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Purpose

Immune checkpoint blockade (ICB) therapy has transformed the treatment of triple-negative breast cancer (TNBC) in recent years. However, some TNBC patients with high programmed death-ligand 1 (PD-L1) expression levels develop immune checkpoint resistance. Hence, there is an urgent need to characterize the immunosuppressive tumor microenvironment and identify biomarkers to construct prognostic models of patient survival outcomes in order to understand biological mechanisms operating within the tumor microenvironment.





Patients and methods

RNA sequence (RNA-seq) data from 303 TNBC samples were analyzed using an unsupervised cluster analysis approach to reveal distinctive cellular gene expression patterns within the TNBC tumor microenvironment (TME). A panel of T cell exhaustion signatures, immunosuppressive cell subtypes and clinical features were correlated with the immunotherapeutic response, as assessed according to gene expression patterns. The test dataset was then used to confirm the occurrence of immune depletion status and prognostic features and to formulate clinical treatment recommendations. Concurrently, a reliable risk prediction model and clinical treatment strategy were proposed based on TME immunosuppressive signature differences between TNBC patients with good versus poor survival status and other clinical prognostic factors.





Results

Significantly enriched TNBC microenvironment T cell depletion signatures were detected in the analyzed RNA-seq data. A high proportion of certain immunosuppressive cell subtypes, 9 inhibitory checkpoints and enhanced anti-inflammatory cytokine expression profiles were noted in 21.4% of TNBC patients that led to the designation of this group of immunosuppressed patients as the immune depletion class (IDC). Although IDC group TNBC samples contained tumor-infiltrating lymphocytes present at high densities, IDC patient prognosis was poor. Notably, PD-L1 expression was relatively elevated in IDC patients that indicated their cancers were resistant to ICB treatment. Based on these findings, a set of gene expression signatures predicting IDC group PD-L1 resistance was identified then used to develop risk models for use in predicting clinical therapeutic outcomes.





Conclusion

A novel TNBC immunosuppressive tumor microenvironment subtype associated with strong PD-L1 expression and possible resistance to ICB treatment was identified. This comprehensive gene expression pattern may provide fresh insights into drug resistance mechanisms for use in optimizing immunotherapeutic approaches for TNBC patients.
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Introduction

Triple-negative breast cancer (TNBC) is a term used to describe a subset of breast cancers (BCs) defined by their lack of expression of oestrogen receptors, progesterone receptors and human epidermal growth factor receptors (1, 2). The clinical management of TBNC, a highly heterogeneous disease, is a great challenge, due to high incidence rates of visceral TNBC metastases and a lack of recognized therapeutic targets. As compared with stage 1 TNBC patients, patients with stage II or III TNBC are at greater risk of disease recurrence and death, such that at 5 years post-diagnosis, the event-free survival rate is only about 71% and the overall survival rate is only about 77% (3).

Current strategies for predicting treatment outcomes and making treatment decisions are typically based on cancer cell histologic subtype and clinical parameters (e.g., disease stage, metastasis and tumor resectability). However, recently developed molecular profiling methodologies have enabled clinicians to quantitatively analyze tumors based on genome-wide gene transcription profiles, protein expression profiles and/or mutation profiles. In turn, use of these powerful methods has made it possible to define tumor subtypes more accurately and precisely in order to achieve improved prediction of therapeutic responses of specific tumor types to specific treatments. For example, Perou et al. utilized these methods to obtain gene expression-based cellular signatures that were used to classify BC cells into five intrinsic molecular subtypes: basal-like, normal-like, HER2-enriched, luminal A and luminal B. Notably, this classification scheme aligned with tumor subtype differences related to tumor cell origin and differential progression characteristics. Meanwhile, results obtained by another group identified three BC subtypes (1q/16q, amplifier and complex) based on gene copy number alteration (I) patterns (4).

It is well known that cancer initiation, progression and therapeutic resistance are influenced by genetic and epigenetic changes that, in turn, are influenced by crosstalk between tumor cells and the local tumor microenvironment (TME). In fact, TME immune cell infiltration is associated with improved BC patient clinical outcomes when infiltration occurs at high levels and thus can serve as a valuable prognostic marker (5, 6). In particular, higher CD8+ T cell infiltration levels are strongly associated with better overall survival (OS) in oestrogen receptor (ER)-negative BC patients (7, 8), while high-level immune cell infiltration has been associated with enhanced responses to adjuvant chemotherapy (9). In recent years, numerous studies have shown that transcriptome data can be useful for describing the TME (10–15). For example, results of several studies suggest that high TME expression of leukocyte-related genes is associated with lower BC recurrence risk (10, 13, 16, 17). Notably, results of recent meta-studies reported by Ali et al. and Bense et al. have provided insights into how specific immune cell types within the TME affect BC prognosis (10, 18). However, the role that host immunity plays in shaping clinical outcomes requires further clarification through more comprehensive analyses.

To date, ICB therapy has been used successfully to treat patients with melanoma and other cancers (19–22), with three US Food and Drug Administration (FDA)-approved therapeutic vaccines used currently in clinical settings (23). However, fewer than 15% of cancer patients respond to ICB, although increased survival of some patients with solid tumors has been reported after immunotherapeutic treatment (24). Meanwhile, clinical studies of ICB and vaccine therapies have shown no significant immune modulation-related effect on TNBC treatment outcomes or patient survival (25, 26), while promising results have been obtained in clinical trials of immunomodulators administered with other treatments. For example, results of one clinical study demonstrated that administration of anti-programmed cell death protein 1 (PD-1) monoclonal antibodies prior to tumor resection enhanced local and systemic antitumor immune responses (27). In addition, results of a phase II study of glioma vaccines administered with granulocyte-macrophage colony-stimulating factor, cyclophosphamide and bevacizumab showed improved patient survival (28). Moreover, results of related studies have shown that during tumorigenesis, cytokines increase cellular oncogenic potential by promoting epithelial-mesenchymal transitioning, angiogenesis, immunosuppression, metastatic niche development and therapeutic drug resistance, as well as widespread TME changes and activation of intracellular signaling pathways. Therefore, oncologic cytokine studies may provide important insights into tumor immunology and reveal potential applications for regulatory cytokine-chemokine therapies in cancer treatment (29).

The TNBC-associated TME, which is highly complex and heterogeneous, exerts unclear effects on TNBC immunotherapeutic efficacy. In this study, TME characteristics were identified using nonnegative matrix factorization (NMF)-based virtual microdissection analysis, which can rapidly deconvolute gene expression data from tumor cells, inflammatory cells, stromal cells and cytokines in large numbers of tumor samples (30). Using this strategy, we extracted transcriptomic signals associated with expression of immunosuppression-related genes within the TME by analyzing RNA sequencing (RNA-seq) data from 303 human TNBC samples. Results of this analysis were then used to identify and validate TNBC TME immune cell types with immunosuppressive molecular signatures that potentially contribute to ICB resistance. These results were then used to formulate patient prognosis models and clinical treatment plans based on multiple variables.





Materials and methods




Data download and processing

A total of three publicly available datasets derived from The Cancer Genome Atlas (TCGA), Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) and Gene Expression Omnibus (GEO) databases served as sources of data for study cohorts designated A, B and C, respectively. A survival prognosis model was developed based on the 303 TNBC patients of cohort A, of whom some patients were assigned to the early-stage group (I~II, 83 patients) for training and the remaining patients were assigned to the late-stage group (IIA~IV, 220 patients) for internal validation (31). To validate the established model, cohort B gene expression data (derived from METABRIC) derived from 154 paracancerous samples and 209 BC samples were employed (32). Thereafter, the survival prognosis model was validated for different TNBC subtypes by performing virtual microdissection analysis of cohort C data (accession number GSE16446) (33, 34) followed by survival analysis performed using Kaplan-Meier estimation analysis.





Identification of the immune depletion class using unsupervised clustering analysis

First, bulk RNA-seq-based gene expression profiles of the 691-patient training cohort were subjected to virtual microanatomical analysis using NMF in R using one of the most critical NMF parameters, the decomposition level r, to define the number of clusters. When r was set to 4, the highest co-occurrence correlation coefficient was attained and the TCGA training cohort dataset was efficiently deconstructed (Figure 1A). Based on this result, r was set to 4. Following the method used in a recently reported study, immune and stromal enrichment scores were determined using single-sample gene set enrichment analysis (ssGSEA) (35, 36), which was bundled in GSVA to enable the identification of immune-related and stromal-related expression profiles (15). Once the immune and stromal cell enrichment scores were combined with the four NMF-identified clusters (numbered 1-4), we noticed that cluster 1 yielded stronger enrichment scores than the other clusters. As a result, cluster 1 was considered to be the “immune stromal cluster” within this context (37).




