtypes, and clinical molecular subtypes in breast cancer. (D) Breast cancer patients with different clinicopathological features had different expression levels of m6A-IS (*p < 0.05; **p < 0.01; ***p < 0.001). (E) Difference between the stroma score, the immune score, and the ESTIMATE score in the high- and low-m6A-IS groups (blue represents the high-m6A-IS group and yellow the low-m6A-IS group) (*p < 0.05; **p < 0.01; ***p < 0.001). (F) Difference in the abundance of 8 types of infiltrating immune cells between the high- and low-m6A-IS groups (blue represents the high-m6A-IS group and yellow the low-m6A-IS group) (*p < 0.05; **p < 0.01; ***p < 0.001). (G) Heatmap of the tumor-infiltrating cell proportions between the high- and low-m6A-IS groups. (H) Expression levels of PD-1/PD-L1 between the low- and high-m6A-IS groups (Wilcox test: p < 0.0001).
These results indicate that m6A-IS can be used to characterize the existing subtypes and clinical features of patients with breast cancer. However, the relationship between m6A-IS and TME remains unknown. For this reason, we found through ssGSEA that the low-m6A-IS group had a higher expression of stromal and immune scores than the high-m6A-IS group (Figure 4E), which is consistent with previous results (Figure 3E). In addition, the CIBERSORT algorithm (Figure 4F) and the enrichment analysis of 23 immune cells (Figure 4G and Supplementary Figure S1D) showed that the infiltration levels of B cells, CD8 T cells, and M1 tumor-associated macrophages in the low-m6A-IS group were significantly higher than those in the high-m6A-IS group. In contrast, the infiltration level of M2 tumor-associated macrophages increased significantly in the high-m6A-IS group. Finally, we found that the expression levels of the immune checkpoint molecules (PD1 and PD-L1) in the low-m6A-IS group were significantly higher than those in the high-m6A-IS group (Figure 4H). These results suggest that the low-m6A-IS group had increased immune cell infiltration and, simultaneously, had increased immunosuppression.
Potential Immune Escape Mechanisms in High and Low N6-Methyladenosine-Related Immune Score
We further compared the two groups and found that the low-m6A-IS group had a higher expression of major histocompatibility complex (MHC)-related antigen-presenting molecules than the high-m6A-IS group (all p < 0.05; Figure 5A). We analyzed some co-inhibitory molecules to compare their expressions in the high and low-m6A-IS groups, and the results showed that the expression levels of these molecules were significantly correlated with m6A-IS. The results showed that the low-m6A-IS group had higher expressions of immunosuppressive molecules than the high-m6A-IS group (all p < 0.05; Figure 5A). Further analysis revealed that the low-m6A-IS group showed higher chemokine expressions (Figure 5B). These results indicate that the low-m6A-IS group had higher immunogenicity than the high-m6A-IS group. However, at the same time, there was a significant immunosuppressive state in the low-m6A-IS group. This suggests that there is a potential immune escape mechanism in low-m6A-IS.
[image: Figure 5]FIGURE 5 | Potential immune escape mechanisms in high and low N6-methyladenosine-related immune scores (m6A-IS). (A) Correlation analysis between the expressions of MHC molecules and co-inhibitory molecules and m6A-IS (*p < 0.05; **p < 0.01; ***p < 0.001). (B) Correlation analysis of the expressions of chemokines and m6A-IS (*p < 0.05; **p < 0.01; ***p < 0.001). (C) Waterfall plot of tumor somatic mutations in the low- (left) and high-m6A-IS (right) groups. Individual patients are represented in each column. Missense mutation, green; nonstop mutation, grey; nonsense mutation, red; multi-hit, black. The right bar plot shows the mutation frequency of each gene in separate subgroups.
Finally, the top 20 genes were further analyzed with the highest mutation frequency in the high and low-m6A-IS groups (Figure 5C). The results showed that PIK3CA and CDH1 had increased mutation frequencies in the low-m6A-IS group, while TP53 had an increased mutation frequency in the high-m6A-IS group. These results suggest that PIK3CA and CDH1 mutations may be related to a high immune infiltration, while TP53 mutations may be related to immunosuppression, which may require further analysis.
