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The tumor microenvironment (TME) refers to the cellular environment in which tumors exist. An increasing number of reports have emphasized its role in tumor progression, prognosis, relapse, metastasis, and therapeutic response with breast cancer (BRCA). Few studies have revealed a systematic landscape of immune cell infiltration (ICI) in BRCA.  In this study, we comprehensively analyzed the immune cells infiltrating TME in BRCA. Three ICI patterns were identified through an unsupervised clustering method and an ICI score was developed by a principal component analysis (PCA). A Kaplan-Meier survival with log-rank test revealed a significant overall survival (OS) difference of BRCA patients with these three ICI patterns. We also found that a high ICI score was characterized by an elevated tumor mutation burden (TMB), effector T-cell infiltration, INF-γ-related cytotoxicity, and cytolytic activity score. An independent cohort validated that this ICI score could be a prognostic indicator for BRCA. Two immunotherapeutic cohorts and two chemotherapeutic cohorts confirmed that patients with higher ICI scores showed significant chemotherapeutic and immunotherapeutic advantages. In summary, these results suggest that the ICI patterns could act as a prognostic indicator and that the ICI score could precisely predict the clinical outcome for BRCA patients.
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Introduction

Breast cancer (BRCA) is one of the most common malignancies worldwide with more than 2.2 million newly diagnosed and 680 thousand deaths per year (1). Current therapies have greatly improved the survival rate of early-stage patients. However, the 5-year survival rate remains less than 28% in terminal BRCA patients. To date, the prediction of BRCA prognosis and therapeutic responses mainly depends on the tumour-node-metastasis (TNM) stage. However, BRCA patients in the same TNM stage show different prognoses and therapeutic responses because of tumor heterogeneity. Thus, it is of great importance to incorporate other valuable indicators to predict prognosis and therapeutic responses.

The tumor microenvironment (TME) refers to a cellular environment in which tumors exist, including the surrounding immune cells, stromal cells, and signaling molecules (2–5). Extensive studies have reported a critical role of tumor infiltrating immune components in cancer progression, prognosis, relapse, metastasis, and therapeutic response. For instance, Erdag et al. (6) found that TME differences in immune homing receptors and ligands that influence prognosis in melanoma patients by affecting immune cell recruitment. Kulasinghe et al. (7) reported that tumor-infiltrating lymphocyte-associated biomarkers in the triple-negative breast cancer TME affect chemotherapeutic response and survival. Hu et al. (8) revealed that distinct immune phenotypes have different prognoses, gene mutations, immune infiltrations, and drug sensitivities in TNBC. Risom et al. (9) revealed that myoepithelial disruption in the TME protects BRCA against recurrence via multiplexed ion beam imaging by time of flight. Medrek et at. (10) reported that the M2 phenotype tumor-associated macrophages is related to immunosuppressive TME that is permissive to tumor growth and spread. However, one or two single immune components of BRCA are not sufficient to characterize a complex TME. Hence, it is of great significance to investigate the expansive landscape of immune cells infiltrating TME in BRCA.

To date, quantitating the immune cell abundances of tumor tissues in the lab has been a challenge to researchers. A newly issued computational algorithm, single sample gene set enrichment analysis (ssGSEA), can estimate the relative immune cell abundances of bulk RNA-seq samples through a given immune cell gene set (11). This algorithm enables researchers to depict the immune cell infiltration (ICI) landscape. Through this algorithm, previous studies had comprehensively sketched the ICI landscape to predict prognoses and therapeutic benefits in other types of cancers, such as lung adenocarcinoma, gastric cancer, and head and neck squamous cell carcinoma (5, 12, 13). However, a comprehensive ICI landscape in the TME with BRCA has not yet been fully elucidated.

In this study, we compared immune cell abundances and stromal cells contents in TME among tumor with normal tissues. Additionally, we systematically characterized ICI patterns in the TME with tumor tissues using the TCGA-BRCA cohort. Through principal component analysis (PCA), we defined an ICI score to quantify the ICI status for each sample. An independent cohort, METABRIC, confirmed that the ICI score was a robust prognostic tool for BRCA patients. We found that a high ICI score was related to upregulated tumor mutation burden (TMB), effector T-cell infiltration, INF-γ-related cytotoxicity, and cytolytic activity. Two chemotherapeutic cohorts confirmed that patients with high ICI scores had a higher responder rate to chemotherapy (GSE5462 cohort: responder rate [RR], 35.71% in the high ICI group versus 20.83% in the low ICI group; chi-square test, P < 0.001; GSE20181 cohort: [RR], 71% in the high ICI group versus 50% in the low ICI group; chi-square test, P <0.05). Two immunotherapeutic cohorts confirmed that patients with the high ICI score had a higher responder rate to immunotherapy (GSE35640 cohort: [RR], 42.9% in the high ICI group versus 21.4% in the low ICI group; chi-square test, P <0.0001; GSE91061 cohort: [RR], 30.7% in the high ICI group versus 13.2% in the low ICI group; chi-square test, P <0.0001). In conclusion, in this study, we developed an ICI score to characterize the extensive immune cell infiltrating TME for BRCA, which could precisely predict the prognoses and response to chemotherapy and immunotherapy.



Methods


Data Accession

Discovery cohort: The RNA-seq data, clinical information, and somatic structural variation data of BRCA patients, were downloaded from The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov) database. We enrolled 967 tumor samples and 112 adjacent normal samples with complete information including survival time, vital status, treatment strategies, RNA-seq data, and somatic variation data.

Validation cohort: We downloaded the RNA-seq data and clinical information of the Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) cohort (14) from the cBio Cancer Genomics Portal website (www.cbioportal.org). A total of 1424 samples were enrolled to validation cohort with complete information including RNA-seq data, overall survival (OS), progression-free survival (PFS), and survival status.

Application cohorts: In total, we gathered 2 chemotherapeutic cohorts (GSE5462 and GSE20181) and 2 immunotherapeutic cohorts (GSE35640 and GSE91061). We downloaded the RNA-seq data and clinical data with these datasets from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo) database by the GEOquery R package (15). We removed these samples with absent or vague therapeutic responses.



Evaluation of Immune Cell Abundances in the Discovery Cohort

To evaluate specific immune cell subsets, we systematically retrieved the issued studies and adopted an immune cell gene set that was proposed by Beibei Ru et al (16). This gene set was consisted of 742 gene signatures representing 28 immune cell subtypes including activated CD8 T cells, central memory CD8 T cells, effector memory CD8 T cells, activated CD4 T cells, central memory CD4 T cells, effector memory CD4 T cells, T follicular helper cells, gamma delta T cells, type 1 T helper cells, type 17 T helper cells, type 2 T helper cells, regulatory T cells, activated B cells, immature B cells, memory B cells, natural killer cells, CD56 bright natural killer cells, CD56 dim natural killer cells, myeloid derived suppressor cells, natural killer T cells, activated dendritic cells, plasmacytoid dendritic cells, immature dendritic cells, macrophages, eosinophils, mast cells, monocytes, and neutrophils (Supplementary File 1). The ssGSEA algorithm of the GSVA R package (17) was used to evaluate the relative immune cell abundances in each patients based on bulk RNA-seq data. The estimate R package (2) was used to asses immune and stromal cell contents for each sample. To comprehensively analyze the ICI status, we merged the immune cell abundance matrix and stromal cell content matrix for subsequent analyses. (Supplementary File 2).



Comparison of the TME Between Normal and Tumor Tissues in the Discovery Cohort

To investigate TME differences between normal and tumor tissues, we compared the immune cell abundances and stromal cell contents of 112 normal tissues and their matched tumor tissues. We visualized the landscape of immune cell abundances and stromal cell contents through a heatmap by the pheatmap R package (18). The Wilcoxon test was used to compare the significant differences, and a two-tailed P <0.05 was considered to indicate a significant difference. Paired Student’s t test was used to compare the significant differences in PD1 and PD-L1 expression. The box plot drawn by the ggplot 2 R package (19) was used to show these data.



Clustering for ICI Phenotypes With the Discovery Cohort

Based on the immune cell abundances and stromal cell contents of 967 tumor tissues, we performed unsupervised clustering by the consensusClusterPlus R package (20) to identify the ICI phenotypes. Unsupervised clustering depended on Euclidean distance and Ward’s linkage, and was repeated 1000 times to ensure the classification stability. The optimal number of clusters was determined by consensus matrix and relative change of area under a cumulative distribution function (CDF) curve. Finally, we obtained three distinct ICI phenotypes termed ICI Cluster ABC that divided the discovery cohort into three groups.