Figure 1 | Identification and molecular characterization of IDC. (A) Heatmap of gene expression clusters and distinct expression patterns of 691 early-stage (III) TNBC samples from unsupervised NMF. (B) Matrix and immune enrichment scores for clusters of four expression patterns. High and low gene enrichment scores are depicted in purple and orange, respectively. (C) Enrichment fractions of gene signatures identify immune stroma and other clusters of immune cells. (D) CIBERSORT-inferred absolute fraction of TME cells compared between the two classes. (E) Box plot showing the difference in Leukocyte fraction between the two classes. (F) Box plots showing differences in the expression levels of various inhibitory receptors in rest clusters and in the immune and stromal cluster. (G) Histogram of the percentage of immune cells in each sample. (H) GSEA analysis reveals that IDC shows significant enrichment of marker gene sets related to immune cell metabolic processes. (I) KEGG pathway functional grouping network by ClueGO/CluePedia. Colorless and colored nodes represent metagene-specific genes and KEGG pathway terms, respectively. Node colors represent different functional groups. Node size represents the importance of KEGG pathways. The more important the KEGG pathway, the larger the highlighted node. All statistical differences between the two categories were compared using the Wilcoxon rank sum test. ns, >0.05; *P< 0.05; 0.01; ***P< 0.001.



Second, numbers of certain types of immune cells present within immune stromal cluster tumors were studied by collecting data signals representing various immune cell subtypes while enrichment scores were determined according to ssGSEA-derived expression profiles. To evaluate the number of individual immune cells within the immune stromal clusters, enrichment fractions of 28 immune cells were merged with the clusters. Next, absolute fraction data of 22 infiltrating immune cells that were predicted by the CIBERSORT algorithm (according to gene expression patterns) were collected from the TIMER database (http://timer.cistrome.org/infltration estimation for tcga.csv.gz). Thereafter, leukocyte fraction data (TCGA all leuk estimate.masked.20170107.tsv) obtained from Thorsson et al. (https://gdc.cancer.gov/about-data/publications/panimmune) were used to determine DNA methylation-based signatures (38). Leukocyte fraction data were then obtained here based on analysis of images of TCGA tumors (including TNBC tumors) that can be found in the Supplementary Table (Table S1) of the Saltz study (39). To confirm lymphocyte enrichment within the immune stromal clusters, the immune-stromal class data were compared to that of the remaining clusters.

Finally, multiple inhibitory receptor expression profiles were analyzed that revealed immune stromal clusters that overexpressed multiple inhibitory receptors, of which a large proportion of signatures associated with T cell depletion were found to be enriched. As a result, the patients within the immune stromal cluster was designated as the IDC, while the remaining population was designated as the resting class.





Validation of the late-stage IDC to confirm immune cell depletion

To confirm the presence of an immune-depleted state in advanced TNBC patients, the abovementioned methodologies for evaluating RNA-seq-based bulk gene expression profiles of the 619 early-stage TNBC samples were used to analyze corresponding profiles for the 210-sample late-stage cohort. Ultimately, four clusters were identified for the late-stage TNBC cohort (as for the early-stage TNBC cohort). Of these, cluster 2 yielded higher immune cell, stroma and TEX-related signature enrichment scores after signature enrichment scores from late-stage samples of the early TNBC cohort were incorporated while calculating the late-stage cohort signature enrichment score. As a result, cluster 2 was selected to be the IDC of the advanced TNBC group. After proportions of immunological cells and white blood cells and expression levels of various inhibitory receptors were compared between IDC and resting groups, gene set enrichment analysis (GSEA) was conducted to assess enrichment levels of markers and pathways then IDC scores were calculated based on ssGSEA of enrichment scores of 157 deficient immune function-related genes obtained during the training phase. The predictive potential of IDC scores was assessed using receiver operating characteristic (ROC) analysis.





Correlations between IDC and resting class PD-L1 and TGF-β expression and the ICB response

Patient ICB treatment responses were predicted using the Tumor Immune Dysfunction and Exclusion (TIDE) algorithm. To investigate IDC patient responses to ICB treatment, programmed death-ligand 1 (PD-L1) expression was compared between IDC and resting classes. Higher TIDE prediction scores were generally associated with worse ICB responses.

According to Mariathasan et al., the cytokine transforming growth factor-β (TGF-β encoded by TGFB1) inhibits antitumor immunotherapies (40). By contrast, therapeutic co-administration of anti-TGF-β blockade-inducing antibody and anti-PD-L1 antibody reduced TGF-β signaling in stromal cells, promoted T cell infiltration into the tumor center and stimulated strong antitumor immunity and tumor regression. Taken together these observations suggest that TGF-β acts by limiting T cell infiltration of the TME to thereby suppress antitumor immunity. Therefore, detection of TGF-β in TNBC patient tumors correlates with resistance to antitumor immunotherapies.





Construction of clinically relevant prognostic models

The R language LIMMA package was used to identify differentially expressed genes between immune cell-deficient TNBC and other TNBC samples and univariate COX regression analysis was performed (41). Thereafter, least absolute shrinkage and selection operator (LASSO) regression analysis was conducted to identify significant genes associated with survival for use in building a risk prediction model. The formula for calculating the risk score was as follows:

 

where coefi is the coefficient and X is the normalized count for each gene. Based on the median risk score, we assigned patients to high-risk and low-risk survival-based groups. To test the model, follow-up TNBC data obtained from TCGA and metabric databases were used as training and test datasets, respectively. The reliability of the risk scoring model was assessed by within-group validation based on survival curves plotted based on training and test datasets then 1-, 3- and 5-year survival rates of patients were predicted based on the model. Thereafter, risk scores and clinical characteristics were evaluated together to obtain clinical information related to TNBC patient survival and prognosis followed by the creation of a forest plot of clinical prognostic factors.





Correlation of drug sensitivity with TNBC gene expression profile

Drug response and drug-targeting pathway information were obtained by searching the Cancer Drug Sensitivity Genomics (GDSC) website (https://www.cancerrxgene.org/). Next, sensitivity data of two TNBC cell lines to different drugs were obtained then the pRRophetic package in R language was used to predict drug sensitivities of different TNBC cell phenotypes as based on gene expression data (42). These results were then used to generate risk scores for different drugs as a basis for clinical drug selection.





Reverse transcriptase-PCR Analysis

Human breast cancer paracancerous cell line (MCF-10A) and human triple-negative breast cancer cell line (MDA-MB-453, MDA-MB-231) were purchased from Shangcheng North Na Chuanglian Biotechnology Co., LTD. MCF-10A was combined with MDA-MB-453 and MDA-MB-231 respectively constructed control groups to analyze the expression differences of PDCD1 and TGFB1 in different triple-negative breast cancer cell lines and normal breast cell lines. Total RNA was extracted using the Redzol kit from Beijing SBS Gene Technology Co., Ltd., and was extracted according to the instructions.

The forward primer sequence is TGFB1: F-5’-TTGACTTCCGCAAGGACCTC-3’, the reverse primer sequence is TGFB1: R-5’-ATCCGCAGTCCTCTCTCCAT-3’, and the product length is 421bp; PDCD1: F-5’-TGACTTCCACATGAGCGTGG-3’, the reverse primer sequence is PDCD1: R-5’-GCTCCTATTGTCCCTCGTGC-3’, and the product length is 294bp. qRT-PCR was performed using the SYBR® Premix Ex Taq™ II (Takara, Shiga, Japan) Kit and a StepOnePlus Real-Time PCR instrument. Briefly, the mixture contained SureScript RTase Mix (20×) 1 μL, SureScript RT Reaction Buffer (5×) 4.0 μL, Total RNA 1 μg and dd HO (RNase/DNase free) supplemented to 20 μL, then sealed the cDNA with a transparent sealing film Array, mix well, spin off for 5s, 5 min at 25°C, 15 min at 42°C, 5 min at 85°C, keep at 4°C, and store the product at -20°C. qRT-PCR reactions were performed on a LightCycler 96 Real-Time PCR System (Roche Diagnostics, Indianapolis, IN). The reaction mixture was activated at 50°C for 2 min, pre-denatured at 95°C for 10 min, and then subjected to 40 cycles of amplification reactions at 95°C for 15 s and 60°C for 30 s. Finally, LightCycler 96 software (version 1.1.0.1320, Roche) was used for the collection and analysis of qRT-PCR data. With β-actin as an internal reference gene, the relative expression of mRNA was calculated by 2-ΔΔCt method.