N6-Methyladenosine-Related Immune Score Was an Independent Prognostic Factor for Patients With Breast Cancer
Univariate and multivariate Cox analyses represented that age, tumor stage, and the m6A-IS were independent prognostic predictors for patients with breast cancer (Figures 6A, B). Subsequently, we conducted a more detailed stratification of breast cancer patients based on clinical characteristics. Univariate Cox regression analysis revealed that m6A-IS has a good prognostic value in each subgroup (Figure 6C). Furthermore, the triple-negative (TNBC) subtype has the strongest tumor immunogenicity of all BC subtypes (Liu et al., 2018); meanwhile, m6A-IS can also be used to assess prognosis in this subtype (Figure 6C). These results indicate that m6A-IS, as an independent prognostic indicator, may be useful for clinical prognosis evaluation.
[image: Figure 6]FIGURE 6 | N6-methyladenosine-related immune score (m6A-IS) is an independent prognostic factor for patients with breast cancer (BRCA). (A,B) Univariate and multivariate Cox analyses further showed that age, tumor stage, and m6A-IS are independent prognostic predictors for patients with BRCA. (C) Univariate Cox regression analysis of the overall prognostic value of m6A-IS in each clinical feature subgroup. (D) ROC curve constructed based on m6A-IS. The AUCs of the ROC curve at 1, 3, and 5 years were 0.816, 0.825, and 0.802, respectively. (E) The m6A-IS combines age and tumor stage to construct a final predictive prognostic model. The results showed that the multi-predictor ROC has excellent accuracy for 1-, 3-, and 5-year overall survival (OS) (AUC = 0.903, 0.836, and 0.806, respectively). (F) Nomogram based on m6A-IS, age, and stage in The Cancer Genome Atlas (TCGA) cohort.
An ROC curve was constructed based on the m6A-IS. We found that the AUCs of the ROC curve at 1, 3, and 5 years were 0.816, 0.825, and 0.802, respectively (Figure 6D). Next, we verified whether the m6A-IS can predict the prognosis of breast cancer patients in the METABRIC cohort (Supplementary Figure S1E). It was shown that m6A-IS has good ability to predict prognosis. The previous results found that age and tumor stage were also independent factors; therefore, we combined them with the m6A-IS to build the final predictive prognosis model (Figure 6E). The results showed that the multi-predictor ROC had excellent accuracy for 1-, 3-, and 5-year OS (AUC = 0.903, 0.836, and 0.806, respectively). Based on the results of the logistic regression analysis and the ROC curves, a nomogram was graphically depicted (Figure 6F). By calculating the total scores of each selected variable, the survival of individual breast cancer patients at 1, 3, and 5 years can be easily estimated by plotting a vertical line between the total points and each prognosis axis of the nomogram.
Role of the N6-Methyladenosine-Related Immune Score in Anti-PD-L1 Immunotherapy
Recently, the connection of m6A modification with PD-L1 expression has been reported. In an anti-PD-L1 cohort (IMvigor210 cohort), the low-m6A-IS group exhibited significant clinical benefits and a markedly longer survival time (Figure 7A). Compared with those with high m6A-IS, patients with low m6A-IS showed significant survival advantages and clinical response to anti-PD-L1 therapy (Figures 7B–D). Next, we examined the differences in m6A-IS among the different immune phenotypes in the IMvigor210 cohort. Interestingly, patients in the higher m6A-IS group were remarkably relevant to the exclusion and desert immune phenotypes, and it was difficult to achieve antitumor effects of the checkpoint inhibitors in these phenotypes (Figure 7E). Based on accumulating evidence, high levels of tumor mutation burden (TMB) and PD-L1 expression have long-lasting clinical responses to immunotherapy. A high TMB is generally considered to be a preexisting adaptive immune response to the tumor, and patients with a high TMB who received PD-1 blocking immunotherapy showed an improved response and enhanced clinical efficacy compared to patients with a moderate or low TMB (Hellmann et al., 2018). Further analysis revealed that m6A-IS was significantly negatively correlated with TMB (Figure 7F). These results suggest that the quantification of the modification patterns of m6A is a potential and robust biomarker for the assessment of prognosis and clinical response to immunotherapy (Figure 7G). In conclusion, this study emphasizes that m6A methylation modification is significantly correlated with tumor immunophenotype and anti-PD-L1 immunotherapy response, and established m6A modification characteristics may help predict the response to anti-PD-L1 immunotherapy. An illustration of this study is shown in Figure 8.