Differentially Expressed Gene Analysis and Genotype Identification in the Discovery Cohort

To reveal the internal molecular characterizations with these three distinct ICI phenotypes, we performed pairwise comparisons to identify differentially expressed genes (DEGs) by the edgeR R package (21). Genes with a false discovery rate (FDR) adjusted P value < 0.05 and absolute value of |log2FC| (fold change) >1.3 were considered to statistically significant. To identify ICI genotypes, each Fragments Per Kilobase Million (FPKM) normalized DEGs expression value was standardized through log2 (expression value +1) formula across 967 BRCA samples. Additionally, the unsupervised clustering method proposed above was applied to identify ICI genotypes. A relative change in the area under the CDF curve and a consensus matrix were used to determine the optimal number of clusters. We obtained three ICI genotypes termed Gene Cluster ABC that classified the discovery cohort into three distinct groups.



Gene Ontology Functional Annotations and ICI Score Development

The steps with ICI score development were processed as follows. First, we utilized a random forest algorithm to screen the most representative differentially expressed genes (MRDEGs) for these three distinct ICI genotypes by the randomForest R package (22). The random forest algorithm performed classifications and predictions to DEGs through multidecision trees. This algorithm ranked these DEGs by scoring their representativeness according to an accuracy or a Gini value. Here, the top one-third DEGs ranked by accuracy value were recognized as MRDEGs. Furthermore, GO functional annotations were used to investigate the functions of these MRDEGs by the clusterProfiler R package (23), and a P < 0.05 was considered to statistically significant. GO functional annotations included biological processes (BP), molecular functions (MF), and cellular components (CC). Next, we performed PCA using R software (version 4.0.2) to compute signature scores for each BRCA patient based on MRDEGs expression levels. Component 1 was extracted as signature scores according to a pervious study (13). Finally, we applied a method similar to gene expression grade index (24) to define the ICI scores for each patient as follows:

	

Where i is the signature score whose Cox efficiency is positive, and j is the signature score whose Cox efficiency is negative. Additionally, we calculated the ICI score of validation cohort based on the above steps using MRDEGs expression value. To investigate the prognostic value of the ICI score, we grouped the BRCA patients in the discovery cohort and validation cohort by an optimal cutoff area under the curve (AUC) of time-dependent receiver operating characteristic (ROC) analysis (25).



Somatic Genetic Variation Data Analysis With the Discovery Cohort

The maftools R package (26) was used to count the total number of non-synonymous mutations to determine the TMB. To further investigate the prognostic value of TMB, we classified 967 tumor samples in the discovery cohort into high and low TMB subgroups based on an optimal cutoff AUC of ROC analysis. The maftools R package was used to visualize the landscape of the top 30 highest frequent alteration genes among the high and low ICI score subgroups. The chi-square test was used to detect the mutated genetic differences between high and low ICI score subgroups by the maftools R package, and a P <0.05 was regarded as statistically significance.



Genomic and Clinical Dataset Analysis With Application Cohorts

To investigate the predictive role of the ICI score for therapeutic benefits, we filtered these MRDEGs expression value of the application cohorts. Next, we developed the ICI scores with application cohorts through the methodology proposed above. Finally, we grouped the patients who received corresponding therapies into high and low ICI score subgroups according to a median cutoff of the ICI score for further analysis.



Statistical Analysis

All statistical analyses were conducted by R software (Version 4.0.2), and a P < 0.05 was considered to statistically significant. Univariate Cox regression analysis was performed to evaluate relationships between immune cells abundances and OS by survival R package (27). The comparisons of OS with specific groups were performed by the log-rank test of the survminer R package (28). The Kruskal–Wallis test and Wilcoxon test were utilized to examine the non-normalized distribution data. Student’s t test was used to compare normalized distribution data. The chi-square test was used to compare the categorical data.




Results


The TME Difference Between Tumor and Normal Tissues

We compared the relative immune cell abundances and stromal cell contents of 112 normal tissues and their matched tumor tissues. Firstly, we visualized the relative immune cell abundances and stromal cell contents with tumor and normal tissues by a heatmap. Next, the Wilcoxon test was utilized to compare these immune cell abundances and stromal cell contents. We found that tumor tissues were remarkably characterized by high densities of central memory CD8 T cells, activated CD4 T cells, immature B cells, CD56 dim natural killer cells, myeloid-derived suppressor cells, and activated dendritic cells, but normal tissues were significantly characterized by high densities of effector memory CD8 T cells, T follicular helper cells, type 1 T helper cells, activated B cells, natural killer cells, CD56 bright natural killer cells, plasmacytoid dendritic cells, immature dendritic cells, mast cells, stromal score, and immune score (Figures 1A, B). In addition, we observed a significantly upregulated PD1 (paired Student’s t test; P < 0.0001, Figure 1C) and an undifferentiated PDL1 (paired Student’s t test; P > 0.05, Figure 1D) expression level in tumor tissues.




Figure 1 | Comparison of the TME between tumor and normal tissues with BRCA. (A) Heatmap of the ICI landscape between tumor and normal tissues. (B) Box plot of normalized immune cell abundances (Kruskal–Wallis test, ns, no significance P > 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001). Comparison of the expression levels of two vital immune checkpoint molecules; (C) PD-1 and (D) PD-L1 (paired Student’s t test).





Landscape of ICI Phenotypes With BRCA

We performed an unsupervised clustering to systematically characterize the ICI patterns for BRCA using the relative immune cell abundances and stromal cell contents of tumor tissues. According to a consensus matrix and a relative change in area under the CDF curve, three divisions for TCGA-BRCA cohort was the best segregation that divided 967 BRCA patients into three heterogeneous phenotypes termed ICI Cluster A (464 patients), ICI Cluster B (425 patients), and ICI Cluster C (78 patients) (Figure S1B–F). Figure 2A sketched a landscape of BRCA clinical information and immune cellular distributions with these three ICI phenotypes. Prognostic analysis revealed a significant survival difference in these three ICI phenotypes (log-rank test; P = 0.00019, Figure 2B). Almost all immune cell types were remarkably different except for activated CD8 T cells, effector memory CD4 T cells, T follicular cells, type 17 T helper cells, type 2 T helper cells, regulatory T cells, immature B cells, natural killer T cells, activated dendritic cells, immature dendritic cells, macrophages, and eosinophils (Kruskal–Wallis test; P > 0.05, Figure 2C) in these ICI phenotypes. Among these distinct ICI phenotypes, ICI Cluster A patients, characterized by the lowest densities of almost all immune cell types except for activated CD4 T cells, CD56 dim natural killer cells, and monocytes, were associated with a favorable prognosis (median survival of 6472 days). The ICI Cluster B patients with a median survival time of 3842 days, were significantly marked by high densities of all immune cell types. Conversely, ICI Cluster C patients were witnessed the shortest OS (median survival of 2464 days) and were characterized by the lowest densities of activated CD4 T cells, CD56 dim natural killer cells, and monocytes. (Figures 2B, C).




Figure 2 | The ICI landscape in the TME of BRCA. (A) Unsupervised clustering for ICI phenotypes in the TME. The rows represent immune cells, and the columns represent BRCA samples. (B) The Kaplan–Meier curves showing OS (overall survival) outcomes in BRCA patients among these distinct ICI clusters. Log-rank test showing P = 0.00019. (C) The normalized immune cell abundances and stromal cell contents with distinct ICI clusters. (Kruskal–Wallis test, ns, no significance P > 0.05; ****P < 0.0001). (D) The prognostic role of immune cell abundance and stromal cell content. (Univariate Cox regression model, ns P > 0.05; *P < 0.05; **P < 0.01; ****P < 0.0001). Comparison of the expression level of two vital immune checkpoint molecules with these distinct ICI clusters; PD1 (E) and PD-L1 (F). (Wilcoxon test, ns P > 0.05; ****P < 0.0001).



We also performed univariate Cox regression analysis to reveal the prognostic roles of 28 immune cell abundances and stromal cell contents. As depicted in a forest plot, the abundances of activated CD4 T cells (hazard ratio [HR], 0.68; 95% confidence interval [CI], 0.58-0.8; P < 0.0001), CD56 dim natural killer cells (HR, 0.4; 95% CI, 0.26-0.62; P < 0.0001), activated CD8 T cells (HR, 0.75; 95% CI, 0.63-0.9; P < 0.01), immature B cells (HR, 0.76; 95% CI, 0.63-0.93; P < 0.01), myeloid derived suppressor cells (HR, 0.82; 95% CI, 0.7-0.96; P < 0.05), activated B cells (HR, 0.84; 95% CI, 0.72-0.97; P<0.05), activated dendritic cells (HR, 0.63; 95% CI, 0.42-0.95; P < 0.01), monocytes (HR, 0.49; 95% CI, 0.25-0.94; P < 0.05), and memory B cells (HR, 0.64; 95% CI, 0.42-0.98; P < 0.05) could serve as protective factors for BRCA patients. Conversely, the abundances of plasmacytoid dendritic cells (HR, 1.93; 95% CI, 1.19-3.13; P < 0.01) and mast cells (HR, 1.32; 95% CI, 1.07-1.62; P < 0.05) were the hazard factors for BRCA patients (Figure 2D). These findings were consistent with the worse OS with ICI Cluster C patients and the favorable OS with ICI Cluster A patients. Moreover, we compared the mRNA expression levels of two vital immune checkpoints (PD1 and PD-L1) in each ICI phenotypes by Wilcoxon test. We found that ICI Cluster A was remarkably characterized by the lowest PD1 (Wilcoxon test, P < 0.0001) and PD-L1 expression (Wilcoxon test, P < 0.0001). Conversely, ICI Cluster B was observed to have the highest PD1 (Wilcoxon test, P < 0.0001) and PD-L1 (Wilcoxon test, P < 0.0001) expression. Compared with ICI Cluster A, ICI Cluster C was observed to have the same PD1 (Wilcoxon test, P > 0.05) but significantly higher expression of PD-L1 (Wilcoxon test, P < 0.0001) (Figure 2E, F).