Statistical analysis

R (version 4.2.1, http://www.rproject.org) was used for statistical discrete analysis. The Wilcoxon rank sum test for continuous data was used to correlate IDC and the remaining categories with tumor-infiltrating lymphocyte (TIL) percentage, mutation number and neoantigen number. Overall survival (OS) data were analyzed using Kaplan-Meier estimates and log-rank testing. To discover variable combinations, we included all clinicopathological factors in the Cox model. P-values of ≤0.05 were considered statistically significant. Pearson’s correlation was used to assess the strengths of two-variable linear relationships. Maftools, which enables the visualization and analysis of somatic mutations and calculation of total somatic mutation numbers (43), was used to determine differences in numbers of mutations between the IDC and other classes. Genomic mutation data of all 303 TNBC tumor samples were obtained from the TCGA database.






Results




Identification and characterization of a novel TNBC IDC immunosuppressive signature

NMF analysis was performed on the large number of RNA-seq-based gene expression profiles that were obtained for 691 TNBC samples in the training cohort then TEX-associated TME transcriptome signals were extracted. The training cohort dataset was clearly divisible into four patient clusters (Figure 1A). TNBC patients in cluster 1 had high immune and stromal enrichment fractions as assessed by ssGSEA and batch RNA-seq-based gene expression profiling, indicating considerable enrichment of immune cell and stromal feature gene expression signatures. This cluster, hereafter referred to as the immunological stromal cluster (Figures 1B, C), was subsequently found to possess a high density of immune cell signatures (Figure 1D) associated with immune cell subsets such as M2 macrophages, B cells, CD8+ T cells and eosinophils. Furthermore, the immune stromal cluster possessed a considerably greater proportion of leukocytes, as estimated from DNA methylation data, than did the other clusters (Figure 1E). Numbers of TILs detected during pathological examinations of images of tumors were also considerably higher in the immune stromal class than in the other clusters (Figure 1F). After the enrichment of immune cells in the immune stromal class was confirmed, absolute proportions of immune cells in the immunological stromal class and remaining clusters were compared using CIBERSORT analysis of batch RNA-seq data (Figure 1G).

To investigate TEX signaling function in TNBC, expression levels of several inhibitory receptors of immune system receptors, including CTLA-4, PDCD1 (also known as PD-1), BTLA, LAG3, TIGIT, HAVCR2 (also known as TIM-3), SIGLEC7, IDO1 and VISTA, were measured. Based on results of inhibitory receptor expression analyzes and enrichment scores for the TEX signaling gene set, a novel IDC subpopulation of the immune stromal cluster was identified that accounted for 21.4% of the population of the training cohort (Figure 1H). The resting class was defined as the resting subpopulation of the training cohort.

To define IDC-associated molecular markers, GSEA based on gene expression profiles of the training cohort was conducted that led to the identification of six marker gene sets that were enriched in the IDC molecular signature, with especially high enrichment noted for immunocytokine-related pathways and markers. Previously reported research results indicated that exhausted T cells can undergo apoptosis, as consistent with results obtained here showing that apoptotic markers were considerably elevated in the IDC of the early-stage TNBC cohort as evidence of severe T cell depletion. Results obtained using NMF analysis of IDC gene expression patterns led to the identification of 273 metagenes (sets of genes with coordinated expression) that after ClueGO network analysis were grouped into Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway networks that revealed their biological functions (Figure 1I). The majority of genes within these metagenes were functionally linked to cytokines and associated molecules that mediate immunological and inflammatory responses. These 76 immune function-related genes, which included members of the immunoglobulin superfamily (CDH9 and CDHR3), interleukin receptor molecules (IL9, IL19, IL13RA1 and IL12RB2) and cytokines (CD70 and CD276) were then utilized to validate TNBC patient immunological exhaustion (Supplementary Tables S2, S3). Taken together, these results demonstrated that we effectively identified an IDC gene expression pattern indicating severe T cell depletion within the TME of some TBNC patients.





Internal validation of the late-stage TCGA TNBC IDC immunosuppressive molecular signature

We conducted NMF analysis of bulk RNA-seq-based gene expression profiles of TCGA late-stage samples to confirm the presence of reduced immune classes in the TNBC TME, with results of NMA leading to identification of four clusters (Figure 2A). When these clusters were combined with ssGSEA-calculated feature enrichment scores and bulk RNA-seq-based gene expression profiles, cluster 1 was found to possess higher stromal and immune enrichment scores than the other clusters (Figure 2D). Along with other TEX-related cytokine indicators, these features were considerably enriched (Figures 2B, C). As a result, cluster 1 was designated as the IDC of the TGCA samples, as consistent with observed co-upregulation within this cluster of numerous inhibitory receptors (Figure 2E) that were enriched for Gene Ontology (GO) functional terms leukocyte migration, positive regulation of the MAPK cascade, cell chemotaxis, positive regulation of cell adhesion, cellular divalent inorganic cation homeostasis, positive regulation of cell adhesion, calcium ion homeostasis, cytokine-mediated signaling pathway, cellular calcium ion homeostasis and positive regulation of cytokine production (Figures 2D, E). Notably, ROC curve-based results (Figure 2F) confirmed that the 167 depleted immune function-related genes may be useful for predicting the presence of IDC immunosuppressive signatures in TMEs of individual TNBC patients.




Figure 2 | Internal validation of IDC in late stage TCGA-TNBC samples. (A, B) Consensus clustering for the late stage TCGA-TNBC. (C) The comparison of the absolute fractions of TME cells inferred by CIBERSORT between two classes. (D) Kegg pathway enrichment visualization in immune depletion Classifer Genes. (E) Boxplots shows the different expression levels of multiple inhibitory receptors between two classes. (F) ROC curve evaluated the predictive capacity of 157 immune depletion classifer genes in late stage TCGA-TNBC samples. (G) Box plots show the differences of leukocyte fraction between two classes. All statistical differences of two groups were computed by Wilcoxon rank-sum test; *P< 0.05; **P< 0.01; ***P< 0.001.







Poor prognosis of TNBC patients with immunosuppressive IDC signatures

In order to explore the utility of reduced immune function status for predicting TNBC patient prognosis, we correlated categories with clinicopathological factors. Previous studies had linked high-density TILs with better outcomes, such as improved overall survival (OS) (44, 45). Here, IDCs of both early and advanced TNBC patients possessed higher proportions of TILs than did IDCs of other patient categories. However, Kaplan-Meier estimates of early and advanced TNBC OS rates revealed significantly lower OS rates in patients with TME IDC immunosuppressive signatures than in TMEs of the resting group (P< 0.0001; Figures 3A, B), while in both early and advanced TNBC, multivariate survival analysis conducted using Cox regression models showed that the IDC immunosuppressive signature was an independent predictor of OS (P< 0.001). (Figures 3E, F). Finally, the prognostic value of IDC immunosuppressive signatures in TCGA and GEO cohorts of TNBC patients in all disease stages were studied. As expected, IDC patients had worse OS than the resting groups (Figures 3C, D). Taken together, these findings suggest that although T cells are abundant in IDCs, most of these T cells have lost effector functions for limiting tumor growth, resulting in a state of immunosuppression that leads to continued tumor growth and poor prognosis. Survival data also confirmed that IDC signatures of patients with late-stage TNBC exhibited more pronounced T cell depletion than those of early-stage TNBC patients.




Figure 3 | Prognostic analysis of different stages of IDC and rest types of TNBC. (A, C) Kaplan-Meier estimates of overall survival for IDC and rest classes of advanced, early, and persistent TNBC. (D) Kaplan-Meier estimates of overall survival for IDC and rest classes of TNBC in the gse16446 dataset. P-values were calculated using the log-rank test. (E, F) Multivariate and univariate Cox regression analysis (group, tumor stage, and age) for full-stage TNBC.







The IDC immunosuppressive signature correlates with immunotherapy resistance

Treatment of cancer patients with therapeutic antibodies targeting the PD-L1 pathway can elicit long-lasting, robust responses. However, efficacies of such treatments are frequently reduced due to the emergence of drug resistance. To study the response of the IDC group to ICB treatment, we compared PD-L1 expression levels between IDC and resting patient groups and found that PD-L1 expression levels were higher in the early IDC group than in the resting group (Figures 4A, B). Next, use of the Tumor Immune Dysfunction and Rejection (TIDE) algorithm to predict ICB treatment responses revealed that both early and advanced TNBC IDCs had higher TIDE prediction scores than did the other categories (Figures 4C, D), such that a higher TIDE prediction score indicated a worse ICB response. Importantly, TGFβ1 was expressed at a lower level in resting classes than in IDCs (Figures 4E, F), which is consistent with results obtained by Mariathasan et al. that indicated the cytokine TGF-β (encoded by TGFβ1) suppresses effects of antitumor immunotherapy (46). Taken together, these results suggest that the IDC immunosuppressive signature has a ICB therapy resistance.