[image: Figure 7]FIGURE 7 | Role of N6-methyladenosine-related immune score (m6A-IS) in immunotherapy. (A) Patient survival analysis defined by the high- (n = 235) and low-m6A-IS (n = 113) groups based on the IMvigor210 cohort (log-rank test: p < 0.001). (B) Waterfall plot of m6A-IS for distinct clinical response groups based on the IMvigor210 cohort. (C) Stacked bar chart representing the percentage of clinical response patients assigned to two m6A-IS subgroups in the IMvigor210 cohort. High-score, red; low score, blue. (D) Boxplot of m6A-IS for distinct clinical response groups via the Kruskal–Wallis test (p < 0.001). (E) Differences in m6A-IS among three distinct tumor immune phenotypes in the IMvigor210 cohort by the Kruskal–Wallis test (p < 0.001). (F) Spearman’s correlation analysis between m6A-IS and tumor mutation burden (p = 0.005). (G) Predictive value of the quantification of m6A-IS in patients treated with anti-PD-L1 immunotherapy (AUC = 0.71).
[image: Figure 8]FIGURE 8 | Illustration for this study.
DISCUSSION
Breast cancer is characterized by high morbidity and ranks first among female malignant tumors globally (Harbeck et al., 2019). Within the genomic heterogeneity and diverse histological features, patients with breast cancer present individual responses to traditional treatments, including surgery, chemotherapy, hormonal therapy, and target therapy (Colozza et al., 2007; Foukakis et al., 2011). Immunotherapy combined with chemotherapy is emerging as a novel treatment regimen for breast cancer (Adams et al., 2019b). Although breast cancer is considered less immunogenic, lower mutational load than other solid carcinomas, the synergism between anti-PD1/PD-L1 agents and chemotherapy has been supported via multiple preclinical pieces of evidence, particularly in the TNBC subtype (Adams et al., 2019a; Adams et al., 2019c; Loibl et al., 2019; Planes-Laine et al., 2019). Similarly, more studies are needed to identify novel immunotherapy result prediction.
Sample classification methods based on a predefined multi-gene signature is a proven approach for predicting the treatment benefits of immune checkpoint inhibition in a variety of malignancies (Cristescu et al., 2015). Dysregulation of m6A methylation has been shown to be closely associated with the antitumor immune dysregulation through interactions with various m6A regulators (Wu et al., 2019; Yang et al., 2019; Wang et al., 2020b). In this study, we screened and identified 24 m6A regulators and drew a gene signature based on the dataset from TCGA. A prognostic model (m6A-IS) was constructed to correlate with the clinical outcomes of breast cancer patients by combining the roles of immune infiltrating cells in the TME with these m6a-related genes.
In our study, we constructed the m6A-IS to quantify the prognostic outcomes based on two groups (high and low), providing strong evidence for individualized immunotherapy in breast cancer. Indeed, the m6A-IS reflects the heterogeneity of patients. Secondly, the model links m6A methylation to the prognosis of breast cancer immunotherapy. The m6A-IS score includes, but is not limited to, regulatory factors related to m6A, such as HNRNPC, RBM15B, and YTHDF3. HNRNPC appeared to be related to good outcomes in glioma patients (Wang et al., 2020a) and was associated with an increased proportion of patients at low risk of lung squamous cell carcinoma based on an immune-related prediction model (Xu et al., 2020) that is similar to our model. However, Wu et al. found that aberrant upregulation of HNRNPC resulted in the accumulation of