Differentially Expressed Gene Analysis and Genotype Clustering

To investigate the intrinsic biological differences that led to distinct ICI phenotypes, we performed pairwise comparisons to identify the DEGs among these three ICI phenotypes. In total, 1183 DEGs were observed among these three ICI phenotypes (Supplementary File 3). As depicted in Figure S2, compared with ICI Cluster A, 265 upregulated and 94 downregulated mRNAs were identified in ICI Cluster B (Figure S2A). Compared with ICI Cluster B, 456 downregulated and 138 upregulated mRNAs were identified in ICI Cluster C (Figure S2B). Compared with ICI Cluster A, 49 upregulated and 605 downregulated mRNAs were observed in ICI Cluster C (Figure S2C). Figure S2D shows the gene relationships among these three ICI phenotypes. Figure S2E depicts a whole landscape of these 1183 DEGs expression levels. Next, an unsupervised clustering using these 1183 DEGs was performed to identify genotypes for BRCA patients. Three classifications dividing the discovery cohort into Gene Cluster A (437 patients), Gene Cluster B (342 patients), and Gene Cluster C (189 patients) were the best optimal according to the consensus matrix and relative change in the area under the CDF curve (Figures S3A–E).

Figure 3A delineates a landscape of these 1183 DEGs and the clinical feature distributions with these 967 BRCA patients among distinct ICI genotypes. A significant difference in OS was observed among these three ICI genotypes (log-rank test; P = 0.0061, Figure 3B). Gene Cluster A patients characterized by the highest densities of neutrophils (Kruskal–Wallis test; P < 0.0001), suffered from the shortest median OS time with 3682 days. Gene Cluster B patients had a median OS time (4326 days), characterized by high densities of activated CD8 T cells, central memory CD8 T cells, effector memory CD8 T cells, central memory CD4 T cells, T follicular helper cells, type 1 T helper cells, immature B cells, memory B cells, natural killer cells, CD56 bright natural killer T cells, CD 56 dim natural killer T cells, plasmacytoid dendritic cells, immature dendritic cells, macrophages, eosinophils, mast cells, stromal score, and immune score. Conversely, Gene Cluster C patients enjoyed the longest median OS time (7345 days), characterized by high densities of activated CD4 T cells, effector memory CD4 T cells, gamma delta T cells, type 2 T helper cells, regulatory T cells, activated B cells, myeloid derived suppressor cells, natural killer T cells, activated dendritic cells, and monocytes (Kruskal–Wallis test; P < 0.0001, Figures 3B, C). Significantly upregulated PD1 and PD-L1 expression was observed in Gene Cluster B and Cluster C compared with Gene Cluster A (Kruskal–Wallis test; P < 0.0001, Figures 3D, E).




Figure 3 | Identification of ICI genotypes. (A) Unsupervised clustering for DEGs among these distinct ICI clusters, which grouped BRCA patients into three Gene Clusters (A–C). (B) The Kaplan–Meier curves showing OS outcomes in BRCA patients among these distinct gene clusters. Log-rank test showing P = 0.0061. (C) Normalized immune cell abundances and stromal cell contents in distinct gene clusters. (Kruskal–Wallis test, ****P < 0.0001). Comparison of the expression levels of two vital immune checkpoints (D) and PD-L1 (E) among these distinct ICI clusters; (Wilcoxon test, ns, no significance P > 0.05; ****P < 0.0001).





Immune Cell Infiltration Score Development and Validation

First, we extracted 398 MRDEGs via a random forest algorithm (Supplementary File 4; Figures S4A, B). Figure S4C shows the whole landscape of these MRDEG expression levels with distinct ICI genotypes. To further validate the functions of these MRDEGs, we performed GO functional annotations. GO BP analysis showed that these MRDEGs were significantly enriched in the terms T-cell selection, lymphocyte costimulation, and positive regulation of T-cell proliferation. GO CC analysis showed that these MRDEGs were significantly enriched in the terms immunological synapse and alpha-beta T-cell receptor complex. GO MF analysis showed that these MRDEGs were significantly enriched in the terms T-cell receptor binding and cytokine receptor activity (Figure S4D, Supplementary File 5). Next, we utilized PCA to calculate the signature scores using these 398 MRDEG expression levels. Then, the patients were divided into two groups as high or low ICI scores basing on an optimal AUC cutoff value with ROC analysis. We also developed an ICI score and grouped the validation cohort using the methodology proposed above (Supplementary File 6).

Figure 4A depicts the distribution of BRCA patients among these three genotypes. In addition, we assessed the level of effector T-cell infiltration (CD8A and CXCL10) and INF-γ-related cytotoxicity (IFNG, GZMA, GZMB, EOMES, and TBX21) for each ICI group based on a seven-gene panel designed in the POPLAR trial (29). Moreover, a cytolytic activity score calculated by the geometrical mean of PRF1 and GZMA mRNA expression levels was used to reflect the magnitude of the antitumor response (30). All of these eight parameters in the high ICI score group were remarkably higher than those in low ICI score group (Wilcoxon test; P < 0.0001, Figure 4B; Student’s t test; P < 0.0001, Figure 4C).




Figure 4 | Development and validation with the ICI score. (A) Gene phenotype distribution of the ICI score and clinical outcomes. (B) Gene expression levels of effector T-cell infiltration (CD8A and CXCL10) and INF-γ-related cytotoxicity (IFNG, GZMA, GZMB, EOMES, and TBX21) between the high and low ICI score group. (Wilcoxon test ****P < 0.0001). (C) The cytolytic activity score between the high and low ICI score groups. (Student’s t test, ****P < 0.0001). (D) Kaplan–Meier curve showing OS outcomes between the high and low ICI score groups in the TCGA-BRCA cohort. Log-rank test showing P = 0.0041. (E, F) Kaplan–Meier curve showing OS outcomes (E; log-rank test, P = 0.052) and PFS outcomes (F; log-rank test, P = 0.0027.) with BRCA patients between the high and low ICI score groups in METABRIC cohort. (G) Kaplan–Meier curve showing OS outcomes of BRCA patients between the high and low ICI score groups treated with radiotherapy (RT) or chemotherapy (CT) in the TCGA-BRCA cohort (log-rank test, P = 0.016).



Kaplan–Meier survival with log-rank test was used to assess the relationships between OS and ICI score. We observed that BRCA patients with high ICI scores (median survival time: 6632 days) had significantly favorable OS versus patients with low ICI scores (median survival time: 3564 days) in the discovery cohort (log-rank test: P = 0.0041, Figure 4D). Additionally, a significant survival advantage of BRCA patients with high ICI scores was observed in PFS (log-rank test; P = 0.0027, Figure 4F) rather than OS (log-rank test; P = 0.052, Figure 4E) in the validation cohort. We also found that BRCA patients with high ICI scores who received radiotherapy or chemotherapy retained a significant survival advantage in discovery cohort (log-rank test; P = 0.016, Figure 4G).



The Relationships Between the ICI Score and Somatic Genetic Variation

Previous studies have reported that tumor somatic genetic variation is related to cancer prognoses and determines therapeutic responses (31, 32). Inspired by these studies, we investigated the relationships between TMB and ICI score. First, a significantly elevated TMB was observed in BRCA patients with high ICI scores (Wilcoxon test; P < 0.05, Figure 5A). We also found that TMB was remarkably and positively correlated with ICI score (Spearman coefficient: R = 0.093, P = 0.0039, Figure 5B). To further study the prognostic value of TMB, we categorized BRCA patients into high TMB or low TMB subgroups based on an optimal cutoff of TMB value (0.37) with ROC analysis. As shown in Figure 5C, BRCA patients with low TMB had statistical survival advantage over those with high TMB (log-rank test; P = 0.0013). Additionally, hierarchical survival analysis revealed that this survival advantage was independent of TMB (log-rank test; P = 0.00031, Figure 5D).




Figure 5 | Correlation between ICI score and somatic mutation. (A) The TMB among the high and low ICI score groups (Wilcoxon test, *P < 0.05). (B) Correlation between the ICI score and TMB with distinct gene clusters (Spearman correlation test, P = 0.0039; spearman correlation coefficient = 0.093). (C) Kaplan–Meier curves showing OS outcomes of BRCA patients between high and low TMB group. Log-rank test showing P = 0.0013. (D) Kaplan–Meier curves for BRCA patients stratified by both TMB and ICI scores. Log-rank test showing P = 0.00031. (E, F) Landscape of the top 30 drive mutated genes for the low ICI score (E) and high ICI score groups (F). Each column represents the individual patients and each row represents a drive mutated gene.