Figure 4 | Prediction of resistance to ICB therapy. (A, B) Different expressions of PD-L1 expression levels in different stages of IDC patients. (C, D) Different expression of TIDE predictive score for each stage of ICB treatment. (E, F) Different expression of TGFb1 in IDC and rest classes.*: *P< 0.05; ***P< 0.001.



Considering that tumors that escape immune editing in cancer patients often express molecules that suppress the antitumor immune response, such as PD-L1 (also known as B7-H1), indoleamine 2,3-dioxygenase (IDO) and others, here expression levels of these molecules were correlated with TGF-β expression using Pearson correlation analysis. As expected, expression levels of these molecules were positively correlated with TGFβ1 mRNA expression levels (Figures 5A–I), thus suggesting that IDC patients remain in an ICB-unresponsive state, despite higher PD-L1 expression levels and that anti-PD-L1 therapies. In addition, these results suggest that in vivo antitumor response molecules play key roles in this process.




Figure 5 | Expression correlation of TGFβ1 and immune checkpoint-related genes in TNBC patient samples. (A) CTLA4, (B) PDCD1, (C) LAG3, (D) BTLA, (E) TIGIT, (F) HAVCR2, (G) IDO1, (H) SIGLEC7, (I) VISTA.







IDC molecular signatures possesses no significant tumor mutational differences

Due to the fact that genomic mutations occurring in tumors are strongly associated with immunotherapy outcomes, we explored the landscape of commonly mutated genes between TNBC IDC and resting class molecular signatures. In the TCGA cohort, censorship mutations were the most common TNBC mutations detected (Figure 6A), of which most mutations were SNPs (Figure 6B) that most often contained C>T base substitutions (Figure 6C). The ten genes with the highest mutation frequencies were TP53, USH2A, AHNAK, PIK3CA, NOTCH1, MUC16, DNAH5, DNAH11, AHNAK2 and AKAP9 (Figure 6D), with no significant differences in individual gene mutations observed between IDC and resting group signatures (Figure 6E). These results thus suggest that somatic mutations are not significantly associated with immunosuppressive TME status.




Figure 6 | Association of IDC with somatic mutations. (A, B) Summary of mutation information for TNBC samples in the TCGA database. (C) Summary of variant Classification within TNBC. (D) Top 10 triple negative breast cancers mutated genes. (E) The landscape of most frequently mutated genes between the IDC and the rest class in TNBC.







Construction and validation of the prognostic model

Ultimately, a total of 211 differentially expressed genes associated with survival were identified (Figure 7A, Supplementary Table S4). The univariate Cox regression algorithm was used to initially obtain 150 genes related to TNBC patient prognosis then hazard ratios (HRs) and P values of these genes were calculated (Supplementary Table S5). Next, we constructed risk models using the LASSO algorithm that ultimately led to the identification of 45 prognostically relevant genes (Figure 7B). These genes were then used to construct risk score-based models based on training (n = 303) and test (n = 211) datasets obtained from TCGA-TNBC and metabric TNBC patients, respectively. Results of survival analysis revealed that higher risk scores in training and test sets corresponded to poorer survival (P< 0.0001) (Figures 7C–F). Time-dependent ROC curves were generated and used to assess the sensitivity of the prognostic model. Results obtained for the areas under ROC curves (AUCs) revealed 3-, 5- and 10-year AUCs for the training set of 0.768, 0.794 and 0.746, respectively (Figure 7G), and corresponding AUCs for the test set of 0.599, 0.656 and 0.689, respectively (Figure 7H). Additionally, multivariate Cox regression analysis was conducted to assess whether clinical characteristics, such as age, cancer stage, TNM stage and risk scores were independent factors related to TNBC patient prognosis (Supplementary Figure S2). We found that age, tumor stage and risk score were independent prognostic factors for both training and test sets of TNBC patients. Notably, more high-risk patient molecular signatures contained IDC signatures (Figure 7I), suggesting that immune system failure may be responsible for poor survival of high-risk patients.




Figure 7 | Construction and validation of the risk score. (A) Volcano plot of differentially expressed genes between IDC and rest class samples, blue indicates down-regulated expression and red indicates up-regulated expression. (B) Lasso regression analysis and multivariate stepwise Cox regression analysis for identification of the immune risk signature. (C, E) Kaplan-Meier curves of training set (p<.001, log-rank test) and test set (p<.001, survival rate comparison). (D, F) Association between patient survival and increased risk score. (G, H) Time-dependent receiver operating characteristic (ROC) of training and test sets. (I) Proportion of IDC and rest class in high and low risk patients.







IDC immunosuppressive signatures can be useful for predicting the chemotherapeutic response

The R package “pRRophetic” was used evaluate high-risk and low risk patient IDC, and resting class groups for chemotherapeutic responses and resistance. Figure 8 shows drug sensitivity results for three types of triadic breast cancer cell lines to eight anti-cancer therapy drugs (sorafenib, gefitinib, bleomycin, bosutinib, etoposide, lenalidomide, camptothecin, methotrexate). Statistical analysis showed that, except bleomycin, the IC50 level of resting grade patients was higher than that of IDC patients. Sensitive (Figures 8A–H). In addition, for the risk group Sorafenib, the low-risk group had a higher score, while for Bosutinib and Camptothecin, the low-risk group had a lower score (Figures 8I–P).




Figure 8 | (A–H) The violin plot shows that drug sensitivity prediction score(Sorafenib, Gefitinib, Bleomycin, Bosutinib, Etoposide, Lenalidomide, Camptothecin, Methotrexate) are distributed differently among groups. (I–P) The violin plot shows that drug sensitivity prediction score(Sorafenib, Gefitinib, Bleomycin, Bosutinib, Etoposide, Lenalidomide, Camptothecin, Methotrexate) are distributed differently among risk groups; ns: no significance; *: P < 0.05; ***: P < 0.001.







TNBC gene expression level verification via quantitative reverse transcription PCR

Expression levels of selected genes were determined using qRT-PCR to confirm their reliability. As shown in Figures 9A, B, the results for all mRNA transcripts showed that they were expressed at significantly higher levels in the two TNBC tumor cell lines (MDA-MB-231, MDA-MB-453) than in the adjacent normal cell lines.




Figure 9 | The mRNA expression of TGFB1 (A) and PDCD1 (B) in a TNBC cell lines and the adjacent cell lines. ***P< 0.001.








Discussion

The rise of immunotherapy in recent years has revolutionized TNBC treatment by significantly improving overall patient survival. Nevertheless, high PD-L1 expression levels detected in more than half of TNBC patients indicate that their tumors are resistant to immune checkpoint inhibitors (47), while side effects of these inhibitors are common. Although our understanding of mechanisms underlying ICB resistance is extremely limited, data obtained to date suggest that an immunosuppressive TME comprised of tumor cells, immune cells and other stromal components may be involved in ICB resistance (48). Consequently, identification of ICB-resistant TNBC patients and optimization of immunotherapeutic protocols will require characterization of immunosuppressive TMEs at the molecular level.

In this investigation, NMF was utilized to deconvolve gene expression patterns of TME TEX, immune cells and stromal elements as derived from TNBC datasets. Our results led to the successful discovery of a new immunosuppressive TNBC category comprising 21.4% of TNBC patients. In contrast to IDCs observed in head and neck squamous cell and liver cancers (49, 50), TNBC IDCs possessed greater immunological and stromal enrichment scores, indicating the presence of numerous immune cell and stromal components. As expected, IDC classes exhibited particular characteristics, such as significant immune cell infiltration, co-upregulation of several inhibitory receptors, increased expression of immunosuppressive cytokines and elevated PD-L1 expression. Among TME-infiltrating immune cells, tumor-associated M2 macrophages and T cells have been reported to act as immunosuppressive cells that play important roles in immune evasion and reduction of ICB therapeutic efficacy (51, 52). Meanwhile, IDCs have been found to be widely distributed across different tumor stages, but may differ in levels of T cell depletion between early (stage I-II) and advanced (stage III-IV) TNBC samples. In fact, results of a previous study showed that severely depleted T cells may undergo apoptosis (53), as consistent with results of this study showing that apoptotic marker gene sets were enriched in late-stage IDC but not in early-stage IDC. Thus, the late-stage TNBC IDC immunosuppressive signatures are associated with higher levels of T cell exhaustion as compared to those of the early-stage TNBC IDCs.