endogenous double-stranded RNA and tumorigenesis in breast cancer cell lines (Wu et al., 2018). Indeed, more samples are needed to draw more precise conclusions. The methyltransferase RBM15B is a paralog of RBM15 and can be involved in regulating immunological phenotypes. High RBM15B levels are correlated with multiple immune signatures and cancer-related pathways (Fang et al., 2020). It has been reported that the m6A reader YTHDF3 promotes ribosome loading with YTHDF1, and a high YTHDF3 expression in breast cancer clinically correlates with brain metastases (Chang et al., 2020). However, further studies are needed to determine whether these genes can be new targets for improving the response to immunotherapy. Additionally, the m6A-IS represents patients with different clinical characteristics and is related to immunotherapy. High grouping showed an m6A modification pattern characterized by an immune-excluded phenotype, suggesting worse clinical features and a lower predicted survival time. The pattern characterized by the immune-inflamed phenotype showed lower m6A-IS. Moreover, the infiltration of TME cells indicates that m6A-IS is important for immunotherapy. In low-group patients, the upregulation of immune cell infiltration associated with immune activation correlated with improved prognosis for immunotherapy. For example, a study showed that naive B cells and CD8+ T cells appeared to be anticancer immune cells (Zhang et al., 2019; Bu et al., 2020); meanwhile, M2 macrophages, immune cells that promote tumor proliferation and metastasis, were increased in this study (Tariq et al., 2017). Interestingly, clinical trials have shown promising prospects for immunotherapy in patients with the TNBC subtype. In our predicted model, the TNBC subtype in patients was significantly associated with lower m6A-IS. Moreover, TMB is a determinant of the immune-mediated survival of breast cancer patients and can be an independent predictor of immunotherapeutic response in various cancers (Goodman et al., 2017; Thomas et al., 2018; Lee et al., 2019). Our data revealed a significant negative correlation between the m6A score and TMB. Additionally, m6A-IS may also be used for other tumors and immune-related tumors. Researchers have studied prognostic models of breast cancer immunotherapy under modified conditions in hypoxia, ferroptosis, or autophagy (Lin et al., 2020; Zheng et al., 2020; Tang et al., 2021). In our research, we focused on exploring the extensive regulatory mechanism of m6A methylation modification in the breast cancer microenvironment. Thus, our model is valuable in facilitating breast cancer treatment. In addition, these results were validated in the IMvigor210 cohort with a defined immunophenotype. This indicates that m6A-IS has a predictive advantage for selecting the appropriate immunotherapy for breast cancer. Moreover, our model can be used to further determine the TME infiltration pattern, which is a tumor immunophenotype.
Despite conducting multi-pronged and multi-database verification, our study has several limitations. Firstly, our prognostic model needs to be further validated using forward-looking, multicenter, real-world data. In addition, the underlying mechanism between m6A regulators and TME needs to be further tested via clinical molecular experiments of the potential molecular mechanism of the breast cancer immunotherapy response. The results of single-cell sequencing should contribute to an increased understanding of the specific changes in the TME, which is also an aspect of our future concern. These not only increase the challenges but also motivate us to conduct future research.
CONCLUSION
We constructed the m6A-IS to assess the prognosis of patients suffering from breast cancer. Patients with low m6A-IS had a longer survival time. The results of our study provide insights into the mechanism of immune infiltration and immune evasion in breast cancer based on m6A-IS stratification. The m6A-IS was used to stratify patients and determine those who will gain a survival benefit from immunotherapy, thereby contributing to improved diagnosis and treatment of breast cancer.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.