The subsequent analyses assessed the distribution of driver somatic variant genes between the high and low ICI score subgroups. Figure 5 shows the top 30 most frequently mutated genes with high (Figure 5E) and low (Figure 5F) ICI score groups. A total of 124 statistically different somatic variant genes were detected between high and low ICI score groups through the chi-square test conducted by the maftools R package (Supplementary File 7).



The Role of the ICI Score in the Prediction of Therapeutic Benefits

We assessed the role of ICI score in predicting chemotherapeutic benefits using the GSE5462 and GSE20181 datasets. The GSE5462 and GSE20181 datasets recorded microarray and clinical data from BRCA patients before and after letrozole treatment. As depicted in Figure 6, letrozole did not elevate the ICI score of BRCA patients (paired Wilcoxon test; P > 0.05, Figures 6A, C) but patients with high ICI scores had higher responder rate (GSE5462 cohort: responder rate [RR], 35.71% in the high ICI group versus 20.83% in the low ICI group; chi-square test, P < 0.001, Figure 6B; GSE20181 cohort: [RR], 71% in the high ICI group versus 50% in the low ICI group; chi-square test, P < 0.05, Figure 6D). We also investigated the immunotherapeutic benefit prediction role of the ICI score using GSE35640 and GSE91061 datasets. The GSE35640 and GSE91061 datasets recorded microarray and clinical data of melanoma patients with anti-MAGE-A3 and anti-PD1 treatments, respectively. We found that melanoma patients in the anti-MAGE-A3 responder group had higher ICI scores (GSE35640 cohort: paired Wilcoxon test; P < 0.05, Figure 6E). In contrast to chemotherapy, anti-PD1 treatment was found to elevate the ICI score of melanoma patients (GSE91061 cohort: paired Student’s t test; P < 0.0001, Figure 6G). Moreover, higher responder rates were observed in the high ICI score group with both anti-MAGE-A3 and anti-PD1 treatments (GSE35640 cohort: [RR], 42.9% in the high ICI group versus 21.4% in the low ICI group; chi-square test; P < 0.0001, Figure 6F; GSE91061 cohort: [RR], 30.7% in the high ICI group versus 13.2% in the low ICI group; chi-square test; P < 0.0001, Figure 6H).




Figure 6 | Value of the ICI score in predicting chemotherapeutic and immunotherapeutic benefits. (A) ICI score of patients with letrozole treatment before and after 10-14 days. (Paired Wilcoxon test; P > 0.05). (B) Rate of clinical response to letrozole among the low and high ICI score group after 10-14 days (chi-square test; P < 0.001). (C) ICI score of patients with letrozole treatment before and after 90 days. (paired Wilcoxon test; P > 0.05). (D) Rate of clinical response to letrozole in the low and high ICI score groups after 90 days (chi-square test; P < 0.05). (E) ICI score of melanoma patients with MAGE-A3 antigen treatment between responder and nonresponder groups (Wilcoxon test; P < 0.05). (F) Rate of clinical response to MAGE-A3 antigen treatment among the low and high ICI score groups (chi-square test; P < 0.0001). (G) ICI score of melanoma patients before and after PD-L1 antigen treatment (paired Student’s t test; P = 0.021). (H) Rate of clinical response to PD-L1 antigen among the low and high ICI score groups (chi-square test; P < 0.0001).






Discussion

An increasing number of studies have reported that the TME plays an indispensable role in tumor progression, prognosis, relapse, metastasis, and therapeutic response in BRCA. However, most studies have focused on a single TME component or regulator. A comprehensive TME characterization has not yet been recognized. Identifying distinct ICI patterns will promote our understanding of the TME and guide precise individual therapies.

In this study, based on the TCGA-BRCA cohort, we first investigated the difference in the TME between normal and tumor tissues. Our results revealed relatively sparse immune cells and an upregulated PD1 and an undifferentiated PDL1 expression level in BRCA tissues, which indicated that immune cell dysfunction and immune escape in the tumorous TME plays critical roles in tumorigenesis. The PD1/PDL1 pathway is regarded as a brake of immune system which attenuates the tumor-infiltrating lymphocytes (TILs) activation through increasing PDL1 expression on tumor cell surface (33). In line with our study, Uhercik et al. (34) also revealed an upregulated PD1 and an undifferentiated PDL1 expression level in BRCA tissues. However, Jun fang et al. (35) reported that mRNA expression level of PD1 was up-regulated but the PDL1 was down-regulated in BRCA tissues.

Our primary concerns were the TME with BRCA tissues, so we focused on an ICI with tumor tissues. Based on immune cell abundances and stromal cell contents with each tumor sample, we identified three ICI phenotypes for BRCA termed ICI cluster ABC. ICI Cluster A was characterized by sparse immune cells and stromal cell contents that corresponded to the immune-desert phenotype; ICI Cluster B was characterized by an activation of innate immunity and adaptive immunity that corresponded to the immune-inflamed phenotype; and ICI Cluster C was characterized by an activation of innate immunity and upregulated PD1 expression that corresponded to the immune-exclude phenotype. So far, few studies have reported the PD1 and PDL1 expression levels among those three ICI phenotypes in BRCA. But, in the Head and Neck Squamous Cell Carcinoma, Xinhai Zhang et al. (13) revealed a consistent PD1 and PDL1 expression levels with our study. In addition, we observed that the abundances of activated CD4 T cells, CD56 dim natural killer cells, activated CD8 T cells, immature B cells, myeloid-derived suppressor cells, monocytes, and memory B cells were associated with a better OS, but the abundances of plasmacytoid dendritic cells and mast cells were related with a worse OS, which was consistent with previous studies (30, 36–38). However, the prognostic analysis showed a mismatching OS order with these three ICI phenotypes. Although the immune-exclude phenotype was also characterized by high immune cell densities compared with immune-inflame phenotype, the abundant surrounding stromal cells protected these immune cells against penetrating the parenchyma, which suppressed their antitumor effects (39). Compared with the immune-desert phenotype, the OS disadvantage of the immune-inflame phenotype should be attributed to upregulated PD1 and PD-L1 expression, which inhibits immune cellular activation and increases the developmental T-cell exhaustion (40, 41). The mismatching OS orders with these three ICI phenotypes also implied that the ICI phenotypes cannot absolutely predict the prognosis. The extensive genetic alterations of these three ICI phenotypes might affect tumor prognosis.

These genetic alterations in tumor tissues changed the original patterns of intercellular interactions of infiltrating immune cells, which disturbed the balance of immunity tolerance and activity (42). Therefore, we hypothesized that ICI phenotype-associated genes could be novel biomarkers to determine suitable therapeutic strategies for BRCA patients, so we performed DEGs analysis and consensus clustering for genotypes. We found that Gene Clusters B and C had favorable OS with intact antigen presenting cells, CD8 T cells, and CD4 T cells indicating an immune-hot phenotype (43, 44). In contrast, the sparse immune and stromal cell distributions in Gene Cluster A imply an immune-cold phenotype. In addition, we observed that a survival advantage with Gene Cluster C might be associated with its high immune score and low density of neutrophils, eosinophils, and mast cells. In line with previous studies, we found that immune-hot phenotypic patients with a survival advantage had upregulated PD1 and PD-L1 expression, implying that immune-hot phenotypic BRCA patients might benefit more from immunotherapy (34, 45). In the clinical practice, the immune cell abundances of each sample can be detected by the Flow cytometry directly or the methodology proposed at present study. Basing on the immune cell abundances detected in the clinical practice and the characterizations of each ICI phenotype or genotype we identified, the doctors could group the patients in the matched ICI phenotype or genotype we proposed.

Through a random forest algorithm, we identified 394 MRDEGs for these ICI genotypes. As expected, a survival advantage of BRCA patients with high ICI score was observed in the discovery cohort and validation cohort. This survival advantage profited from its high level of effector T-cell infiltration, INF-γ-related cytotoxicity, and cytokine activity. Importantly, a hierarchical survival analysis of the discovery cohort revealed that the prognostic role of ICI score was independent of therapy strategies. Recent studies have explored a correlation between gene mutation and response or tolerance to therapies (46–49). We also investigated the correlation between the ICI score and variant frequency in multiple genes. Consistent with previous studies, therapy-sensitive somatic mutation genes were remarkably reduced in BRCA patients with low ICI scores (13). The correlation between the ICI score and TMB was 0.0093. A hierarchical analysis revealed that the prognostic value of the ICI score was independent of TMB. A low correlation coefficient and different predictive values implied that the ICI score and TMB were two distinct aspects of tumor biology.