Results of a previous study suggested that significant tumor mutational and neoantigen burdens correlated with the ICB therapeutic response (54). Surprisingly, mutational burden did not correlate with IDC or substantial lymphocytic infiltration in our study. In addition, TNBC tumor genetic variations (mutation and neoantigen burdens) between IDC and resting classes were similar to corresponding burdens observed for other malignancies, such as head and neck squamous cell and hepatocellular carcinomas (49, 50), thus suggesting that tumor-intrinsic mutations may not contribute to the immunosuppressive TEM phenotype. Moreover, resilience of IDCs was successfully validated from various viewpoints, although this result must be validated in TNBC patients treated with ICB. Furthermore, our results underscore the fact that a greater understanding of molecular properties of immunosuppressive TMEs is essential before successful immunotherapeutic treatments can be developed to reverse TEX and treat TNBC. In summary, here we defined IDC immunosuppressive signatures that permitted us to construct prediction models that may improve predictions of TNBC patient survival and assist clinicians in selecting appropriate immunotherapeutic treatments for individual TNBC patients.

Mariathasan’s research results have shown that therapeutic antibodies that block PD-1 and PD-L1 pathways can induce robust and durable responses in patients with various cancers (40). However, efficacies of these treatments are reduced when a fibroblast TGF-β signaling signature is detected, which is especially common in patients with tumors in which CD8+ T cells are excluded from the tumor parenchyma but are found in fibroblast-rich, collagen-rich peritumoral stroma. For such patients, we found that administration of a combination therapy consisting of TGF-β blockade and anti-PD-L1 antibody reduced TGF-β signaling in stromal cells, promoted T cell infiltration into the tumor center and triggered robust antitumor immunity and tumor regression. Taken together, these results indicate that TGF-β shapes the TME by limiting T cell infiltration to suppress antitumor immunity, a conclusion that was further supported by additional results obtained here showing up-regulated co-expression of TGFB1 and PDCD1 in TNBC cell lines.

As final considerations, more clinical data on TNBC patient responses are needed to validate our findings, while further explorations of potential applications of IDC immunosuppressive signatures are needed toward improving selection of cancer immunotherapy regimens and improving efficacies of these treatments. Furthermore, research studies exploring effects of targeted treatments on patient outcomes in clinical practice are needed that should include more comprehensive characterization of IDCs and their effects on TNBC patient therapeutic outcomes.





Conclusion

In conclusion, we identified an immunosuppressive class, accounting for approximately 21.4% of TNBC patients, that exhibited potential resistance to ICB therapy and the unique immunosuppressive molecular signature of TME. Our findings provide new insights into understanding the molecular mechanisms of resistance to ICB therapy and tailoring appropriate immunotherapy strategies for patients with different molecular signatures.





Data availability statement

Publicly available datasets were analyzed in this study. This data can be found here: https://portal.gdc.cancer.gov/.





Author contributions

RD designed the study, performed the major data analysis, and drafted the manuscript. WS provided funding source, designed, oversaw, and supervised the project and edited, reviewed, and finalized the paper. All the authors were involved in experimental studies. All authors contributed to the article and approved the submitted version.





Funding

Key research and development projects of Jilin Province Science and Technology Development Plan(20210204120YY).




Acknowledgments

The authors thank all the participants for their cooperation.





Conflict of interest

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





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2023.1108472/full#supplementary-material



Abbreviations

ICB, Immune checkpoint blockade; TNBC, Triple-Negative Breast Cancer; IDC, Immune depletion class; TME, tumor microenvironment; CNS, central nervous system; FDA, Food and Drug Administration; NMF, Non-negative matrix factorization; PD-1, programmed cell death protein 1; GM-CSF, colony-stimulating factor; TCGA, The Cancer Genome Atlas; GEO, Gene Expression Omnibus; ssGSEA, gene set enrichment analysis; TILs, tumor-infiltrating lymphocytes; TIDE, Tumor Immune Dysfunction and Exclusion; LASSO, least absolute shrinkage and selection operator; GDSC, Cancer Drug Sensitivity Genomics; KEGG, Kyoto Encyclopedia of Genes and Genomes; tex, T cell exhaustion; OS, overall survival; PFS, Progression free survival; ROCs, receiver operating characteristics; AUC, area under the ROC curve.




References

1. Cote, DJ, Ostrom, QT, Gittleman, H, Duncan, KR, CreveCoeur, TS, Kruchko, C, et al. Glioma incidence and survival variations by county-level socioeconomic measures. Cancer. (2019) 125(19):3390–400. doi: 10.1002/cncr.32328

2. Wesseling, P, and Capper, D. WHO 2016 classification of gliomas. Neuropathol Appl Neurobiol (2018) 44(2):139–50. doi: 10.1111/nan.12432

3. Marenco-Hillembrand, L, Wijesekera, O, Suarez-Meade, P, Mampre, D, Jackson, C, Peterson, J, et al. Trends in glioblastoma: outcomes over time and type of intervention: a systematic evidence based analysis. J Neurooncol. (2020) 147(2):297–307. doi: 10.1007/s11060-020-03451-6

4. Chin, K, DeVries, S, Fridlyand, J, Spellman, PT, Roydasgupta, R, Kuo, WL, et al. Genomic and transcriptional aberrations linked to breast cancer pathophysiologies. Cancer Cell (2006) 10:529–41. doi: 10.1016/j.ccr.2006.10.009

5. Yang, R, Li, Y, Wang, H, Qin, T, Yin, X, and Ma, X. Therapeutic progress and challenges for triple negative breast cancer: targeted therapy and immunotherapy. Mol Biomed (2022) 3:8. doi: 10.1186/s43556-022-00071-6

6. Chaudhary, LN, Wilkinson, KH, and Kong, A. Triple-negative breast cancer: who should receive neoadjuvant chemotherapy? Surg Oncol Clin N Am (2018) 27:141–53. doi: 10.1016/j.soc.2017.08.004

7. Collignon, J, Lousberg, L, Schroeder, H, and Jerusalem, G. Triple-negative breast cancer: treatment challenges and solutions. Breast Cancer (Dove Med Press). (2016) 8:93–107. doi: 10.2147/BCTT.S69488

8. Manuel, M, Tredan, O, Bachelot, T, Clapisson, G, Courtier, A, Parmentier, G, et al. Lymphopenia combined with low TCR diversity (divpenia) predicts poor overall survival in metastatic breast cancer patients. Oncoimmunology. (2012) 1:432–40. doi: 10.4161/onci.19545

9. Papatestas, AE, Lesnick, GJ, Genkins, G, and Aufses, AH Jr. The prognostic significance of peripheral lymphocyte counts in patients with breast carcinoma. Cancer. (1976) 37(1):164–8. doi: 10.1002/1097-0142(197601)37:1<164::aid-cncr2820370123>3.0.co;2-h

10. Ali, HR, Chlon, L, Pharoah, PD, Markowetz, F, and Caldas, C. Patterns of immune infiltration in breast cancer and their clinical implications: a gene-Expression-Based retrospective study. PLoS Med (2016) 13:e1002194. doi: 10.1371/journal.pmed.1002194

11. Aran, D, Hu, Z, and Butte, AJ. xCell: digitally portraying the tissue cellular heterogeneity landscape. Genome Biol (2017) 18:220. doi: 10.1186/s13059-017-1349-1

12. Clancy, T, Dannenfelser, R, Troyanskaya, O, Malmberg, KJ, Hovig, E, and Kristensen, V. Bioinformatics approaches to profile the tumor microenvironment for immunotherapeutic discovery. Curr Pharm Des (2017) 23:4716–25. doi: 10.2174/1381612823666170710154936

13. Dannenfelser, R, Nome, M, Tahiri, A, Ursini-Siegel, J, Vollan, HKM, Haakensen, VD, et al. Data-driven analysis of immune infiltrate in a large cohort of breast cancer and its association with disease progression, ER activity, and genomic complexity. Oncotarget. (2017) 8:57121–33. doi: 10.18632/oncotarget.19078

14. Galon, J, Angell, HK, Bedognetti, D, and Marincola, FM. The continuum of cancer immunosurveillance: prognostic, predictive, and mechanistic signatures. Immunity. (2013) 39:11–26. doi: 10.1016/j.immuni.2013.07.008

15. Newman, AM, Liu, CL, Green, MR, Gentles, AJ, Feng, W, Xu, Y, et al. Robust enumeration of cell subsets from tissue expression profiles. Nat Methods (2015) 12:453–7. doi: 10.1038/nmeth.3337

16. Alexe, G, Dalgin, GS, Scanfeld, D, Tamayo, P, Mesirov, JP, DeLisi, C, et al. High expression of lymphocyte-associated genes in node-negative HER2+ breast cancers correlates with lower recurrence rates. Cancer Res (2007) 67:10669–76. doi: 10.1158/0008-5472.CAN-07-0539

17. Teschendorff, AE, Miremadi, A, Pinder, SE, Ellis, IO, and Caldas, C. An immune response gene expression module identifies a good prognosis subtype in estrogen receptor negative breast cancer. Genome Biol (2007) 8:R157. doi: 10.1186/gb-2007-8-8-r157