AUTHOR CONTRIBUTIONS
All authors listed have made a substantial, direct, and intellectual contribution to the work and approved it for publication.
FUNDING
This study was supported by the Natural Science Foundation of Beijing (no. 7202212).
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.2021.790888/full#supplementary-material.
REFERENCES
 Adams, S., Diamond, J. R., Hamilton, E., Pohlmann, P. R., Tolaney, S. M., Chang, C.-W., et al. (2019a). Atezolizumab Plus Nab-Paclitaxel in the Treatment of Metastatic Triple-Negative Breast Cancer with 2-Year Survival Follow-Up. JAMA Oncol. 5 (3), 334–342. doi:10.1001/jamaoncol.2018.5152
 Adams, S., Gatti-Mays, M. E., Kalinsky, K., Korde, L. A., Sharon, E., Amiri-Kordestani, L., et al. (2019b). Current Landscape of Immunotherapy in Breast Cancer. JAMA Oncol. 5 (8), 1205–1214. doi:10.1001/jamaoncol.2018.7147
 Adams, S., Loi, S., Toppmeyer, D., Cescon, D. W., De Laurentiis, M., Nanda, R., et al. (2019c). Pembrolizumab Monotherapy for Previously Untreated, PD-L1-Positive, Metastatic Triple-Negative Breast Cancer: Cohort B of the Phase II KEYNOTE-086 Study. Ann. Oncol. 30 (3), 405–411. doi:10.1093/annonc/mdy518
 Alarcón, C. R., Lee, H., Goodarzi, H., Halberg, N., and Tavazoie, S. F. (2015). N6-methyladenosine marks Primary microRNAs for Processing. Nature 519 (7544), 482–485. doi:10.1038/nature14281
 Bu, F., Nie, H., Zhu, X., Wu, T., Lin, K., Zhao, J., et al. (2020). A Signature of 18 Immune‐related Gene Pairs to Predict the Prognosis of Pancreatic Cancer Patients. Immun. Inflamm. Dis. 8 (4), 713–726. doi:10.1002/iid3.363
 Chang, G., Shi, L., Ye, Y., Shi, H., Zeng, L., Tiwary, S., et al. (2020). YTHDF3 Induces the Translation of m6A-Enriched Gene Transcripts to Promote Breast Cancer Brain Metastasis. Cancer Cell 38 (6), 857–871. doi:10.1016/j.ccell.2020.10.004
 Charoentong, P., Finotello, F., Angelova, M., Mayer, C., Efremova, M., Rieder, D., et al. (2017). Pan-cancer Immunogenomic Analyses Reveal Genotype-Immunophenotype Relationships and Predictors of Response to Checkpoint Blockade. Cel Rep. 18 (1), 248–262. doi:10.1016/j.celrep.2016.12.019
 Colozza, M., de Azambuja, E., Personeni, N., Lebrun, F., Piccart, M. J., and Cardoso, F. (2007). Achievements in Systemic Therapies in the Pregenomic Era in Metastatic Breast Cancer. Oncol. 12 (3), 253–270. doi:10.1634/theoncologist.12-3-253
 Cristescu, R., Lee, J., Nebozhyn, M., Kim, K.-M., Ting, J. C., Wong, S. S., et al. (2015). Molecular Analysis of Gastric Cancer Identifies Subtypes Associated with Distinct Clinical Outcomes. Nat. Med. 21 (5), 449–456. doi:10.1038/nm.3850
 Deepak, K. G. K., Vempati, R., Nagaraju, G. P., Dasari, V. R., S., N., Rao, D. N., et al. (2020). Tumor Microenvironment: Challenges and Opportunities in Targeting Metastasis of Triple Negative Breast Cancer. Pharmacol. Res. 153, 104683. doi:10.1016/j.phrs.2020.104683
 DeSantis, C. E., Bray, F., Ferlay, J., Lortet-Tieulent, J., Anderson, B. O., and Jemal, A. (2015). International Variation in Female Breast Cancer Incidence and Mortality Rates. Cancer Epidemiol. Biomarkers Prev. 24 (10), 1495–1506. doi:10.1158/1055-9965.EPI-15-0535
 Emens, L. A. (2018). Breast Cancer Immunotherapy: Facts and Hopes. Clin. Cancer Res. 24 (3), 511–520. doi:10.1158/1078-0432.CCR-16-3001
 Fang, J., Hu, M., Sun, Y., Zhou, S., and Li, H. (2020). Expression Profile Analysis of m6A RNA Methylation Regulators Indicates They Are Immune Signature Associated and Can Predict Survival in Kidney Renal Cell Carcinoma. DNA Cel Biol. 39, 2194–2211. doi:10.1089/dna.2020.5767
 Foukakis, T., Fornander, T., Lekberg, T., Hellborg, H., Adolfsson, J., and Bergh, J. (2011). Age-specific Trends of Survival in Metastatic Breast Cancer: 26 Years Longitudinal Data from a Population-Based Cancer Registry in Stockholm, Sweden. Breast Cancer Res. Treat. 130 (2), 553–560. doi:10.1007/s10549-011-1594-z
 Franzoi, M. A., Romano, E., and Piccart, M. (2021). Immunotherapy for Early Breast Cancer: Too Soon, Too Superficial, or Just Right?Ann. Oncol. 32 (3), 323–336. doi:10.1016/j.annonc.2020.11.022
 Frye, M., Harada, B. T., Behm, M., and He, C. (2018). RNA Modifications Modulate Gene Expression during Development. Science 361 (6409), 1346–1349. doi:10.1126/science.aau1646