Currently, chemotherapy remains a primary strategy for BRCA. Thus, it is necessary to assess the predictive value of the ICI score for chemotherapeutic benefits in BRCA patients. Our data indicated that chemotherapeutic agents could not elevate the ICI score, but patients with high ICI scores benefited more from chemotherapies. This phenomenon should be attributed to immunosuppression of chemotherapeutic agents. For a long time, immunotherapies have not been considered to a suitable strategy for BRCA due to low immunogenic peptide presentation (50). The phase III Impassion 130 trial reported that immune checkpoint block gained promising clinical efficacy in extending survival time with BRCA patients, which news recaptured researchers’ attention (51). Despite a successful application of immunotherapies across a broad range of cancers, only a few patients could benefit from it. Even the issued guidelines with Society for Immunotherapy of Cancer had emphasized that a population suitable for immunotherapies should be further identified (52). Here, our data revealed that patients with high ICI scores benefited more from immunotherapies, which indicated that ICI scores could guide immunotherapies. Generally, the ICI score we developed could be a robust tool to guide individual treatments for cancer.

Our study also has several limitations. First, a PFS not OS confirmed the prognostic value of the ICI score in the validation cohort. Second, due to the absent of public BRCA immunotherapeutic cohorts, we validated the prognostic value with ICI score for immunotherapies using two melanoma cohorts. Third, a comprehensive study integrating ICI patterns, clinical information, and somatic mutation information was solely performed in the TCGA-BRCA cohort. However, the accessibility of these data to BRCA patients is insufficient in the validation cohort, thus, we failed to validate all of our findings in multiomics. Considering that these 967 TCGA-BRCA tumor samples could sufficiently contain all ICI patterns in the TME, we did not merge the RNA-seq datasets from different sequencing platforms to avoid batch effects. Last, we failed to perform RNA sequencing with an internal validation cohort for research funding limitations. Therefore, we included 1424 samples with complete information in the validation cohort to overcome this shortcoming. Further comprehensive studies integrating multiomics data are still prospective in this field.

In conclusion, by applying bioinformatics and multiomics analyses, we identified there ICI patterns and developed an ICI score to characterize the extensive immune cell-infiltrating TME for BRCA, which could precisely predict the clinical outcome and response to chemotherapy and immunotherapy.
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Supplementary Figure 3 | Clustering for ICI genotypes. Consensus matrix with 2 (A), 3 (B), 4 (C), 5 (D), and 6 (E) divisions for the TCGA-BRCA cohorts. (E) Scree plot with relative change in area under cumulative distribution function (CDF) curves. The elbow indicates that three divisions for the TCGA-BRCA cohorts were the best optimal.

Supplementary Figure 4 | Screening of MRDEGs. (A) The relationships between the predictive error rate and the number of trees with random forest. The three lines in different colors represent three distinct ICI genotypes. (B) The top 30 MRDEGs according to mean decreasing accuracy and decreasing Gini. (C) The landscape of these top 398 MRDEGs. The rows represent MRDEGs and the columns represent BRCA samples. (D) The bubble plot of GO functional annotations with MRDEGs.

  
Supplementary File 1 | The immune cells gene set.

  
Supplementary File 2 | Relative Fractions of tumor-infiltrating immune cells of 112 normal tissues and 968 tumor tissues with TCGA-BRCA patients.

  
Supplementary File 3 | Different expressional genes of these distinct ICI phenotypes.

  
Supplementary File 4 | The representativeness of DEGs with descending order by random forest algorithm and top 398 most representative DEGs expression level.

  
Supplementary File 5 | GO functional annotations with these top 398 most representative DEGs.

  
Supplementary File 6 | ICI score of TCGA-BRCA cohort, METABRIC cohort, immunotherapeutic cohorts, and chemotherapeutic cohorts.

  
Supplementary File 7 | The somatic gene mutations between high and low ICI groups with TCGA-BRCA cohort.



Abbreviations

BRCA, Breast Cancer; TME, Tumor microenvironment; ICI, Immune cells infiltration; ssGSEA, single sample gene set enrichment analysis; OS, overall survival; PFS, free progress survival; PCA, principal component analysis; CDF, cumulative distribution function; TMB, tumor mutation burden; DEGs, differential expressed genes; MRDEGs, the most representative differential expressed genes; TCGA, The Cancer Genome Atlas; GEO, Gene Expression Omnibus; AUC, Area under curve; ROC, receiver operating characteristic; PD1, Programmed cell death-1; PD-L1, Programmed cell death-ligand-1; MAGE-A3, Melanoma-associated antigen 3; METABRIC, Molecular Taxonomy of Breast Cancer International Consortium; RR, Responder rate; HR, Hazard ratio; CI, Confidence interval; GO, Gene Ontology; CC, Cellular components; BP, Biological processes; MF, Molecular functions; TILs, Tumor-infiltrating lymphocytes.



References

1. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer J Clin (2021) 71(3):209–49. doi: 10.3322/caac.21660

2. Becht, E, Giraldo, NA, Lacroix, L, Buttard, B, Elarouci, N, Petitprez, F, et al. Estimating the Population Abundance of Tissue-Infiltrating Immune and Stromal Cell Populations Using Gene Expression. Genome Biol (2016) 17(1):218. doi: 10.1186/s13059-016-1070-5

3. Spill, F, Reynolds, DS, Kamm, RD, and Zaman, MH. Impact of the Physical Microenvironment on Tumor Progression and Metastasis. Curr Opin Biotechnol (2016) 40:41–8. doi: 10.1016/j.copbio.2016.02.007

4. Del Prete, A, Schioppa, T, Tiberio, L, Stabile, H, and Sozzani, S. Leukocyte Trafficking in Tumor Microenvironment. Curr Opin Pharmacol (2017) 35:40–7. doi: 10.1016/j.coph.2017.05.004

5. Bi, G, Chen, Z, Yang, X, Liang, J, Hu, Z, Bian, Y, et al. Identification and Validation of Tumor Environment Phenotypes in Lung Adenocarcinoma by Integrative Genome-Scale Analysis. Cancer Immunol Immunother (2020) 69(7):1293–305. doi: 10.1007/s00262-020-02546-3

6. Erdag, G, Schaefer, JT, Smolkin, ME, Deacon, DH, Shea, SM, Dengel, LT, et al. Immunotype and Immunohistologic Characteristics of Tumor-Infiltrating Immune Cells are Associated With Clinical Outcome in Metastatic Melanoma. Cancer Res (2012) 72(5):1070–80. doi: 10.1158/0008-5472.Can-11-3218

7. Kulasinghe, A, Monkman, J, Shah, ET, Matigian, N, Adams, MN, and O'Byrne, K. Spatial Profiling Identifies Prognostic Features of Response to Adjuvant Therapy in Triple Negative Breast Cancer (TNBC). Front Oncol (2021) 11:798296. doi: 10.3389/fonc.2021.798296

8. Hu, S, Qu, X, Jiao, Y, Hu, J, and Wang, B. Immune Classification and Immune Landscape Analysis of Triple-Negative Breast Cancer. Front Genet (2021) 12:710534. doi: 10.3389/fgene.2021.710534

9. Risom, T, Glass, DR, Averbukh, I, Liu, CC, Baranski, A, Kagel, A, et al. Transition to Invasive Breast Cancer is Associated With Progressive Changes in the Structure and Composition of Tumor Stroma. Cell (2022) 185(2):299–310.e218. doi: 10.1016/j.cell.2021.12.023

10. Medrek, C, Pontén, F, Jirström, K, and Leandersson, K. The Presence of Tumor Associated Macrophages in Tumor Stroma as a Prognostic Marker for Breast Cancer Patients. BMC Cancer (2012) 12:306. doi: 10.1186/1471-2407-12-306

11. Barbie, DA, Tamayo, P, Boehm, JS, Kim, SY, Moody, SE, Dunn, IF, et al. Systematic RNA Interference Reveals That Oncogenic KRAS-Driven Cancers Require TBK1. Nature (2009) 462(7269):108–12. doi: 10.1038/nature08460

12. Zeng, D, Li, M, Zhou, R, Zhang, J, Sun, H, Shi, M, et al. Tumor Microenvironment Characterization in Gastric Cancer Identifies Prognostic and Immunotherapeutically Relevant Gene Signatures. Cancer Immunol Res (2019) 7(5):737–50. doi: 10.1158/2326-6066.Cir-18-0436

13. Zhang, X, Shi, M, Chen, T, and Zhang, B. Characterization of the Immune Cell Infiltration Landscape in Head and Neck Squamous Cell Carcinoma to Aid Immunotherapy. Mol Ther Nucleic Acids (2020) 22:298–309. doi: 10.1016/j.omtn.2020.08.030

14. Pereira, B, Chin, SF, Rueda, OM, Vollan, HK, Provenzano, E, Bardwell, HA, et al. The Somatic Mutation Profiles of 2,433 Breast Cancers Refines Their Genomic and Transcriptomic Landscapes. Nat Commun (2016) 7:11479. doi: 10.1038/ncomms11479