18. Bense, RD, Sotiriou, C, Piccart-Gebhart, MJ, Haanen, JBAG, van Vugt, MATM, de Vries, EGE, et al. Relevance of tumor-infiltrating immune cell composition and functionality for disease outcome in breast cancer. J Natl Cancer Inst (2016) 109:djw192. doi: 10.1093/jnci/djw192

19. Cameron, F, Whiteside, G, and Perry, C. Ipilimumab: first global approval. Drugs. (2011) 71(8):1093–104. doi: 10.2165/11594010-000000000-00000

20. Ferris, RL, Blumenschein, G Jr, Fayette, J, Guigay, J, Colevas, AD, Licitra, L, et al. Nivolumab for recurrent squamous-cell carcinoma of the head and neck. N Engl J Med (2016) 375(19):1856–67. doi: 10.1056/NEJMoa1602252

21. Kazandjian, D, Suzman, DL, Blumenthal, G, Mushti, S, He, K, Libeg, M, et al. FDA Approval summary: nivolumab for the treatment of metastatic non-small cell lung cancer with progression on or after platinum-based chemotherapy. Oncologist. (2016) 21(5):634–42. doi: 10.1634/theoncologist.2015-0507

22. Hodi, FS, O'Day, SJ, McDermott, DF, Weber, RW, Sosman, JA, Haanen, JB, et al. Improved survival with ipilimumab in patients with metastatic melanoma. N Engl J Med (2010) 363(8):711–23. doi: 10.1056/NEJMoa1003466

23. DeMaria, PJ, and Bilusic, M. Cancer vaccines. Hematol Oncol Clin North Am (2019) 33(2):199–214. doi: 10.1016/j.hoc.2018.12.001

24. Haslam, A, and Prasad, V. Estimation of the percentage of US patients with cancer who are eligible for and respond to checkpoint inhibitor immunotherapy drugs. JAMA Netw Open (2019) 2(5):e192535. doi: 10.1001/jamanetworkopen.2019.2535

25. Sanders, S, and Debinski, W. Challenges to successful implementation of the immune checkpoint inhibitors for treatment of glioblastoma. Int J Mol Sci (2020) 21(8):2759. doi: 10.3390/ijms21082759

26. Heynckes, S, Daka, K, Franco, P, Gaebelein, A, Frenking, JH, Doria-Medina, R, et al. Crosslink between temozolomide and PD-L1 immune-checkpoint inhibition in glioblastoma multiforme. BMC Cancer. (2019) 19(1):117. doi: 10.1186/s12885-019-5308-y

27. Cloughesy, TF, Mochizuki, AY, Orpilla, JR, Hugo, W, Lee, AH, Davidson, TB, et al. Neoadjuvant anti-PD-1 immunotherapy promotes a survival benefit with intratumoral and systemic immune responses in recurrent glioblastoma. Nat Med (2019) 25(3):477–86. doi: 10.1038/s41591-018-0337-7

28. Bota, DA, Chung, J, Dandekar, M, Carrillo, JA, Kong, XT, Fu, BD, et al. Phase II study of ERC1671 plus bevacizumab versus bevacizumab plus placebo in recurrent glioblastoma: interim results and correlations with CD4+ T-lymphocyte counts. CNS Oncol (2018) 7(3):CNS22. doi: 10.2217/cns-2018-0009

29. Altan-Bonnet, G, and Mukherjee, R. Cytokine-mediated communication: a quantitative appraisal of immune complexity. Nat Rev Immunol (2019) 19(4):205–17. doi: 10.1038/s41577-019-0131-x

30. Coleman, S, Kirk, PDW, and Wallace, C. Consensus clustering for Bayesian mixture models. BMC Bioinf (2022) 23(1):290. doi: 10.1186/s12859-022-04830-8

31. The Cancer Genome Atlas Network. Comprehensive molecular portraits of human breast tumors. Nature (2012) 490:61–70. doi: 10.1038/nature11412

32. Pereira, B, Chin, SF, Rueda, OM, Vollan, HK, Provenzano, E, Bardwell, HA, et al. Erratum: the somatic mutation profiles of 2,433 breast cancers refine their genomic and transcriptomic landscapes. Nat Commun (2016) 7:11908. doi: 10.1038/ncomms11908

33. Barrett, T, Troup, DB, Wilhite, SE, Ledoux, P, Rudnev, D, Evangelista, C, et al. NCBI GEO: mining tens of millions of expression profiles–database and tools update. Nucleic Acids Res (2007) 35(Database issue):D760–5. doi: 10.1093/nar/gkl887

34. Haibe-Kains, B, Desmedt, C, Di Leo, A, Azambuja, E, Larsimont, D, Selleslags, J, et al. Genome-wide gene expression profiling to predict resistance to anthracyclines in breast cancer patients. Genom Data. (2013) 1:7–10. doi: 10.1016/j.gdata.2013.09.001

35. Subramanian, A, Tamayo, P, Mootha, VK, Mukherjee, S, Ebert, BL, Gillette, MA, et al. Gene set enrichment analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proc Natl Acad Sci U S A. (2005) 102(43):15545–50. doi: 10.1073/pnas.0506580102

36. 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

37. Li, T, Fu, J, Zeng, Z, Cohen, D, Li, J, Chen, Q, et al. TIMER2.0 for analysis of tumor-infiltrating immune cells. Nucleic Acids Res (2020) 48(W1):W509–14. doi: 10.1093/nar/gkaa407

38. Thorsson, V, Gibbs, DL, Brown, SD, Wolf, D, Bortone, DS, Ou Yang, TH, et al. The immune landscape of cancer. Immunity. (2018) 48(4):812-830.e14. doi: 10.1016/j.immuni.2018.03.023

39. Saltz, J, Gupta, R, Hou, L, Kurc, T, Singh, P, Nguyen, V, et al. Spatial organization and molecular correlation of tumor-infiltrating lymphocytes using deep learning on pathology images. Cell Rep (2018) 23(1):181–93. doi: 10.1016/j.celrep.2018.03.086

40. Mariathasan, S, Turley, SJ, Nickles, D, Castiglioni, A, Yuen, K, Wang, Y, et al. TGFβ attenuates tumor response to PD-L1 blockade by contributing to exclusion of T cells. Nature. (2018) 554(7693):544–8. doi: 10.1038/nature25501

41. Ritchie, ME, Phipson, B, Wu, D, Hu, Y, Law, CW, Shi, W, et al. Limma powers differential expression analyzes for RNA-sequencing and microarray studies. Nucleic Acids Res (2015) 43(7):e47. doi: 10.1093/nar/gkv007

42. Geeleher, P, Cox, N, and Huang, RS. pRRophetic: an r package for prediction of clinical chemotherapeutic response from tumor gene expression levels. PLoS One (2014) 9(9):e107468. doi: 10.1371/journal.pone.0107468

43. 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

44. Mlecnik, B, Bindea, G, Pagès, F, and Galon, J. Tumor immunosurveillance in human cancers. Cancer Metastasis Rev (2011) 30(1):5–12. doi: 10.1007/s10555-011-9270-7

45. Fridman, WH, Pagès, F, Sautès-Fridman, C, and Galon, J. The immune contexture in human tumors: impact on clinical outcome. Nat Rev Cancer. (2012) 12(4):298–306. doi: 10.1038/nrc3245

46. Jiang, P, Gu, S, Pan, D, Fu, J, Sahu, A, Hu, X, et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat Med (2018) 24(10):1550–8. doi: 10.1038/s41591-018-0136-1

47. Horvath, L, Thienpont, B, Zhao, L, Wolf, D, and Pircher, A. Overcoming immunotherapy resistance in non-small cell lung cancer (NSCLC) - novel approaches and future outlook. Mol Cancer. (2020) 19(1):141. doi: 10.1186/s12943-020-01260-z

48. Wang, H, Xu, T, Huang, Q, Jin, W, and Chen, J. Immunotherapy for malignant glioma: current status and future directions. Trends Pharmacol Sci (2020) 41(2):123–38. doi: 10.1016/j.tips.2019.12.003

49. Chen, YP, Wang, YQ, Lv, JW, Li, YQ, Chua, MLK, Le, QT, et al. Identification and validation of novel microenvironment-based immune molecular subgroups of head and neck squamous cell carcinoma: implications for immunotherapy. Ann Oncol (2019) 30(1):68–75. doi: 10.1093/annonc/mdy470

50. Sia, D, Jiao, Y, Martinez-Quetglas, I, Kuchuk, O, Villacorta-Martin, C, Castro de Moura, M, et al. Identification of an immune-specific class of hepatocellular carcinoma, based on molecular features. Gastroenterology. (2017) 153(3):812–26. doi: 10.1053/j.gastro.2017.06.007

51. Tay, RE, Richardson, EK, and Toh, HC. Revisiting the role of CD4+ T cells in cancer immunotherapy-new insights into old paradigms. Cancer Gene Ther (2021) 28(1-2):5–17. doi: 10.1038/s41417-020-0183-x

52. Duan, Z, and Luo, Y. Targeting macrophages in cancer immunotherapy. Signal Transduct Target Ther (2021) 6(1):127. doi: 10.1038/s41392-021-00506-6

53. Kahan, SM, Wherry, EJ, and Zajac, AJ. T Cell exhaustion during persistent viral infections. Virology. (2015) 479-480:180–93. doi: 10.1016/j.virol.2014.12.033

54. Bai, R, Lv, Z, Xu, D, and Cui, J. Predictive biomarkers for cancer immunotherapy with immune checkpoint inhibitors. biomark Res (2020) 8:34. doi: 10.1186/s40364-020-00209-0




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 © 2023 Ding, Wang, Fan, Tian, Wang, Qin, Su 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.