 Goodman, A. M., Kato, S., Bazhenova, L., Patel, S. P., Frampton, G. M., Miller, V., et al. (2017). Tumor Mutational Burden as an Independent Predictor of Response to Immunotherapy in Diverse Cancers. Mol. Cancer Ther. 16 (11), 2598–2608. doi:10.1158/1535-7163.MCT-17-0386
 Han, D., Liu, J., Chen, C., Dong, L., Liu, Y., Chang, R., et al. (2019). Anti-tumour Immunity Controlled through mRNA m6A Methylation and YTHDF1 in Dendritic Cells. Nature 566 (7743), 270–274. doi:10.1038/s41586-019-0916-x
 Hanahan, D., and Weinberg, R. A. (2011). Hallmarks of Cancer: the Next Generation. Cell 144 (5), 646–674. doi:10.1016/j.cell.2011.02.013
 Hänzelmann, S., Castelo, R., and Guinney, J. (2013). GSVA: Gene Set Variation Analysis for Microarray and RNA-Seq Data. BMC Bioinformatics 14, 7. doi:10.1186/1471-2105-14-7
 Harbeck, N., Penault-Llorca, F., Cortes, J., Gnant, M., Houssami, N., Poortmans, P., et al. (2019). Breast Cancer. Nat. Rev. Dis. Primers 5 (1), 66. doi:10.1038/s41572-019-0111-2
 Hellmann, M. D., Callahan, M. K., Awad, M. M., Calvo, E., Ascierto, P. A., Atmaca, A., et al. (2018). Tumor Mutational Burden and Efficacy of Nivolumab Monotherapy and in Combination with Ipilimumab in Small-Cell Lung Cancer. Cancer Cell 33 (5), 853–861. doi:10.1016/j.ccell.2018.04.001
 Jia, Q., Wu, W., Wang, Y., Alexander, P. B., Sun, C., Gong, Z., et al. (2018). Local Mutational Diversity Drives Intratumoral Immune Heterogeneity in Non-small Cell Lung Cancer. Nat. Commun. 9 (1), 5361. doi:10.1038/s41467-018-07767-w
 Lee, D.-W., Han, S.-W., Bae, J. M., Jang, H., Han, H., Kim, H., et al. (2019). Tumor Mutation Burden and Prognosis in Patients with Colorectal Cancer Treated with Adjuvant Fluoropyrimidine and Oxaliplatin. Clin. Cancer Res. 25 (20), 6141–6147. doi:10.1158/1078-0432.CCR-19-1105
 Li, Y., Xiao, J., Bai, J., Tian, Y., Qu, Y., Chen, X., et al. (2019). Molecular Characterization and Clinical Relevance of m6A Regulators across 33 Cancer Types. Mol. Cancer 18 (1), 137. doi:10.1186/s12943-019-1066-3
 Lin, Q.-G., Liu, W., Mo, Y.-z., Han, J., Guo, Z.-X., Zheng, W., et al. (2020). Development of Prognostic index Based on Autophagy-Related Genes Analysis in Breast Cancer. Aging 12 (2), 1366–1376. doi:10.18632/aging.102687
 Liu, Z., Li, M., Jiang, Z., and Wang, X. (2018). A Comprehensive Immunologic Portrait of Triple-Negative Breast Cancer. Translational Oncol. 11 (2), 311–329. doi:10.1016/j.tranon.2018.01.011
 Loibl, S., Untch, M., Burchardi, N., Huober, J., Sinn, B. V., Blohmer, J.-U., et al. (2019). A Randomised Phase II Study Investigating Durvalumab in Addition to an Anthracycline Taxane-Based Neoadjuvant Therapy in Early Triple-Negative Breast Cancer: Clinical Results and Biomarker Analysis of GeparNuevo Study. Ann. Oncol. 30 (8), 1279–1288. doi:10.1093/annonc/mdz158
 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 (7693), 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 (5), 453–457. doi:10.1038/nmeth.3337
 Parker, J. S., Mullins, M., Cheang, M. C. U., Leung, S., Voduc, D., Vickery, T., et al. (2009). Supervised Risk Predictor of Breast Cancer Based on Intrinsic Subtypes. Jco 27 (8), 1160–1167. doi:10.1200/jco.2008.18.1370
 Patil, D. P., Chen, C.-K., Pickering, B. F., Chow, A., Jackson, C., Guttman, M., et al. (2016). m6A RNA Methylation Promotes XIST-Mediated Transcriptional Repression. Nature 537 (7620), 369–373. doi:10.1038/nature19342
 Planes-Laine, G., Rochigneux, P., Bertucci, F., Chrétien, A. S., Viens, P., Sabatier, R., et al. (2019). PD-1/PD-L1 Targeting in Breast Cancer: The First Clinical Evidences Are Emerging. A Literature Review. Cancers 11 (7), 1033. doi:10.3390/cancers11071033
 Siegel, R. L., Miller, K. D., and Jemal, A. (2020). Cancer Statistics, 2020. CA A. Cancer J. Clin. 70 (1), 7–30. doi:10.3322/caac.21590
 Tang, Y., Li, C., Zhang, Y.-J., and Wu, Z.-H. (2021). Ferroptosis-Related Long Non-coding RNA Signature Predicts the Prognosis of Head and Neck Squamous Cell Carcinoma. Int. J. Biol. Sci. 17 (3), 702–711. doi:10.7150/ijbs.55552
 Tariq, M., Zhang, J., Liang, G., Ding, L., He, Q., and Yang, B. (2017). Macrophage Polarization: Anti-cancer Strategies to Target Tumor-Associated Macrophage in Breast Cancer. J. Cel. Biochem. 118 (9), 2484–2501. doi:10.1002/jcb.25895