15. Davis, S, and Meltzer, PS. GEOquery: A Bridge Between the Gene Expression Omnibus (GEO) and BioConductor. Bioinformatics (2007) 23(14):1846–7. doi: 10.1093/bioinformatics/btm254

16. Ru, B, Wong, CN, Tong, Y, Zhong, JY, Zhong, SSW, Wu, WC, et al. TISIDB: An Integrated Repository Portal for Tumor-Immune System Interactions. Bioinformatics (2019) 35(20):4200–2. doi: 10.1093/bioinformatics/btz210

17. Hänzelmann, S, Castelo, R, and Guinney, J. GSVA: Gene Set Variation Analysis for Microarray and RNA-Seq Data. BMC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7

18. Kolde, R. Pheatmap: Pretty Heatmaps. (2019).

19. Wickham, H. Ggplot2: Elegant Graphics for Data Analysis. New York: Springer-Verlag (2016).

20. Wilkerson, MD, and Hayes, DN. ConsensusClusterPlus: A Class Discovery Tool With Confidence Assessments and Item Tracking. Bioinformatics (2010) 26(12):1572–3. doi: 10.1093/bioinformatics/btq170

21. Robinson, MD, McCarthy, DJ, and Smyth, GK. Edger: A Bioconductor Package for Differential Expression Analysis of Digital Gene Expression Data. Bioinformatics (2010) 26(1):139–40. doi: 10.1093/bioinformatics/btp616

22. Andy Liaw, MW. Classification and Regression by Randomforest. R News (2002) 2:18–22.

23. Yu, G, Wang, LG, Han, Y, and He, QY. Clusterprofiler: An R Package for Comparing Biological Themes Among Gene Clusters. Omics (2012) 16(5):284–7. doi: 10.1089/omi.2011.0118

24. Sotiriou, C, Wirapati, P, Loi, S, Harris, A, Fox, S, Smeds, J, et al. Gene Expression Profiling in Breast Cancer: Understanding the Molecular Basis of Histologic Grade to Improve Prognosis. J Natl Cancer Inst (2006) 98(4):262–72. doi: 10.1093/jnci/djj052

25. Obuchowski, NA, and Bullen, JA. Receiver Operating Characteristic (ROC) Curves: Review of Methods With Applications in Diagnostic Medicine. Phys Med Biol (2018) 63(7):07tr01. doi: 10.1088/1361-6560/aab4b1

26. Mayakonda, A, Lin, DC, Assenov, Y, Plass, C, and Koeffler, HP. Maftools: Efficient and Comprehensive Analysis of Somatic Variants in Cancer. Genome Res (2018) 28(11):1747–56. doi: 10.1101/gr.239244.118

27. Therneau, TM. A Package for Survival Analysis in R. (2021).

28. Kassambara, A, Kosinski, M, and Biecek, P. Survminer: Drawing Survival Curves Using 'Ggplot2’. (2021).

29. Fehrenbacher, L, Spira, A, Ballinger, M, Kowanetz, M, Vansteenkiste, J, Mazieres, J, et al. Atezolizumab Versus Docetaxel for Patients With Previously Treated non-Small-Cell Lung Cancer (POPLAR): A Multicentre, Open-Label, Phase 2 Randomised Controlled Trial. Lancet (2016) 387(10030):1837–46. doi: 10.1016/s0140-6736(16)00587-0

30. Rooney, MS, Shukla, SA, Wu, CJ, Getz, G, and Hacohen, N. Molecular and Genetic Properties of Tumors Associated With Local Immune Cytolytic Activity. Cell (2015) 160(1-2):48–61. doi: 10.1016/j.cell.2014.12.033

31. Rizvi, NA, Hellmann, MD, Snyder, A, Kvistborg, P, Makarov, V, Havel, JJ, et al. Cancer Immunology. Mutational Landscape Determines Sensitivity to PD-1 Blockade in non-Small Cell Lung Cancer. Science (2015) 348(6230):124–8. doi: 10.1126/science.aaa1348

32. McGranahan, N, Furness, AJ, Rosenthal, R, Ramskov, S, Lyngaa, R, Saini, SK, et al. Clonal Neoantigens Elicit T Cell Immunoreactivity and Sensitivity to Immune Checkpoint Blockade. Science (2016) 351(6280):1463–9. doi: 10.1126/science.aaf1490

33. Zielinski, C, Knapp, S, Mascaux, C, and Hirsch, F. Rationale for Targeting the Immune System Through Checkpoint Molecule Blockade in the Treatment of non-Small-Cell Lung Cancer. Ann Oncol (2013) 24(5):1170–9. doi: 10.1093/annonc/mds647

34. Uhercik, M, Sanders, AJ, Owen, S, Davies, EL, Sharma, AK, Jiang, WG, et al. Clinical Significance of PD1 and PDL1 in Human Breast Cancer. Anticancer Res (2017) 37(8):4249–54. doi: 10.21873/anticanres.11817

35. Fang, J, Chen, F, Liu, D, Gu, F, Chen, Z, and Wang, Y. Prognostic Value of Immune Checkpoint Molecules in Breast Cancer. Biosci Rep (2020) 40(7):45–58. doi: 10.1042/bsr20201054

36. He, Y, Jiang, Z, Chen, C, and Wang, X. Classification of Triple-Negative Breast Cancers Based on Immunogenomic Profiling. J Exp Clin Cancer Res (2018) 37(1):327. doi: 10.1186/s13046-018-1002-1

37. Ge, P, Wang, W, Li, L, Zhang, G, Gao, Z, Tang, Z, et al. Profiles of Immune Cell Infiltration and Immune-Related Genes in the Tumor Microenvironment of Colorectal Cancer. BioMed Pharmacother (2019) 118:109228. doi: 10.1016/j.biopha.2019.109228

38. Zeng, D, Ye, Z, Wu, J, Zhou, R, Fan, X, Wang, G, et al. Macrophage Correlates With Immunophenotype and Predicts Anti-PD-L1 Response of Urothelial Cancer. Theranostics (2020) 10(15):7002–14. doi: 10.7150/thno.46176

39. Joyce, JA, and Fearon, DT. T Cell Exclusion, Immune Privilege, and the Tumor Microenvironment. Science (2015) 348(6230):74–80. doi: 10.1126/science.aaa6204

40. Han, Y, Liu, D, and Li, L. PD-1/PD-L1 Pathway: Current Researches in Cancer. Am J Cancer Res (2020) 10(3):727–42.

41. Dolina, JS, Van Braeckel-Budimir, N, Thomas, GD, and Salek-Ardakani, S. CD8(+) T Cell Exhaustion in Cancer. Front Immunol (2021) 12:715234. doi: 10.3389/fimmu.2021.715234

42. Chen, DS, and Mellman, I. Elements of Cancer Immunity and the Cancer-Immune Set Point. Nature (2017) 541(7637):321–30. doi: 10.1038/nature21349

43. Hamanishi, J, Mandai, M, Iwasaki, M, Okazaki, T, Tanaka, Y, Yamaguchi, K, et al. Programmed Cell Death 1 Ligand 1 and Tumor-Infiltrating CD8+ T Lymphocytes are Prognostic Factors of Human Ovarian Cancer. Proc Natl Acad Sci U S A (2007) 104(9):3360–5. doi: 10.1073/pnas.0611533104

44. Hwang, ML, Lukens, JR, and Bullock, TN. Cognate Memory CD4+ T Cells Generated With Dendritic Cell Priming Influence the Expansion, Trafficking, and Differentiation of Secondary CD8+ T Cells and Enhance Tumor Control. J Immunol (2007) 179(9):5829–38. doi: 10.4049/jimmunol.179.9.5829

45. Sabatier, R, Finetti, P, Mamessier, E, Adelaide, J, Chaffanet, M, Ali, HR, et al. Prognostic and Predictive Value of PDL1 Expression in Breast Cancer. Oncotarget (2015) 6(7):5449–64. doi: 10.18632/oncotarget.3216

46. Burr, ML, Sparbier, CE, Chan, YC, Williamson, JC, Woods, K, Beavis, PA, et al. CMTM6 Maintains the Expression of PD-L1 and Regulates Anti-Tumour Immunity. Nature (2017) 549(7670):101–5. doi: 10.1038/nature23643

47. George, S, Miao, D, Demetri, GD, Adeegbe, D, Rodig, SJ, Shukla, S, et al. Loss of PTEN Is Associated With Resistance to Anti-PD-1 Checkpoint Blockade Therapy in Metastatic Uterine Leiomyosarcoma. Immunity (2017) 46(2):197–204. doi: 10.1016/j.immuni.2017.02.001

48. Kaur, RP, Vasudeva, K, Kumar, R, and Munshi, A. Role of P53 Gene in Breast Cancer: Focus on Mutation Spectrum and Therapeutic Strategies. Curr Pharm Des (2018) 24(30):3566–75. doi: 10.2174/1381612824666180926095709