OEBPS/Images/fonc-13-1108472-g007.jpg
>
@

o a4
8 2
£, ]
g% ]
2?4 T
Lo
s
2 =
284 s |
.,l n T T T T
g
s =10 -8 -6 -4
5, Log Lambda
[ 148 146 144 141 134 120 106 83 61 44 31 15 9 8 5 3 2
2 ] ]
g s
! .
B
08
e 4 Es
§
g
28
55
=
=)
S
o B e S
log2 (fold change) -

o
o

Riskeim high == low
1.00 =
®
3
— 075 =
£ £
H 3
= 050 3
é a
Log-rank
%1 p<o0001
000 o -
0 2000 4000 6000 8000 ® High risk =
Time(days) @ o low Risk /
Number at risk g
-} 94 10 4 1 o
= 454 107 17 5 3 i
Cumulative number of events
-l 80 102 104 106
=0 1" 21 21 21

T T T T T
[ 200 400 600 800

m
m

Risk== high == low

1.00 §
075 % N
£ s 8
= 2
% 0.50 E =
T L
' g
802s] Logmrank! 3 8
L P <0.0001; o
'
0.00 ' 0 50 100 150 200
) 2500 5000 7500 10000 Patients (increasing risk socre)
Time(days) - ® Highrisk }
Number at risk o ® low Risk )
— 40 19 3 0 2 | .
100 66 40 9 1 T | i .
Cumulative number of events T | '
—D 55 64 69 69 B B T eeemee]
] 29 37 40 41 i "
L T T T T T
0 50 " 100 150 200
G H Patients (increasing risk socre) |
e - =) = 1.00-
8
E 3 i
B o
2
& 075~
© z o 8
= 3 o =
H 2 H
3% — Mucugyemesore | § ¥ —— AUCal3 years = 0.509 g 050- 1 Exhaied
o —— AUCat5 years =0.794 —— AUCat5 years = 0.656 g 2 Rest
S E
—— AUC at 10 years = 0.746| ~—— AUCat 10 years = 0.689 B 025
2. a ] [4
< T T T T T T = T T T T T T
Ll L o4 os L 1o 00 02 04 06 08 10
0.00~

1-Specicity . ; 4
1-Specificity Sow Hgh





OEBPS/Images/fonc.2023.1108472_cover.jpg
& frontiers | Frontiers in Oncology

Identification of immunosuppressive
signature subtypes and prognostic risk
signatures in triple-negative breast cancer





OEBPS/Images/fonc-13-1108472-g009.jpg
- ©
© w0
o hi
[11] o
= =
< <
o a
= =

ek

MCF-10A
MCF-10A

w o W o w o + o & = o
N & ¢ < o s

[9A3] uoissaidxa YNYW Laoad 2M3elsy [2A9] uoissaidxa YNYW 1aoad 2AleRy

MDA-MB-231
MDA-MB-453

sk

<
o
N
w
o
=

© © A o~ o A © o~ E o o
193] uoissaidxa YNYW Lg491 aAneRy 19A3] uoissaidxa YNYW LE4D1 AneY
P~ d om





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Identification of immunosuppressive signature subtypes and prognostic risk signatures in triple-negative breast cancer

      

        		

          Purpose

        



        		

          Patients and methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          Introduction

        



        		

          Materials and methods

        

          		

            Data download and processing

          



          		

            Identification of the immune depletion class using unsupervised clustering analysis

          



          		

            Validation of the late-stage IDC to confirm immune cell depletion

          



          		

            Correlations between IDC and resting class PD-L1 and TGF-β expression and the ICB response

          



          		

            Construction of clinically relevant prognostic models

          



          		

            Correlation of drug sensitivity with TNBC gene expression profile

          



          		

            Reverse transcriptase-PCR Analysis

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            Identification and characterization of a novel TNBC IDC immunosuppressive signature

          



          		

            Internal validation of the late-stage TCGA TNBC IDC immunosuppressive molecular signature

          



          		

            Poor prognosis of TNBC patients with immunosuppressive IDC signatures

          



          		

            The IDC immunosuppressive signature correlates with immunotherapy resistance

          



          		

            IDC molecular signatures possesses no significant tumor mutational differences

          



          		

            Construction and validation of the prognostic model

          



          		

            IDC immunosuppressive signatures can be useful for predicting the chemotherapeutic response

          



          		

            TNBC gene expression level verification via quantitative reverse transcription PCR

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-13-1108472-g005.jpg
A

D

a
&
)
e

Relationship between CTLA4 and TGFB1
t5tuent(1220) = .41, p = 2.44€-20, Ppgaruan = 0.26, Class, [0.21,031],

s0-

] 5 1o 15 2

G10ado
loga (BFor) = ~30.50, Fiaran - 0.26, 24 [0.21, 031, 23 - 1.41

Relationship between BTLA and TGFB1
t51uen(1220) - 688, p - 9.408-12, Ppgarson - 0.19, Class, [0.14,0.25],

s0-

s 20 d16ado

loge BFo1) - ~20.08, T3 - 0,19, CIE 0,13, 0,241, 1123 - 1.41

Relationship between IDO1 and TGFB1
tougeni(1220) < 1.77, P~ 0.08, Fruacsan - 0.05, Class, [-5.53€-03, 0.11

s0-

200 300 b0
D01

1og, BFor) - 156, 22 - 0.05,CHEL -4 47e-03,0.111 123 141

G16ad0.

TGFB1

TGFB1

o
4
S
e

B Relationship between PDCD1 and TGFB1
tsudert(1220) = 11.32, p = 2.56€~28, Tagarson = 0.31, Class;, [0.26, 0.36

e

s0-

20 16000

6 5 1o s

loga BF() - ~57.66, B2umer - 0,31, CILE (0.25, 0,36, 128 - 1.41

E Relationship between TIGIT and TGFB1
tsusent(1220) - 9.13, p - 2.848-19, Ppaaon - 0.25, Closs, [0.20, 0.30),

-

0- o

50-

3 om0

TIGIT
log, BFor) - ~37.08, Maecy - 0.25, CIEEL 020,030, 5 - 141

Relationship between SIGLEC7 and TGFB1
t5u0er(1220) - 14.14, p - 373642, Fppason  0.38, Class, 0.33, 0,42

100~ -

6 o10000

SIGLECT
loge BFo1) - ~69.25, 045 - 0.37, CIERL 033, 0431, 723 - 141

c Relationship between LAG3 and TGFB1

TGFB1

tstudent(1220)

5.89, p - 4.97€-09, Fagarsen = 0.17, Clags, [0.11, 0.22], My = 1,222

o16at0

LAG3
10ga BF 1) - ~13.95, Earmmn - 0.17, CI40% [0.11,0.22) rZ3 - 1.41

F Relationship between HAVCR2 and TGFB1
tsutent(1220) - 13.12, p - 695037, Truarson ~ 0.35, Closs [0.30, 0.40], Npais ~ 1,222

TGFB1

TGFB1

100-

s0-

3 G10ad0

HAVCR2
10ge BF 1) = ~77.21, Waseee - 0.35, CI42% [0.30,0.40]. 725 - 1.41

Relationship between VISTA and TGFB1
to10eni(1220)  1.98, P~ 0.05, Frcarson ~ 0.06, Cls, [4.008-04, 0.1, Mpuys - 1,222