 Thomas, A., Routh, E. D., Pullikuth, A., Jin, G., Su, J., Chou, J. W., et al. (2018). Tumor Mutational burden Is a Determinant of Immune-Mediated Survival in Breast Cancer. Oncoimmunology 7 (10), e1490854. doi:10.1080/2162402X.2018.1490854
 Thorsson, V., Gibbs, D. L., Brown, S. D., Wolf, D., Bortone, D. S., Ou Yang, T. H., et al. (2018). The Immune Landscape of Cancer. Immunity 48 (4), 812. doi:10.1016/j.immuni.2018.03.023
 Vu, L. P., Cheng, Y., and Kharas, M. G. (2019). The Biology of m6A RNA Methylation in Normal and Malignant Hematopoiesis. Cancer Discov. 9 (1), 25–33. doi:10.1158/2159-8290.CD-18-0959
 Wang, L.-c., Chen, S.-h., Shen, X.-l., Li, D.-c., Liu, H.-y., Ji, Y.-l., et al. (2020a). M6A RNA Methylation Regulator HNRNPC Contributes to Tumorigenesis and Predicts Prognosis in Glioblastoma Multiforme. Front. Oncol. 10, 536875. doi:10.3389/fonc.2020.536875
 Wang, S., Xiong, Y., Zhang, Q., Su, D., Yu, C., Cao, Y., et al. (2021). Clinical Significance and Immunogenomic Landscape Analyses of the Immune Cell Signature Based Prognostic Model for Patients with Breast Cancer. Brief Bioinform 22 (4), bbaa311. doi:10.1093/bib/bbaa311
 Wang, Y., Zhang, Y., Du, Y., Zhou, M., Hu, Y., and Zhang, S. (2020b). Emerging Roles of N6-Methyladenosine (m6A) Modification in Breast Cancer. Cell Biosci 10 (1), 136. doi:10.1186/s13578-020-00502-3
 Wu, H.-X., Chen, Y.-X., Wang, Z.-X., Zhao, Q., He, M.-M., Wang, Y.-N., et al. (2019). Alteration in TET1 as Potential Biomarker for Immune Checkpoint Blockade in Multiple Cancers. J. Immunotherapy Cancer 7 (1), 264. doi:10.1186/s40425-019-0737-3
 Wu, Y., Zhao, W., Liu, Y., Tan, X., Li, X., Zou, Q., et al. (2018). Function of HNRNPC in Breast Cancer Cells by Controlling the dsRNA‐induced Interferon Response. EMBO J. 37 (23), e99017. doi:10.15252/embj.201899017
 Xu, F., Zhang, H., Chen, J., Lin, L., and Chen, Y. (2020). Immune Signature of T Follicular Helper Cells Predicts Clinical Prognostic and Therapeutic Impact in Lung Squamous Cell Carcinoma. Int. Immunopharmacology 81, 105932. doi:10.1016/j.intimp.2019.105932
 Yang, S., Wei, J., Cui, Y.-H., Park, G., Shah, P., Deng, Y., et al. (2019). m6A mRNA Demethylase FTO Regulates Melanoma Tumorigenicity and Response to Anti-PD-1 Blockade. Nat. Commun. 10 (1), 2782. doi:10.1038/s41467-019-10669-0
 Yang, Y., Hsu, P. J., Chen, Y.-S., and Yang, Y.-G. (2018). Dynamic Transcriptomic m6A Decoration: Writers, Erasers, Readers and Functions in RNA Metabolism. Cell Res. 28 (6), 616–624. doi:10.1038/s41422-018-0040-8
 Yoshihara, K., Shahmoradgoli, M., Martínez, E., Vegesna, R., Kim, H., Torres-Garcia, W., et al. (2013). Inferring Tumour Purity and Stromal and Immune Cell Admixture from Expression Data. Nat. Commun. 4, 2612. doi:10.1038/ncomms3612
 Zhang, B., Wu, Q., Li, B., Wang, D., Wang, L., and Zhou, Y. L. (2020). m6A Regulator-Mediated Methylation Modification Patterns and Tumor Microenvironment Infiltration Characterization in Gastric Cancer. Mol. Cancer 19 (1), 53. doi:10.1186/s12943-020-01170-0
 Zhang, C., Samanta, D., Lu, H., Bullen, J. W., Zhang, H., Chen, I., et al. (2016). Hypoxia Induces the Breast Cancer Stem Cell Phenotype by HIF-dependent and ALKBH5-Mediated m6A-Demethylation of NANOG mRNA. Proc. Natl. Acad. Sci. USA 113 (14), E2047–E2056. doi:10.1073/pnas.1602883113
 Zhang, Z., Ma, L., Goswami, S., Ma, J., Zheng, B., Duan, M., et al. (2019). Landscape of Infiltrating B Cells and Their Clinical Significance in Human Hepatocellular Carcinoma. Oncoimmunology 8 (4), e1571388. doi:10.1080/2162402X.2019.1571388
 Zheng, S., Zou, Y., Liang, J. y., Xiao, W., Yang, A., Meng, T., et al. (2020). Identification and Validation of a Combined Hypoxia and Immune index for Triple‐negative Breast Cancer. Mol. Oncol. 14 (11), 2814–2833. doi:10.1002/1878-0261.12747
Conflict of Interest: The Handling Editor DZ declared a shared parent affiliation with the authors MMZ, YLL, YL, YY, ML, YJY, KJ, SW, SW at the time of the review.
The remaining author declares that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2021 Zhang, Lin, Zeng, Li, Yang, Liu, Ye, Jiang, Wang and Wang. 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-12-790888-g005.gif