49. Penson, RT, Valencia, RV, Cibula, D, Colombo, N, Leath, CA, Bidziński, M, et al. Olaparib Versus Nonplatinum Chemotherapy in Patients With Platinum-Sensitive Relapsed Ovarian Cancer and a Germline BRCA1/2 Mutation (SOLO3): A Randomized Phase III Trial. J Clin Oncol (2020) 38(11):1164–74. doi: 10.1200/jco.19.02745

50. Li, Z, Qiu, Y, Lu, W, Jiang, Y, and Wang, J. Immunotherapeutic Interventions of Triple Negative Breast Cancer. J Transl Med (2018) 16(1):147. doi: 10.1186/s12967-018-1514-7

51. Schmid, P, Rugo, HS, Adams, S, Schneeweiss, A, Barrios, CH, Iwata, H, et al. Atezolizumab Plus Nab-Paclitaxel as First-Line Treatment for Unresectable, Locally Advanced or Metastatic Triple-Negative Breast Cancer (IMpassion130): Updated Efficacy Results From a Randomised, Double-Blind, Placebo-Controlled, Phase 3 Trial. Lancet Oncol (2020) 21(1):44–59. doi: 10.1016/s1470-2045(19)30689-8

52. Cohen, EEW, Bell, RB, Bifulco, CB, Burtness, B, Gillison, ML, Harrington, KJ, et al. The Society for Immunotherapy of Cancer Consensus Statement on Immunotherapy for the Treatment of Squamous Cell Carcinoma of the Head and Neck (HNSCC). J Immunother Cancer (2019) 7(1):184. doi: 10.1186/s40425-019-0662-5




Conflict of Interest: The 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.


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

Copyright © 2022 Li. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fonc-12-844082-g004.jpg
1000 B
750
=
2
- g9
= fAlivg Status 4
2 500 Alive &
1 B v v 6
ea
3
N
250 s 3
£
z
0
0
Gene_cluster  ICI score Status
D
1.00
£
¢ z
= 075
S 2
]
@ £
2: S 0504 ---
= =
= 2
9 g 025
= 5
2 2}
5. 0.00-
=] 0
=
®]
g“inh 504
& Low 1462
0
ICI score
METABRIC PFS

=~ ICI score=High
== ICI score=Low

p=0.0027

Survival probability

o 100 200 300
Number at risk
o
& High {303 161 52 2
& Low 41120 530 158 2
0 100 200 300

Time

FeRR K sk okok LA
vk ek
H ek
. l i
' ¢ L +—|—
o ) >
& 0 © N & & o
S & § & & $ N
TCGA-BRCA OS E METABRIC OS
1.00 ~ICI score=High
=+ ICI score=High g =+ ICI score=Low
~+ ICI score=Low E i
£
2
_Q.' 0804 -------memeeo -
”””” s
=
-
5 oz
7}
0.00
2000 4000 6000 8000 o 100 200 300
Number at risk Number at risk
o
T wgn {308 175 62 2
18‘61 19 g ; 6 Low 41121 623 217 8
2000 T;ol:;e 6000 8000 o 100 Time 200 300
G subgroup
— PT+High
1 - PT+Low

ICI score * High B3 Low

LT

oy - RT+High

= ~ RT+Low

"% 0.75

S

=

= 0.

—_

s

>

=

>

— 0.2

=

wn

0.
0 2000 4000 6000 8000
Number at risk
£ premion 4 261 63 5 2 0
8 preLow { 221 43 10 4 2
¢y RT+High 243 48 5 3 1
RT+Low 241 43 7 2 1
0 2000 40.00 6000 8000






OEBPS/Images/fonc.2022.844082_cover.jpg
, frontiers ‘ Frontiers in Oncology

Tumor Microenvironment

Characterization in Breast
Cancer and an Immune Cell
Infiltration Score Development,

Validation, and Application





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Tumor Microenvironment Characterization in Breast Cancer and an Immune Cell Infiltration Score Development, Validation, and Application

      

        		

          Introduction

        



        		

          Methods

        

          		

            Data Accession

          



          		

            Evaluation of Immune Cell Abundances in the Discovery Cohort

          



          		

            Comparison of the TME Between Normal and Tumor Tissues in the Discovery Cohort

          



          		

            Clustering for ICI Phenotypes With the Discovery Cohort

          



          		

            Differentially Expressed Gene Analysis and Genotype Identification in the Discovery Cohort

          



          		

            Gene Ontology Functional Annotations and ICI Score Development

          



          		

            Somatic Genetic Variation Data Analysis With the Discovery Cohort

          



          		

            Genomic and Clinical Dataset Analysis With Application Cohorts

          



          		

            Statistical Analysis

          



        



        



        		

          Results

        

          		

            The TME Difference Between Tumor and Normal Tissues

          



          		

            Landscape of ICI Phenotypes With BRCA

          



          		

            Differentially Expressed Gene Analysis and Genotype Clustering

          



          		

            Immune Cell Infiltration Score Development and Validation

          



          		

            The Relationships Between the ICI Score and Somatic Genetic Variation

          



          		

            The Role of the ICI Score in the Prediction of Therapeutic Benefits

          



        



        



        		

          Discussion

        



        		

          Data Availability Statement

        



        		

          Ethics Statement

        



        		

          Author Contributions

        



        		

          Acknowledgments

        



        		

          Supplementary Material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-12-844082-g003.jpg
g
RO AR AU MMM (€1 Chuster
I Geno Cluster

T g Status
! Alive
i 2
Dead
| lstage
1&I0
0
IIII&IV
1 Gender

female
-2
male

-3

IC1_Cluster
Cluster_A
Cluster_B
Cluster_C

Gene_Cluster
Cluster_A
Cluster_B
Cluster_C

Gene_Cluster
— Cluster A
—— Cluster B

100 —— Cluster C
=
=
"g 0.75
=
(=}
=
B oosod oo
—_—
<
=
Log-rank
t 0.25- 2
= p =0.0061
w2
0.00-
0 2000 4000 6000 8000
Number at risk
Cluster_A 4437 76 15 6 3
Cluster_B 4341 79 6 1 0
Cluster_C 4188 42 6 4 1
0 2000 4000 6000 8000
Time (Days)
E

Normalizeg PD1 expression

Normalized PDL1 expression

4 o v 2 <
’ & 7 &7 &

& @ ‘ &
<3 °
> g\oé & o

5
& &
Gene_Cluster Gene_Cluster

Gene_Cluster *CIuster_A —Cluster_B * Cluster_C

Ere

wrwx g






OEBPS/Images/fonc-12-844082-g001.jpg
Normalized immune cell abundance

[ R G roup

i

|

| |
I
I

h|| ]

lf

T

i

1|

|| Central memory CD4 T cell

| Monocyte

Activated dendritic cell
Myeloid derived suppressor cell

[ ImmuneScore

Activated B cell

Activated CD8 T cell

Immature B cell

CD56 bright natural killer cell

Plasmacytoid dendritic cell

Eosinophil

Mast cell
Central memory CD8 T cell

| Natural killer cell
StromalScore

| Immature dendritic cell
Effector memory CD4 T cell
Effector memory CD8 T cell
Type 1 T helper cell
T follicular helper cell
Natural killer T cell
Gamma delta T cell
Regulatory T cell
Macrophage

| IIH Type 17T helper cell
| [ Neutrophil

| CD56 dim natural killer cell
Memory B cell
Activated CD4 T cell

Type 2 T helper cell

- Normal

P
wnn
. .
« e

s DS
H

wnn
P

Group

. Normal
. Tumor

- Tumor

P

§ **] paired t test, P < 0.0001
%

g

£ 0.