100-

s0-

-~ . L)
E E 7s
VISTA

loge BFo:) - 1.18, F5zkie - 0.06, O, [2.18e-05,0.1) 25 - 1.41

160 d1dado





OEBPS/Images/fonc-13-1108472-g003.jpg
A

age

stage

T stage

M stage

N stage

group

TCGAearly-stage -+ pepietion ~+ Rest
100

100
078 o7
2 2
H H
Zoso Tw
i | H
: H
Log-rank ;
025 ! 025
<0001 :
000 i 00
G 0 0 o0 £ ) 0 o0 0 )
Time(days) Time(days)
Number at risk Number at risk
—1s2 s 2 1 —a 4 o o
s 18 19 7 178 % 1 o
Cumulative number of events Cumulative number of events
= 2 31 3t 2 et 12 2 2 2
=g 2 E @ 2 -0 u & 41 41
TCGAall stage + pepletion - Rest D GSE16446 all stage s Depletion - Rest
100 100
075 Zors
2 2
2 £
3 ! 5 !
Log-rank : ;
G ’ oz :
p=0.00028 : p=000195 !
000 i a0 |
] 200 500 a0 a0 3 EJ 000 0 0
Time(days) Time(days)
Number at risk Number at risk
—1e a7 2 1 —a 2 18 2
—s 154 2 s — 31 1 o
Cumulative number of events. Cumulative number of events
-0 2 a @ “ -0 1 3 4 4
=g s & a2 5 —p 3 6 6 s
pvalue Hazard ratio 1 pvalue Hazard ratio :
<0.001 2222(1.551-3.182) - age <0.001 2.312(1.610-3.320) -
<0001 2671(1.876-3.803) stage 0,002 2.763(1.434-5.324) |
0,003 1.839(1.238-2.734) Tstage 0964 0.988(0.582-1.676) H
<0.0016.560(3.683-11.662) = Mstage <0.0014.298(2.274-8.123) o
<0.001 2416(1.621-3.602) Nstage ~ 0.957 0.984(0.537-1.800) i
<0.001 0512(0.354-0.740) group  <0.001 0.402(0.272-0.594) !
——T T T
0 2 4 6 8 10 0 4
Hazard ratio Hazard ratio

TCGA late-stage

<= Depletion < Rest






OEBPS/Images/fonc-13-1108472-g001.jpg
TCGA early-stage n=83

Cluster1 cluster2 cluster 3 cluster 4
Early-stage
ar - P —
o =
I
us |~- I
- Immunescore
d R LU
] ‘enrichment score
Lo high
o C  custert
—= o |1
= 08 e T T T T Mestcell
o R e o
02 o8 Fonaehts oot
Rabmenr
k 04 S8 Rory coa oo
Acihate acmmmu
02 o deta
ST e e ot
R
¢ e Sendrhe
low N:Iur-\ o o VCDB 7o
s
efod CD4 T ool
‘ e
b e
D Early-stage g ket o
S mmunu-stromal custer B Rest
ns ns ps "™ nsnsnsns ** ons*™ * * * nsnsns ns * nsns E
06 o8 Early-stage Early-stage
. !
go4
E
8 i . 086
go2 .0 é -* “ . \ £
5 o g
- JHJJ.* D ".A._l.iu_:ﬁ.;dﬁ Eu
S R T
bas’ @ 5 /\& @a&@@«@ ‘:50& 5 é, 9&\@ g
Q\f&&@%ﬁ s ¥&<° qp& \ @y‘\p w& \\-/ d} \»* 3
PN 5% SL
d}\a‘}o"“p& @q%@ RO é“ (\“o,\@@&'b V\\,f 02
¥ & o Ca
S 3 S < &
¢ S
Ca
F Early-stage & 5
a- kEkE o 6- B Immunu-stromal cluster Rest
o4
3, =5 i G TCGA early-stage n=83
1 9.2 2 oo 0.
5 - g 1 32 ey
4] a %P <> =
! ; — v ; ! B
depletion Rest depletion Rest depletion Rest =
e ow R 3 5 kkk E:
<% e ' =
£ o . | i
B 3 S 5 | e
5 £ 4 o 1=
== ! ] =
4 5 L o S
depletion Rest depletion Rest depletion Rest
e S —— r = o N
5 sol g £.] |
g g 2 - e | —
L= ] N s
-25- . . . i . ' AP R e peons:
depidion  Rest depision Rost depision Rest

o100
|

; r cour—
L : e

are "dedritic cell

“gytokine,
Feceptoy

rHemotaxis"

celicell
adhejon”

"reqigtion of._

KEGG pathway
signature






OEBPS/Images/fonc-13-1108472-g006.jpg
A B (o] D Top 10

Variant Classification Variant Type SNV Class
mutated genes

aissense_yation | v [0 7p53 R 12%

SNP
Nonsense_utation [} o e USH2A [ 3%
. S l AHNAK [ 3%
A mc -42 PIK3CA I 3%
Splice_Site | INS NOTCH1 [l 3%
Frame_Shift_ins I ADA;IJEl:g B ;:
i o6 . 2% E
in_Frame_Del e DNAH11 [l 3%
in_Frame_ins | oA l 18 AHNAK2 [ 3%
AKAPY Il 2%
LI B B B B B | B E—
E E EEEEE s 8 8 8 s & 8 & 8§ |—|—|—|
= EF % b S s S S N o & e
- «
P53 I
AHNAK
USH2A
AHNAK2
DNAH11
DNAHS5
MuUC16
NOTCH1
PIK3CA
AKAP9
EP300
MLL2

= Missense_Mutation = Frame_Shif_ins In_Frame_Del = In_Frame_ins
= Nonsense Mutation = Frame_Shift Del = Splice_Site = Multi_Hit





OEBPS/Images/fonc-13-1108472-g008.jpg
—~

.

rest

A

h

A
y

Depletion

low

4

high

quinsog I ajexenoten quansog o sjexanoupy
%)
* m c *
2 ~ g e
// \/ 5 L / n \\\ L
W AW A Ny N
\ \\ // \ /(/ .
\/
upkwoelg [0} ueyoiduen upAwoalg (o) upeyoiduey
* * m m
\J i o / X \\\/
B = SN A A A
/\ y 8 h \ 8 // \\ W
£ b — \ 4
quiges W opwopeuer quigen = spuwopieue
-8 — § |~ A§ -3 '@
%)
* i - * ¢ al
y // \ N P 9
| j ol 1| £ e //J! £ |-3|R,\ \an -5 —e< -
= £ — - 2 - —
B 2 " E /\ // \
A N\ / / _
° b e:&m“,om ° ° w pisodor quajelos M apisodojg

low

high

high

high

low

high





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





OEBPS/Images/fonc-13-1108472-g004.jpg
A PD-L1 exprssion early-stage B PD-L1 exprssion late-stage

Fkk l *

Deplétion Rést

PDL1

PDL1

c TIDE-value early-stage D TIDE-value late-stage
* 0s0- *
E TGFB1-early-stage F TGFB1-late-stage
* ! 100- * 3
g E 50 :
i ! .
50 L :
. H i
|

Depletion Rest Depletion Rest





OEBPS/Images/M1.jpg
Risk score = )

,coefi Xid

(1)





OEBPS/Images/fonc-13-1108472-g002.jpg
Late-stage

cluster

C Late-stage

[T

T © L e R S e

e
=

°
5

Cell composition
°
=

°
S

°
S

@

@P@v& s&w@a@yﬁ

@g@é’@@,\\ b&"&“

5
f & Py e’
F1P S o c
St @,,«@ \ \» f < PF ,b <
ity
E «
«-
*hx P *hx
-
3 =% s
- “— g 5o
) = =
Depléton Rest Deplétion Rest Depiction Rest
1
"k 5. WRR »
0- o 84
s, g s
5 s F s L £
o
S o
Depletion Rest Deplétion Rést Depiétion Rést
400+ dkk * 2 ke
20e . -
- el
o 5 o e
5 x0- 8
B — g2 20
101 ] 3 o
o 0= 0-
Deplétion Rest Deplétion Rést Depléton Rest

B
TCGA late-stage n=220

[ m

o --

| il i 1 | Activated B cell
i i | I Activated CD4 T cell
SO T Activated CD8 T cell

'CDS6bright natural killer cell
ol il e

Central memory CD4 T cell
Central memory CD8 T cell
Effector memeory CD4 T cell
Effector memeory CD8 T cell
Mast cell

MDSC

* BN | NNEINE 00T WEEND N N NN MMM 1 eosinopri

m

100

Sensitiity (%)

Gamma delta T cell
Immature B cell
Monocyte

Natural kiler cell

Natural killer T cell
Neutrophil

Plasmacytoid dendriic cell
Regulatory T cell

T folicular helper cell
Type 1 T helper cell

il J]I lﬂnwmaeﬂT helper cell
LE Type 2 T helper cell

RUUMEIE Il BIERIE
i T'll llllllifll il

[0 AR A1 K
VT

LA 4l 1 1l

positive regulation
of MAPK cascade

leukocyte migration

80

60

40

20

100

o0f
Immunu-stromal cluster
50 0