OPS/images/fgene-12-790888-g006.gif
[rvp——

o0

—
-

prope

o

[ ——
N 100001520 ——

Touge 2015184272
s a3 519

o

oo

oo

b

agmsaro

30

e

£

ReR]

.

s
B

iRt
FRggNERsalel Rrlgehsl
Siaatetiitaitanazacy

s2z8323c0a02003.00 Y

 Fenstanana e RSN

o b

28,2585, BSE3E,
Sosissizdatal

e M.Twwmm:mmmm&

ey

© sgoup prensity

e

e

Teaipoms

Pt <s)

Pt <3)

Prtmast)

T om w5 57 i o6 owr am






OPS/images/fgene-12-790888-g003.gif
mBAcelated inmune genes.

- © mEAG <=3 <130

)

fs“}“&“ﬁ‘ ETRLTTS

S e I
ARl hvm

mes‘wxu SSan AT Comucnon

g st wemssous

S s |3

B BT A Gl monure aremconensions
Ty

S S AT NG ToL G, ANCHOR_BOSVITHESS

PRl o






OPS/images/fgene-12-790888-g004.gif





OPS/images/fgene-12-790888-t001.jpg
Age (years)
<65

265
T stage

i

P

L]

T4

Unknown
N stage

NO

N1

N2

N3

Unknown
M stage

Mo

M

Unknown
Tumor stage

Stage |

Stage I

Stage Il

Stage IV

Unknown
Subtype

TNBC

Other

High m6A-IS (360)

236
124

60
236
48
15
1

173
107
a4
32

295
g5

42
216

85

12

16
344

Low m6A-IS (708)

510
198

219
380
84
23
2

329

249
%
41
13

594
10
104

139

391

158
12

9
614

p-value

0.0292

<0.0001

0.1094

0.0363

0.0010

<0.0001





OPS/images/fgene-12-790888-g007.gif
Re——.

90 02 o4 o8 08 10

sve-om






OPS/images/fgene-12-790888-g008.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		N6-methyladenosine Regulator-Mediated Immune Genes Identify Breast Cancer Immune Subtypes and Predict Immunotherapy Efficacy		Introduction

		Materials and Methods		Data Acquisition

		Immune Score and Gene Set Enrichment Analysis

		Identification of N6-Methyladenosine-Related Immune Genes

		Construction of N6-Methyladenosine-Related Immune Score

		Survival Analysis

		Statistical Analysis





		Results		Landscape of N6-Methyladenosine Regulators in Breast Cancer

		Construction of the N6-Methyladenosine-Related Immune Score and Analysis of Its Characteristics

		Relationship Between Clinicopathological Characteristics and N6-Methyladenosine-Related Immune Score

		Potential Immune Escape Mechanisms in High and Low N6-Methyladenosine-Related Immune Score

		N6-Methyladenosine-Related Immune Score Was an Independent Prognostic Factor for Patients With Breast Cancer

		Role of the N6-Methyladenosine-Related Immune Score in Anti-PD-L1 Immunotherapy





		Discussion

		Conclusion

		Data Availability Statement

		Author Contributions

		Funding

		Publisher’s Note

		Supplementary Material

		References









OPS/images/cover.jpg
* frontiers
in Genetics

N6-methyladenosine Regulator-
Mediated Immune Genes Identify
Breast Cancer Immune Subtypes
and Predict Immunotherapy
Efficacy





OPS/images/fgene-12-790888-g001.gif
G ) z%«w)( ..... ;(:«WWJ

(o Y )

(ot s tamet st ) ——(G )






OPS/images/fgene-12-790888-g002.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
’ frontiers
1N Genetics