]

: §

SR X

= 1
@

8

S 5

£ i

=]

z

L
i

Tumor

Normal

paired t test, A >0.05

»

Normalized PDL1 expression






OEBPS/Images/fonc-12-844082-g005.jpg
3 B Gene Cluster + A« B . C c TMB — High — Low D — High ICI +High TVIB
* \ Subgroup __ gigh 1CT+Low TMB
Spearman correlation =0.093 Z : " -~ Low_ICI +HIgh TMB
2 E ‘E’ — Low_ICI+Low _TMB
o: =
o 2 '-c-: o7
g Z : z
h 1 ED‘ go
= = = y
X ﬁ 2 Logrank =
= = £°%1 p=0.0013 £
[} = [
E £ n =
-
) =) <2}
4 r4 0 2000 4000 6000 8000 o
- Number at risk ° 2000 4000 6000 8000
Wilcoxon test, P <0.05 Number at risk
TMB=High4741 143 20 8 2
2 ms=mw1225 54 7 3 2 A S 8 4
Low High 0 ICI 20 40 0 2000 4000 6000 8000 i !
ICI score score Time (Days) 0 2000 Tim??l)ays) 8000 8000
F
51 109
Altered in 404 (87.64%) of 461 samples. Altered in 463 (92.6%) of 500 samples.
0
Mmmwm 0 - it il M i oo o ool gull o
PIK3CA HIIFF-I H- i~ '33% N A TP53 (I IrﬂIIIIIIIIIIIIIIIIII | 46%
TP53 Jmmm I W 22% EEEEE ~PIK3CA I | .l 33%
GATA3 I I L) 00l 17% |- TN 1} [l 11 Il 19%
TIN| ] 1 I i B0 12% CDH1 [Il111] i I \ I |115%
MAP3K1 |1l [ n LD 111% I mucie| | || 1 [ i | | 8% Nousense_Mutation
CDH1 |1l WU (T 1% - 1. muca ||| 1l Il | | || 8% Missense_Mutation
mucie |1 |1 1 | A | I 1 o% e GATA3 I T [ [ 8% Feame SR Tas
KMT2C (| 111 1] Il T W | 8% Im kmrc| Il || R LI 7%
muc4 |1 (A ARV 7% . PTEN [ | \ [l [ 6% W g P
PTEN [ ] A | i \ 5% M HMCN1 | 1 T | || 6% g ™ Frameshinpa
MAP2K4 | | T e | 5% [l MAP3K1 | I 10 | | 6% W ™nFrameDda
RYR3 | | | 5% W RYR2 | [ | [[17] 6% [ ™ mFrametns
SYNE [[lllm I (T e 15% M USH2A ||l | | | | | 6% [l " oustop Mutation
DMD | ML R 4% MW muctz | [y [ 5% I e s
FLG | I | [ 4% W NCOR1 | Il | | | 5% MICI_Cluster
NCOR1 | [l |l | | | 4% M NEB | | 1 | |5% Ml m Cluster_A
RUNX1 | | | T IR 4% 1 SYNE2 Ll I \ 5% [ ™ Cluster_B
USH2A TN i | 4% ® FLG | | G | 5% M= Cluster_C
ARID1A | | T T 4% W FAT3 [ Il [ | | | 5% [l Gender
HMCN1 | | | | | | 4% M NE (1] \ (I (DY 5% M
RYR2 | 1] \ (4% W SYNET1 [ Ll 5% W
ZFHX4 I \ \ M 4% M| cCcDC168 (I [ | | 4% N
AKT1 AT | I T 3% MW ZFHX4 | [ I 4% 0
CSMD1 | | I [7113% W XIRP2 | | | | [ 4% N
SPTA1 T IR | 3% W LRP2 [l \ \ i Il 4% N
NEB [N \ AT 3% W RUNX1 | \ \ Il Il [l 4% W
FOXA1 || I I 3% M DNAH8 | | | [ iy 4% | W &IV
OLGA6LE | \ | I 3% N HUWE1 M \ \ [l 4% [ Gene Cluster
SPEN | A 3% M MXRA5 | | \ {1 | 4% § 3 Suster 4
T8X3 [l 1 Il | R | PKHD1L1 [ I I [ 4% N m Cluster_C
ICI_Cluster ICI_Cluster ICI_score
g;tel:der gtel:—der ® High
latus latus
Stage Stage N .Low
Gene_Cluster Gene_Cluster
ICI score ICI score






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





OEBPS/Images/M1.jpg
ICI score = SPCli - SPCl;





OEBPS/Images/fonc-12-844082-g006.jpg
ICI score

1
-

-2

N

ICI score

-1

GSE5462
Wilcoxon test, P >0.05

Before

After
Chemotherapy

GSE35640
Wilcoxon test, P <0.05

Nonresponder Responder

Response

Percentage weight

B GSE5462
chi-square test, P<0.001

- Nonresponder - Responder

100:
=

2 75
£
H
&
8

£ 50
@
£
-

25

o

Low High
ICI_score
F GSE35640

chi-square test, P < 0.0001

- Nonresponder - Responder
100

75

25

o

Low

High
ICI score

c GSE20181 D GSE20181
Wilcoxon test, P >0.05 chi-square test, P <0.05
i -Nomespouder - Responder
L]

=
o0
£ &
g 5
— =
o ]
- -
R
-9
Before After Low High
Chemotherapy ICI_score
G GSE91061 GSE91061
Paired t test, P =0.021 chi-square test, P <0.0001
0 3 2 - PD/SD - PR/CR
1
2
'q; 7
£ o
2 &
2 =
@] )
= 2
Y
A

Before

Anti—PD1

After

Low

ICI score

High





OEBPS/Images/fonc-12-844082-g002.jpg
o]

ICI1_Cluster
—~ Cluster_A JHRZI.I
= Cluster B

]HRZZ.ZB

3 Status

2 Alive
Dead

1 Stage

o L 1&I
&IV

1 Gender

2 female
male

z

HR=2.64

~ Cluster_C

IO I T T I ~  (Cl_Cluster
A 0 ML T Activated CD8 T cell

075
il ‘\ M"\ I“Hr‘ w‘V] i ‘H“I } HI‘\I i I II Iﬂ\‘ “Ii il I‘ WI:“M‘I ‘ I Central memory CDS T cell
o i \‘\)\ r”‘ ‘\u‘w QIH ! "’ 811 Acthated €A T cell
‘

r cell

||| Type 7'Ihepmmll

§ 1 Type2 T el -3
datory T cell Age
Activated B cell 90
TImmature B cell
"1 || Memory B cell

e
N
b

p=0.00019

Survival probability

| LN |

| qul {0 TARTHAE LY 3 Nanlla Killer cell !

| | VH [0 0] CDS6 bright natural Killer cell i

I “‘I Il ‘I\ I ‘\ il I‘ ’\ Hw |
4000

CDS56 dim natural killer cell 30
i 3 2000
il
‘F ICl Cluster Number at risk

] Bl I Niyelod derived suppressor cll
I AL
| 1 |
h\ "‘] Vﬁ ‘ i | HI1 | ” | 111 ‘I M: Il Clugter. 4 Gl & -1 464 » s ’ 4
acroj 4
”I M‘ I ‘“ Eosinophil Cluster_B
‘\

il u”
\\lﬁ‘w'(ulluu ‘h” I

il '
ol

I‘ e,

H\IWH

i

e
3
8

|| Activated dondl itic cell
(M ) \l Plasmacytoid dendritic cell
Immature dendritic cell

Lt o i I Central memory CD4 T cell -
A \‘ \\ 1(Fiy \!‘ ’\f 1l ) I‘\ H | Effector memory CD4 T cell
| \Hl L e R |, il \“
\‘ 1 I | \HH ]
ul‘\”m I MH H\H \
i H Il | mn“
| nu L
| | \
Natural killer
"\\‘
Cluster B | 425 85 2 1 0
i M;;‘o:lrle Cluster, C Cluster C o 78 14 2 1 0

| | T follicular helj
Wil
il
‘n m 1l "I”‘W Ng....n hil
i ‘H“lumhml“ I

T
4000
Time (Days)

T
2000

m’ ||| Gamma delta
I Type LT bl

u\ | \‘ \ \ -
‘L l ) Il \ | ‘{ I tromalS core 0
it \IUI\ \HI 1) \‘ ImmnneSmre

ICI_Cluster *Cluster_A ‘ Cluster_B ‘ Cluster_C

o

Normalized immune cell abundance

o
vp‘
S
[vd
Cell Type HR P E F
Activated CD4 T cell 068 Frer —e—
CD56 dim natural killer cell 04  wwere— ns Sdadiadiad
Activated CD8 T cell 075 o - 5 5 | e —
Immature B cell 0.76 == —_—— T " " 1 kb akadadad
Plasmacytoid dendritic cell 1.93 ** —_— K] ke bt g
Mast cell 132 * _ » D
Myeloid derived suppressor cell ~ 0.82 * —_— n 4 »
TmmuneScore 1 * 2 o 4
Activated B cell 0.84 = —_— a ‘Q-.
Activated dendritic cell 0.63 te——— 3 3
Monocyte 0.49 — o 3 o
Memory B cell 0.64 r—————— - 3
T follicular helper cell 126 ms a bt}
Central memory CD4 T cell  0.72 ns o =)
Immature dendritic cell 144 ns
Eosinophil 116 ns '8 2 o,
StromalScore 1 oms L]
Type 2 T helper cell 0.83 ns N )
Regulatory T cell 0.92 ns © N
Effector memory CD8 T cell  0.91 ns E 1 E
Type 1T helper cell 086  ms = 1
Neutrophil 11 ms ] E
Type 17 T helper cell 086  ms = H
Central memory CD8 T cell  0.89 ns 0 4
Gamma delta T cell 1.07 ns v ® G 0
Macrophage 095  ms
Effector memory CD4 T cell  1.09  ms e &7 & A 0(0 o\c’
CD56 bright natural killer cell 1.1 ns K4 g \o" 0:,‘ o\ o"‘
Natural killer cell 0.96 ns %) %) (&) I Iy oy
Natural Killer T cell 103 ns
o5 s 1 s ICI_Cluster ICIL_Cluster





